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“Diversification is both observed and sensible; a rule of behaviour which 

does not imply the superiority of diversification must be rejected both as a 

hypothesis and as a maxim.” 

Harry Markowitz 
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Abstract 

Risk-factor diversification has attracted a great deal of attention since the 2008 Global 

Financial Crisis. The academic research in this field, however, has centred on 

analysing investment performance with little research in other areas. Motivated by 

industry interest and a paucity of academic research in the field, this thesis examines 

the behaviour of risk-factor diversification. Specifically, it examines performance, 

return correlation, and return predictability. This thesis makes a number of original 

contributions to academia and the practical management of investment portfolios. 

The first empirical chapter examines the performance of risk-factor diversification 

across a number of dimensions. Even when limited to U.S. stock and bond risk factors, 

the evidence indicates that risk-factor diversification offers the potential to outperform 

asset-class diversification. However, unlike previous studies, this thesis does not find 

that risk-factor diversification is universally superior to asset-class diversification 

across all market environments and time periods. The second empirical chapter 

explores the exceedance correlation between risk-factor returns and reveals three 

distinguishing empirical facts: exceedance correlations are generally symmetric; where 

asymmetries exist, positive asymmetries are as common as negative; and normality is 

rejected for both positive and negative exceedance correlations. Examining (bivariate) 

risk-factor portfolio returns, this chapter also reveals that they are largely symmetric 

for all but the most extreme returns. Finally, the third empirical chapter explores the 

predictability of risk-factor investment returns. The findings provide evidence that 

forecasts of risk-factor returns are economically and statistically significant; however, 

effectiveness is found to vary depending on the risk factor, the forecast model, and 

economic conditions employed. 

This thesis broadens the literature on risk-factor diversification by exploring topics 

which have previously received little or no attention in literature. The empirical 

findings of this thesis will help guide practitioner usage of this approach and provide a 

deeper foundation for further academic studies.   
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1 Introduction 

1.1 Overview and rationale 

Diversification has always played an important role in investing. Traditionally, 

investors and academics have focused on diversification across asset classes; however, 

an emerging literature argues for diversification across risk factors. To date, the 

literature on risk-factor diversification has focused on performance with little attention 

directed at other aspects of this alternative diversification approach. The apparent 

benefits of risk-factor diversification along with the lack of in-depth research in this 

burgeoning field motivate this thesis.  

Up until 2009, the literature on risk-factor diversification was limited to less than a 

handful of papers. However, the publication of a study into the management of the 

Norwegian Government Pension Fund, authored byAng, Goetzmann and Schaefer 

(2009), drew attention to the concept of risk-factor diversification and became a 

catalyst for academic and practitioner research in this topic. Since this report, many 

professional investors have begun to focus attention and publish on this topic and 

many of the world’s leading fund managers have adopted this new investment 

approach in some way.
1
 Despite the modest academic body of literature exploring the 

topic, risk-factor diversification is playing an increasingly important role in the 

investment management industry. 

The central theme of this thesis is the behaviour of risk-factor diversification. 

Specifically, this thesis focuses on three topics: performance, return correlation and 

return predictability. The research to date has focused on arguing the benefits of risk-

factor diversification; however, this only scratches the surface of how this approach 

performs, what influences performance, and its potential. This thesis aims to contribute 

                                                 

1
 According to Morningstar (2014), as of December 31, 2014, approximately $393 billion was invested 

under the risk-factor framework. Practitioner research has been published by index providers (Bender et 

al., 2013), investment managers (Pappas and Dickson, 2015) and investment consultants Callan (2012), 

among many others.  
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to the literature on risk-factor diversification by deepening the empirical knowledge of 

its performance, correlation characteristics, and return predictability. 

Unlike previous studies in the field of risk-factor diversification, this thesis employs 

risk-factors that have an extensive supporting literature. The existing research in this 

field has utilised risk-factors styled on a wide variety of investment markets, asset-

classes, and sophisticated investment strategies. In contrast, this thesis approaches the 

topic from an academic perspective, drawing on theory and empirical evidence to 

guide the selection of the risk-factors employed in its analysis. It is intended that this 

approach will provide greater clarity to the research questions explored within the 

thesis. 

Motivated by the work of Clarke, de Silva and Murdock (2005), Bender et al. (2010), 

and Ilmanen and Kizer (2012), the first study in this thesis examines the empirical 

performance of risk-factor diversification. Consistent with earlier works, the findings 

highlight the strong performance of risk-factor diversification relative to the traditional 

asset-class approach. This analysis extends the literature by demonstrating relatively 

strong performance when the approach is restricted to risk factors derived from U.S. 

stocks and bond markets only. Furthermore, this evidence is consistent across different 

portfolio selection techniques. Exploring performance further, however, the thesis 

shows, for the first time, that the strong performance of risk-factor diversification is 

not unconditionally superior to that of the asset-class diversification approach. This 

thesis offers evidence of relatively better risk-adjusted returns during some—but not 

all—periods of market stress. For the first time, this thesis highlights that risk-factor 

diversification faces investment headwinds when markets are turbulent or during 

economic recessions. Additionally, the outperformance of risk-factor diversification 

above asset-class diversification has weakened over time and lacks statistical 

significance in recent periods.  

The second empirical chapter of this thesis explores the more novel area of correlation 

between risk-factor investment returns. The extant finance literature highlights the 
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propensity of investment return correlations to increase towards one in volatile 

markets. While there is an extensive literature in this area, there are no studies which 

focus specifically on risk-factor investment returns. To fill this gap in the literature, the 

second empirical study explores the correlation dynamics of risk-factor investments. 

The findings in this study show that the correlation dynamics of risk-factor 

investments are complex, varied, and distinct from those highlighted in the wider 

finance literature. Exploring the impact of return correlations, the study also 

demonstrates that the return distributions of risk factor portfolios are generally 

symmetric for all but the most extreme returns. These findings are unique and stand in 

contrast to those highlighted in the broader finance literature. 

The final empirical chapter delves into what is a heavily researched field in the finance 

literature, but one that has received little attention in the context of risk-factor 

diversification—return predictability. Following Rapach, Strauss and Zhou (2010), the 

third empirical chapter of this thesis explores the effectiveness of combination 

forecasts in predicting risk-factor investment returns. The results reveal that 

combination forecasts have the potential to provide economically and statistically 

significant forecasts of risk-factor investment returns. The effectiveness of these 

forecasts is shown to vary across model specifications, risk factors, and economic 

conditions. 

1.2 Key research questions 

Since its publication in 2009, the report into the performance of the Norwegian 

Government Pension Fund (Ang et al., 2009) has served as a catalyst for interest in the 

risk-factor diversification approach. Despite investor interest and the increasing 

adoption of this approach in industry, academic research into the topic has been limited 

and it is only in the last few years that research has begun to flourish. This investor 

interest, coupled with the dearth of academic literature in the field, inspires the 

research questions in this thesis, all of which are an exploration of the behaviour of 

risk-factor diversification.  
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The first research question is directed toward performance. While Bender et al. (2010), 

Ilmanen and Kizer (2012), Bird, Liem and Thorp (2013) and others have demonstrated 

the relatively strong performance of this approach, very little attention has focused on 

performance under different market conditions. These papers, and others, argue the 

superiority of risk-factor diversification but do little to explore how robust these 

findings are. This thesis tests the performance of risk-factor diversification across a 

number of dimensions: periods of market stress, portfolio selection techniques, and 

time-periods. How these variables impact on the performance of risk-factor 

diversification is an issue of particular relevance to investors considering the adoption 

of this approach. 

The second research question explores the correlation between risk-factor investment 

returns. Although this area has received minimal attention in the risk-factor 

diversification literature, there is a rich body of work in the wider finance literature to 

draw on. Longin and Solnik (2001), Butler and Joaquin (2002), Ang and Chen (2002) 

and others show that investment return correlations differ depending on the sign of the 

returns. That is, investment return correlations are generally asymmetric, with 

correlations between negative returns higher than those between positive returns. This 

has implications for portfolio allocations and returns, and can result in investors 

overestimating the benefits of diversification. The second research question asks if this 

phenomenon occurs in risk-factor investments and what its impact is on investment 

portfolio returns. This question is considered in the context of comments by Bender et 

al. (2010), Ilmanen and Kizer (2012) and Page (2010) who have argued that the low 

correlations between risk-factor investments are a reason for the strong relative risk-

adjusted returns of this approach. This thesis rigorously tests this argument by 

analysing the correlation dynamics of risk-factor investments and exploring their 

influence on portfolio returns. 

Finally, the thesis poses the question of whether risk-factor investment returns are 

predictable. While extensively explored in the wider finance literature, this question 
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has not been explored in the context of risk-factor diversification. Following the work 

of Rapach et al. (2010), the third research question examines the effectiveness of 

combination forecasts as applied to risk-factor investments. Statistical significance is 

often employed to evaluate return forecasts; however, the relationship between 

statistical and economic significance is often complex. As such, the research question 

is approached from both an economic and statistical perspective. 

All three research questions are explored in the context of relatively simple and 

academically robust risk factors. Previous research has employed a range of 

sophisticated and often complex risk factors to demonstrate the advantages of this 

approach. In an attempt to clarify and simplify the analysis, this thesis restricts the 

candidate risk factors to those that are widely explored and critiqued in the literature. 

Additionally, they are drawn from a single geographic market, the U.S., in an attempt 

to simplify the interpretation of results. 

1.3 Thesis structure and research contributions 

The final section of this introductory chapter outlines the structure of the thesis and the 

relevance and contribution of each chapter. Chapter 2 provides a review of the 

literature relevant to this thesis. It explores the research which provides the context, 

empirical constructs, and analytical tools essential for evaluating the behaviour of risk-

factor diversification. 

Chapter 3 explores the data employed to construct the risk-factor investment returns 

which are analysed in each of the empirical chapters of this thesis. 

Chapter 4 is the first empirical chapter which evaluates the performance of risk-factor 

diversification. This chapter shows that even when investors are restricted to U.S. 

stocks and bonds, risk-factor diversification performs relatively well. The study 

demonstrates that risk-factor portfolios achieve higher risk-adjusted returns than a 60-

40 portfolio across a range of different portfolio selection techniques. While it is found 

that the approach also outperforms during bear markets in U.S. stocks and tightening 
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U.S. monetary cycles, risk-adjusted performance is less convincing during periods of 

broad-based investment market turbulence and economic downturns. Furthermore, it 

appears that the outperformance of risk-factor diversification has decreased over time. 

This chapter reveals for the first time that the risk-factor approach is not universally 

superior to the asset-class approach in all market scenarios. 

Chapter 5 analyses the dynamics of the correlations between risk-factor investment 

returns and their impact on portfolio returns. Using multiple specifications of the 

correlation asymmetry tests of Hong, Tu and Zhou (2007) and Ang and Chen (2002), 

this chapter identifies three unique characteristics of risk-factor investment return 

correlations. First, empirical evidence shows that exceedance correlations between 

risk-factors are generally symmetric. Second, where asymmetries are found, evidence 

of both positive and negative asymmetric relationships are revealed. Third, the 

assumption of bivariate normality is rejected for both positive and negative exceedance 

correlations in risk-factor investments. These three empirical characteristics are 

distinct from previous results presented in the wider finance literature. Furthermore, 

this chapter analyses the impact of correlation structure on portfolio returns. It finds 

that the majority of risk-factor portfolios tested are symmetric in the extreme tails of 

the portfolio return distributions for all but the most extreme returns. The implications 

of these results are that risk-factor investments exhibit dependence structures that 

differ from those widely reported in the investment literature, and, moreover, these 

characteristics positively impact on the effectiveness of diversification among risk-

factor investments. 

Chapter 6 explores the effectiveness of risk-factor investment return forecasts. This 

analysis contributes to the literature by demonstrating that the combination forecast 

approach of Rapach et al. (2010) is effective within the risk-factor framework. This 

chapter provides evidence that combination forecasts of risk-factor returns are 

statistically significant. The effectiveness of forecasts, however, varies across risk 

factors, combination weighting techniques and economic conditions. Exploring the 
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portfolio selection implications of this finding, the chapter reveals empirical evidence 

that combination forecasts for five of the six risk factors offer utility gains over 

sample-based forecasts. That is, return forecasts are also economically significant. This 

empirical finding does not extend to multi risk-factor portfolios, however, where 

combination forecasts are found to be ineffective. 

Chapter 7 closes the thesis with a summary of the conclusions drawn from the three 

empirical chapters and an overview of the relevance, research contributions and policy 

implications of the thesis. This chapter also highlights avenues for further research and 

ends with concluding remarks.  
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2 Literature Review 

2.1 Introduction 

The topic of risk-factor diversification draws from many fields within the finance 

literature. This review focuses on those topics that provide the context and motivation, 

empirical constructs, and analytical tools essential to this thesis. With these objectives 

in mind, this literature review is structured as follows. Section 2.2 begins the review by 

examining asset-class diversification, the prevailing approach to investment portfolio 

diversification. The theory, practice and empirical evidence related to asset-class 

diversification provides the context for evaluating the behaviour of risk-factor 

diversification, and offers a point of comparison for this alternative approach. Section 

2.3 explores the theory, practice, and empirical evidence related to risk-factor 

diversification. Although it is a relatively new and emerging literature, the research on 

risk-factor diversification influences and motivates the research questions explored in 

this thesis. These first two sections of the literature review set the context and 

motivation for the thesis. 

Two important constructs are required to analyse the behaviour of risk-factor 

diversification, a means of combining investments within a portfolio and the 

specification of those investments. Section 2.4 explores the means of combining 

investments in a portfolio selection framework. This section reviews the evolution of 

modern portfolio theory from classical mean-variance analysis to the contemporary 

techniques employed by investors and academics today. It highlights the portfolio 

selection techniques which provide the means of combining the risk-factor investments 

employed throughout this thesis. Section 2.5 reviews the literature which guides the 

selection of the risk-factor investments themselves. Previous studies have approached 

the selection of risk-factors somewhat arbitrarily, partly due to the lack of clear 

guidance in the literature. This section focuses on six risk factors that are each subject 

to a deep and broad literature. These six risk factors, market, value, size, momentum, 

term and credit, are subsequently employed in the three empirical studies of this thesis. 
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Together, Sections 2.4 and 2.5 review the empirical constructs necessary for evaluating 

risk-factor diversification. 

Section 2.6 explores the particular literature that informs each of the three empirical 

chapters. Specifically, the three empirical studies focus on performance, return 

correlation, and return predictability, all of which have been explored in great depth in 

the finance literature. This section reviews the germane research in each of these three 

fields and identifies gaps in the literature as they relate to risk-factor diversification. 

This section reviews the analytical tools for evaluating risk-factor diversification. 

Section 2.7 concludes the review by summarising the main issues emerging from the 

literature which guide and inform this thesis. More specifically, this section identifies 

the gaps in the literature and summarises the research questions of this thesis. 

2.2 Asset-class diversification 

Asset-class diversification is the prevailing approach to portfolio diversification. It is 

widely accepted in industry and heavily researched and supported in academia. Risk-

factor diversification is an emerging approach to diversification, and, while it is 

increasingly employed in industry, it is sparsely researched in academia. This 

emerging approach is simply an alternative perspective on diversification. The 

objective of this section, and the thesis itself, is not to dismantle the asset-class 

framework and position risk-factor diversification as a superior alternative. Instead, the 

objective of this section is to establish the context and motivation for research into 

risk-factor diversification. Additionally, asset-class diversification is important in the 

context of the first empirical study as it offers a point of comparison for evaluating the 

performance of risk-factor diversification. 

The section begins with an exploration of portfolio diversification, a field heavily 

influenced by Markowitz (1952). The next section proceeds with a discussion of the 

Capital Asset Pricing Model (CAPM) of Sharpe (1964) which underpins the theory 

supporting asset-class diversification. Next, the practice of asset-class diversification 
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is explored along with its evolution over the recent decades. This is followed with a 

review of the empirical findings related to asset-class diversification which are relevant 

to this thesis. The theory, practice, and empirics of asset-class diversification form an 

important part of the motivation behind research into risk-factor diversification. 

2.2.1 Theory 

This thesis aims to analyse the behaviour of diversification across risk factors. The 

modern perspective on diversification begins with the formative work of Markowitz 

(1952) who was the first to address the topic in a scientific manner using what is now 

referred to as mean-variance analysis (MVA). Markowitz (1952) proposes that it is 

possible to combine investments in such a way as to minimise total portfolio variance 

for a given level of return, or maximise return for a given level of variance, and this 

combination, defined as efficient, can be determined explicitly through MVA. 

According to Markowitz (1952), risk-averse investors, in theory, choose an efficient 

investment portfolio so as not to bear unnecessary risk. This approach to combining 

risky investments in a portfolio is known as Modern Portfolio Theory. 

Although portfolio return variance can be reduced through MVA, it cannot be removed 

completely. Markowitz (1952) noted that there is a high level of covariance between 

investments due to common economic exposures. While MVA provides a framework 

for reducing overall portfolio volatility, it cannot be eliminated completely; a portfolio 

of risky investments can still be exposed to the common risk that exists among 

investments. That is, according to Markowitz (1952), investors still bear some level of 

risk even in an efficient portfolio. 

The work of Markowitz (1952) provides the basis for two concepts relevant to the 

research questions explored in this thesis. First, this thesis is essentially an exploration 

of an alternative approach to diversification. Markowitz’s framework built the 

foundation and provides the framework for evaluating effective portfolio 

diversification. Second, his argument that investors should avoid bearing risk 

unnecessarily paved the way for research into the relationship between risk and reward 
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in the field of asset pricing, a strand of research which provides the theoretical 

foundation that underpins risk-factor diversification. 

The seminal contribution in this field is the capital asset pricing model (CAPM) 

developed by Sharpe (1964).
2
 The CAPM articulates the relationship between risk and 

return, and argues for the existence of a single rewarded risk that is common across all 

risky investments. Building on the work of Markowitz (1952), the CAPM 

differentiates between risk that can be removed through efficient diversification, 

diversifiable risk, and risk that cannot, non-diversifiable risk. An efficient portfolio is 

exposed to non-diversifiable risk only, and it is this risk that the CAPM argues is 

compensated with a return premium above a risk-free asset. Furthermore, the CAPM 

argues that this undiversifiable risk, or systematic risk, is the only risk that should earn 

a return premium. The CAPM is important in the context of this thesis as it establishes 

the concept of a rewarded risk factor and provides a foundation for later asset-pricing 

theories, which support the concept of risk-factor diversification. 

There is an inextricable link between the theory of the CAPM and the practice of asset-

class diversification. To achieve efficient diversification under the CAPM framework, 

investors hold a portion of every available investment in a construct referred to as the 

market portfolio. Diversified across all available investments, this portfolio is exposed 

to systematic risk only. To achieve their desired level of investment risk, investors 

adjust their exposure between the market portfolio and risk-free asset. That is, the 

CAPM provides a framework for constructing investment portfolios which requires 

investors to allocate to the market portfolio, as a means of diversifying as widely as 

possible, and to size this asset allocation according to their individual risk-preferences. 

As will be discussed in the next section, these theoretical mechanisms are consistent 

with the real world practice of asset-class diversification, thus linking theory with 

practice.  

                                                 

2
 Lintner (1965), Mossin (1966), and Black (1972) further developed the CAPM. It is also noted by 

French (2003) that Treynor (1961, 1962) concurrently developed the concept of the CAPM along with 

Sharpe. 
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2.2.2 Practice 

As highlighted above, the CAPM introduces the concept of a single systematic risk and 

also provides a framework for constructing investment portfolios. In particular, it 

demonstrates that all investors hold a share of a common portfolio and they adjust the 

relative size of that holding to suit their individual risk-preferences. Not only are the 

market portfolio and risk-free asset integral components of the theory supporting asset-

class diversification, but they are also important to its practice. The real world 

equivalents of these two theoretical investments are stocks and bonds (or cash), which 

are also the practical building blocks of asset-class diversification.
3
 

Stocks and bonds are the two most prominent asset classes from both an academic and 

industry perspective. Stocks represent ownership of a particular company with claims 

over uncertain future cash flows, while bonds represent higher-ranked claims on a 

series of defined future cash flows. In the real-world, stocks are akin to the CAPM 

market portfolio and bonds to the risk-free asset. A real-world investor can adjust their 

exposure to stocks and bonds to suit their risk-preferences, just as a theoretical CAPM 

investor can adjust their exposure to the market portfolio and risk-free asset to suit 

their individual risk-preferences. Stocks and bonds are not just relevant from a 

contextual perspective, but they are also important in guiding the research design of 

the empirical study in Chapter 4. 

Because of the ease of identifying and classifying investments according to their asset 

class, and the importance these play in determining returns, asset class diversification 

has been a common theme in the evolution of the practice of portfolio diversification. 

Approaching the topic from a U.S. perspective, Ilmanen and Kizer (2012) write: 

The common institutional practice in recent decades has been asset class 

diversification, starting with U.S. stocks, then U.S. bonds, then looking 

                                                 

3
 The relationship between the CAPM and the universe of all available investments is an important 

concern in the finance literature, see, for example, Roll (1977), but one which is outside the scope of this 

thesis. 
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beyond national borders, and finally, to a more limited extent, extending to 

various alternative assets—that is, from a local 60-40 portfolio, to a global 

60-40 portfolio, and finally to an endowment model (p.18). 

These three generations of modern investment portfolios described in Ilmanen and 

Kizer (2012) represent the evolution of the asset class approach to diversification. 

Their usage and empirical behaviour provide a key insight into the evolution of asset-

class diversification as well as the emergence of risk-factor diversification. The three 

generations of investment portfolios are explored briefly below: 

The local 60-40 portfolio 

The most typical version of an asset-class diversified portfolio is the 60-40 portfolio 

consisting of 60 per cent stocks and 40 per cent bonds.
4
 As discussed above, this 

simple configuration bears similarities to the combination of the market portfolio 

(stocks) and the risk-free asset (bonds) employed in Modern Portfolio Theory and the 

CAPM. This portfolio is commonly employed in the finance literature as a 

representative investment portfolio; for example, Anderson, Bianchi and Goldberg 

(2012) and Leibowitz and Bova (2007). It also features prominently in the risk-factor 

diversification literature as a point of comparison for evaluating performance; for 

example, Bird et al. (2013), and Bender et al. (2010). The local 60-40 portfolio is the 

simplest approach to asset-class diversification, is consistent with the CAPM, and is a 

popular configuration for asset-class portfolios employed in the investment industry. 

The global 60-40 portfolio 

Levy and Sarnat (1970), Grubel and Fadner (1971), Solnik (1974, 1995) and others 

demonstrate the risk-reduction benefits of global diversification. These findings led to 

the next major evolution in asset-class diversification, the global 60-40 portfolio. This 

configuration simply takes the existing asset classes employed in the 60-40 

                                                 

4
 The 60-40 split between stocks and bonds is representative of U.S. investors, while other countries 

employ different ratios. For example, a common representation of an Australian institutional portfolio is 

a 70-30 portfolio. 
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configuration, stocks and bonds, and incorporates international diversification. Despite 

the recognised benefits of international diversification, however, not all investors have 

embraced the concept with some continuing to hold portfolios concentrated in 

domestic assets.
5
 Although the theory suggests that international diversification is a 

sound method of achieving diversification, investors still prefer the local version of the 

60-40 portfolio, and, as will be revealed in Section 2.2.3, the empirical evidence 

regarding its effectiveness is mixed.  

Endowment portfolio 

The most recent iteration of asset-class diversification extends the investment universe 

beyond stocks and bonds to alternative asset classes. This form of portfolio 

diversification was pioneered by the U.S. college endowments which have invested 

heavily in alternative asset classes such as property, hedge funds, and private equity.
6
 

Leibowitz and Bova (2009) critique this approach, however, demonstrating that 

endowment portfolios, although diversified across a range of assets, have similar 

characteristics to a 60-40 portfolio, an argument explored in Section 2.2.3. Although 

more sophisticated than the simple 60-40 portfolio, it is unclear whether the extra 

sophistication of the endowment approach is accompanied with better performance. 

The practice of asset-class diversification has evolved in two important ways: the 

international diversification of stock and bond allocations, and the introduction of 

alternative assets. Although the global 60-40 and endowment portfolios offer more 

sophisticated models of diversified asset-class portfolios, they have not been 

universally adopted by investors and the original concept of the 60-40 portfolio 

remains prominent. The rationale behind this preference is explored in the next section. 

Additionally, the next section provides motivation for the growing research into risk-

factor diversification, as well as the research questions explored in this thesis. 

                                                 

5
 The tendency of investors to be overly concentrated in investments domiciled in their own country is 

known as home bias. It has been explored in French and Poterba (1991), Tesar and Werner (1995), 

Coval and Moskowitz (1999), and others. 
6
 For example, Swensen (2000), Stanford Management Company Inc. (2015) and Harvard Management 

Company Inc. (2015). 
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2.2.3 Empirical findings 

Asset-class diversification is based on the decision of how to optimally allocate 

available investment capital between the asset-class building blocks. Brinson, Hood 

and Beebower (1986) highlight the importance of this decision showing that 

approximately 90 per cent of the return variation over time for a universe of portfolios 

is attributable to the asset allocation decision. Furthermore, Ibbotson and Kaplan 

(2000) find 40 per cent of the return variation across funds is explained by asset 

allocation. Although Xiong et al. (2010) argue other decisions are as important as the 

asset allocation decision, the widely accepted argument is that asset allocation has a 

large influence on investment portfolio performance and, for this reason, it has 

traditionally been the main focus for investors. 

While asset class diversification is the accepted paradigm for constructing investment 

portfolios, it is also subject to a degree of criticism. The following sections of the 

literature review will summarise the research that has challenged the effectiveness of 

diversification based on asset classes, particularly during periods of market stress. As 

discussed previously, asset-class diversification has evolved in two separate ways: 

international diversification of stocks and bonds, and alternative assets to stocks and 

bonds. The following discussion explores the empirical criticisms of these two 

evolutions in asset-class diversification which provide both the motivation and context 

for this thesis and the empirical studies within. 

2.2.3.1 Diversifying into international asset classes 

As noted previously, asset-class portfolios evolved from holding local stock and bond 

investments to holding international stock and bond investments under the assumption 

that this was a more effective means of diversification. It was found in practice, 
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however, that international diversification is less effective than expected, particularly 

during periods of market stress such as during the global financial crisis of 2008.
7
 

The real world experience is reflected in the empirical literature as well. Butler and 

Joaquin (2002) find evidence that internationally diversified portfolios experience 

larger losses than expected during extreme market moves, while Leibowitz and Bova 

(2009) and Bhansali (2011) demonstrate a similar effect in endowment portfolios.
8
 The 

empirical evidence suggests that asset-class diversification does not perform as 

expected during stressful market environments. These empirical findings provide 

motivation for the research questions explored in the thesis. 

2.2.3.2 Diversifying into alternative asset classes 

The endowment approach, discussed in Section 2.2.2, also aims for more effective 

diversification, but through investing in alternative asset classes such as property, 

hedge fund strategies, and other assets, rather than international diversification. While 

on the surface this may appear a logical extension of portfolio diversification, the 

empirical evidence has challenged this approach. The diversification benefits of these 

alternative asset classes appear to be diminished due to the existence of common risks 

among different asset classes. The literature reports evidence of common risks in: 

mutual funds (Sharpe, 1992); broad asset-class indexes (Bhansali, 2011); alternative 

investment strategies (Clarke, de Silva and Wander, 2002); high-yield bond funds 

(Domian and Reichenstein, 2008); and hedge fund styles (Fung and Hsieh, 2002). This 

body of work suggests that the returns on a diverse range of assets can be explained 

and influenced by common asset-based risk-factors.
9
 Put another way, the empirical 

evidence suggests that focusing solely on asset-class categorisations may not provide a 

                                                 

7
 While international diversification may not be effective in short-term crashes, Leibowitz and Bova 

(2009) and Asness, Israelov and Liew (2011) argue that it is more effective over longer periods. 
8
 This effect is shown to be caused by the dynamic behaviour of asset correlations which is explored in 

section 2.6.2 and is the subject of Chapter 5. 
9
 Various scholars have highlighted more complex relationships in other investment returns and have 

augmented the asset-based factors to explain a range of investment returns. For example, Fung and 

Hsieh (1997) introduce hedge fund based factors; Fuerst and Marcato (2009), real estate based factors; 

and Lustig, Roussanov and Verdelhan (2011), currency factors. 
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true indication of diversification potential and that the underlying risk factors should 

be considered as part of the portfolio construction process. The evidence of common 

risk factors in disparate assets provides a strong motivation for research into risk-factor 

diversification, the subject of the next section. 

2.3 Risk-factor diversification 

While the theory and practice of asset-class diversification are well established, the 

empirical evidence has highlighted apparent short-comings in the approach. As a 

result, risk-factor diversification has gained traction in the investment industry and 

brought about the emergence of a body of literature in academia. In contrast to asset-

class diversification, which employs broad definitions of assets as the basic building 

blocks for portfolios, risk-factor diversification directs attention to the risk factors 

which influence and explain investment performance. The literature outlined in Section 

2.3 describes the theoretical basis of risk-factor diversification, explores the 

developing practice of this approach, and reviews the relevant empirical evidence. In 

conjunction with Section 2.2, this section provides the overall context and motivation 

for the three empirical chapters of this thesis. 

2.3.1 Theory 

The concept of risk-factor diversification relies on the existence of multiple sources of 

rewarded risk. As discussed in Section 2.2.1, the CAPM proposes the existence of a 

single common risk shared by all investments. A single rewarded risk, however, is 

inconsistent with the risk-factor diversification framework which implies the existence 

of multiple rewarded risks. Multiple sources of risk are a feature of the intertemporal 

capital asset pricing model (ICAPM) of Merton (1973) which builds on the theoretical 

foundation from the CAPM. 

Under the CAPM, investors choose between the market portfolio and the risk-free 

asset to suit their specific risk-preferences. In contrast to the earlier pricing model, the 

ICAPM proposes a more complex relationship: investors exhibit specific risk-
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preferences, but they are also concerned with how their wealth changes with other state 

variables, such as labour income, or the future price of consumption goods. Put another 

way, these state variables are risk factors. 

The ICAPM theory has a number of implications for risk-factor diversification and the 

research questions in this thesis. First, it provides a theoretical foundation for the 

pricing of multiple sources of systematic risk. Because the state variables can impact 

on investor wealth, they can be considered as risk factors. Second, these risk factors 

can be hedged by investors. Thus, under the ICAPM, investors would not only hold the 

market portfolio, but would also hold hedging portfolios associated with each of the 

risk factors. That is, according to the ICAPM, investors build portfolios based on risk 

factors. Just as the CAPM provides the theoretical foundation for asset-class 

diversification, the ICAPM provides the foundation for risk-factor diversification. 

Following the theme of multi-factor risks established by the ICAPM, Ross (1976) 

proposes the arbitrage pricing theory (APT). Both the ICAPM and the APT allow for 

the existence of multiple risk factors; however, the primary difference between the two 

theories is the motivation for the risk factors. Under the APT, risk factors are identified 

as statistical variables, that is, they are identified empirically based on the data. In 

contrast, under the ICAPM, risk factors are derived from (theoretical) economic 

relationships. Both the APT and ICAPM are consistent with the CAPM as they specify 

a relationship between risk and return. In contrast to the CAPM they both provide a 

framework where multiple sources of risk may be rewarded.  

While both the ICAPM and APT provide a theoretical basis for the risk-factor 

approach, neither provide specifics as to what the additional risk factors are, thus 

leaving the task of identifying candidate risk factors to empirical researchers. There is 

a wealth of empirical research devoted to the identification of these risk factors, a topic 

which is addressed in Section 2.5. Having discussed the theoretical foundation 

supporting risk-factor diversification, the next section explores its developing practice. 
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2.3.2 Practice 

It is only in recent years that the practice of risk-factor diversification has begun to 

develop in earnest. The publication of a study into the management of the Norwegian 

Government Pension Fund, authored by Ang et al. (2009), drew the attention of the 

investment industry to the concept of risk-factor diversification. This paper became a 

catalyst for practitioner research into the field and many professional investors have 

begun to focus attention and publish on this topic while many of the world’s leading 

fund managers have adopted the approach in some way. Global investment managers 

such as BlackRock, Vanguard, and State Street Global Advisors, among the largest in 

the world, are employing the risk-factor framework in their investment policies.
10

 

Although difficult to estimate accurately, Morningstar (2014) estimate that 

approximately USD393 billion is invested in a manner consistent with the risk-factor 

diversification approach.
11

 Practitioner research has also blossomed across all facets of 

the investment industry including: index providers (Bender et al., 2013); investment 

managers (Pappas and Dickson, 2015); investment consultants (Callan, 2012); and 

others. In a relatively short time period, risk-factor diversification has captured the 

interest of many participants in the investment industry thus motivating the research 

questions considered in this thesis. 

As discussed previously, the CAPM provides the framework and specific details for 

constructing asset-class portfolios and there is a consistency of usage and well received 

portfolio structures consistent with this approach. In contrast, the ICAPM and APT 

provide a framework but do not provide the specific details for constructing risk-factor 

portfolios and the practice of risk-factor diversification is still in flux. While industry is 

increasingly adopting the risk-factor framework, actual definitions of risk factors vary 

between investment managers. For example, the California Public Employees' 

                                                 

10
 According to Towers Watson (2015), as at 31 December, 2014, BlackRock manages USD4.6 trillion, 

Vanguard manages USD3.1 trillion, and State Street Global Advisors USD2.4 trillion in total across 

various investment strategies. 
11

 Industry refers to risk-factor diversification using a wide range of names. For example, Morningstar 

refer to it as ‘strategic-beta’, Vanguard as ‘factor-based investing’, while many others refer to it as 

‘smart beta’. 
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Retirement System (CalPERS) identify five risk factors: real interest rates, real 

inflation rate, expected inflation rate, growth volatility, and growth, while Harvard 

Investment Management identify five different risk factors: global equity, US 

treasuries, high yield credit, inflation, and currency.
12

 Although a consensus is yet to 

develop on how to apply risk factors in a practical setting, it is increasingly playing an 

important role in the investment management industry, in large part due to the 

empirical findings highlighted below. 

2.3.3 Empirical findings 

The asset-class framework provides a useful benchmark for evaluating the 

performance of risk-factor diversification and it is this point of comparison that has 

been the catalyst for the most interest in risk-factor diversification to date. Below, three 

empirical findings taken from the risk-factor diversification literature are explored. The 

points below contrast with the findings in the asset-class literature and motivate the 

increasing attention given to risk-factor diversification in general. They also provide 

the rationale for the research questions considered in this thesis. 

2.3.3.1 Superior performance 

A key argument developed in the risk-factor diversification literature is its potentially 

superior performance relative to asset-class diversification. It has been demonstrated 

that risk-factor diversification has historically offered lower volatility (Clarke et al., 

2005), higher returns (Bender et al., 2010), and higher Sharpe ratios (Ilmanen and 

Kizer, 2012) than a 60-40 portfolio. Further, Ilmanen and Kizer (2012) find that a 

portfolio diversified across risk factors outperforms a portfolio diversified 

internationally, while Bird et al. (2013) find evidence of outperformance relative to an 

endowment portfolio constructed using alternative investments (for example, managed 

futures, venture capital, etc.) The empirical research hints at the potential of risk-factor 

diversification to provide more effective portfolio diversification relative to asset class 

diversification, whether the benchmark is a local 60-40, international 60-40, or 

                                                 

12
 See Urwin and Gillet (2015) and Harvard Management Company Inc. (2015) 
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endowment style portfolio. This evidence inspires this thesis, motivates the research 

questions within it, and guides its first empirical chapter which examines the 

performance of risk-factor diversification. 

2.3.3.2 Periods of market stress 

The empirical evidence also suggests that risk-factor diversification outperforms asset-

class diversification during periods of market stress. As highlighted in Section 2.2.3, 

asset-class diversification has been critiqued due to its performance during periods of 

market stress. In contrast, Bender et al. (2010) highlight that the risk-factor approach 

achieves effective diversification during periods of market stress and has historically 

outperformed a 60-40 portfolio during these times.
13

 Similarly, Ilmanen and Kizer 

(2012) report that portfolios diversified across risk-factors experience smaller losses 

than asset-class portfolios during months coinciding with the bottom decile of equity 

market returns. These studies suggest that risk-factor diversification offers superior 

performance during periods of market stress, a time when investors most value the 

risk-reduction benefits of effective diversification. 

It was previously noted in Section 2.2.3 that the empirical evidence challenges the 

effectiveness of asset-class diversification during stressful markets. The capacity for 

risk-factor diversification to provide better performance during stressed markets, 

therefore, is an important empirical question and one that is also explored in the first 

empirical study of this thesis contained in Chapter 4. 

2.3.3.3 Return correlation 

While correlation has been studied extensively in the wider finance literature, the focus 

on risk factor correlations has been limited. Empirical research has found that risk-

factor investments exhibit correlations that are both lower and more stable than those 

between asset classes. Bender et al. (2010) and Ilmanen and Kizer (2012) show that, 

                                                 

13
 Specifically during the months coinciding with the Asian financial crisis (October 1997), the collapse 

of Long Term Capital Management (August 1998), the September 11 terrorist attacks, the so-called 

Quant Meltdown (August 2007), and the Global Financial Crisis (October 2008). 
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on average, the correlation between risk-factors is zero, while Page (2010) 

demonstrates that this low level of correlation is stable in different market 

environments. While the influence of correlation on portfolio volatility has been 

alluded to in the risk-factor literature, it has not been formally analysed. Chapter 5 

addresses this topic by exploring the correlation dynamics present in risk-factor 

investment returns and examines their impact on portfolio performance. 

Although it is still an emerging topic in the finance literature, the empirical evidence 

suggests that risk-factor diversification potentially offers diversification benefits 

beyond those available through asset-class diversification. This literature, along with 

the asset-class diversification literature discussed previously, provides the context and 

motivation for the empirical studies in this thesis. These empirical studies require the 

construction of investments portfolios and identification of investments consistent with 

the risk-factor diversification approach, which can be subsequently analysed. The first 

step in this process is portfolio selection, which is the subject of the next section. 

2.4 Portfolio selection 

The literature summarised in the previous two sections provides the context and 

motivation for exploring the behaviour of risk-factor diversification and addressing the 

research questions raised in this thesis. A study such as this requires the specification 

of investment portfolios which can be subsequently analysed, a process guided by the 

portfolio selection literature. The focus of this thesis is to analyse risk-factor 

diversification and thus portfolio selection simply provides the tools for assisting in 

this endeavour. The objective of this section of the literature review is to highlight 

techniques that will clarify rather than complicate the analysis. A range of portfolio 

selection techniques are identified to achieve this goal: mean-variance analysis, risk-

based and equal-weighted techniques. These techniques have been chosen, in large 

part, because of their pervasiveness, simplicity, and transparency: they are important in 

the research design of this thesis, particular Chapter 4. This section commences by 

revisiting the work of Harry Markowitz, the father of Modern Portfolio Theory. 
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2.4.1 Modern portfolio theory 

As discussed in Section 2.2.1, the work of Markowitz (1952) paved the way for 

research into asset pricing. His work also gave birth to modern portfolio theory, a field 

dedicated to the science of constructing investment portfolios. Markowitz (1952) was 

the first to propose a mathematical method of constructing optimal portfolios from a 

universe of assets, a process which came to be known as mean-variance analysis 

(MVA). MVA optimises portfolio weights so that total portfolio variance is minimised 

for a given return, or so that the total portfolio return is maximised for a given 

variance. A critical part of this process is the inputs employed in the optimisation, 

estimates of return covariances and expected returns. These two inputs, crucial to 

Modern Portfolio Theory, are the focus of the empirical studies in Chapter 5 on 

correlations and Chapter 6 on return predictability. 

While MVA is one of the most influential concepts in modern finance, it is also one of 

the most heavily critiqued. Under the MVA framework, portfolio weights are 

calculated as a function of the expected covariances and returns of the candidate 

investments. These expected values, however, cannot be known in advance, impacting 

on the effectiveness of the portfolio selection process. Klein and Bawa (1976) note that 

MVA treats parameter estimates as the true parameters, thus ignoring the issue of 

estimation error. Michaud (1989) expands on this argument and claims that the MVA 

optimisation process actually maximises the impact of estimation errors which has 

inhibited the widespread use of the technique. Investigating the economic ramifications 

of estimation errors in the MVA process, Chopra and Ziemba (1993) find that the 

impact is greater for expected means than it is for variances and covariances. While 

many criticisms of MVA have been explored in the literature, the impact of estimation 

errors provides a strong motivation for research into other techniques.
14

  

                                                 

14
 Other significant criticisms of MVA include the assumptions of return normality and quadratic utility. 

Bawa (1978), Chamberlain (1983) and Jobson and Korkie (1980) examine the former, while Sarnat 

(1974) and Campbell and Viceira (2002) examine the latter. 
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Defending MVA, Best and Grauer (1991) and Kritzman (2006) concede that 

estimation errors may have a large impact on portfolio weights and result in portfolios 

with large allocations to few investments; however, the impact on overall portfolio 

return outcomes is often small. Investors, however, are still loath to apply a technique 

that concentrates a portfolio in a single or few investments at the expense of other 

potentially diversifying asset classes and investments. The debate around the 

effectiveness of MVA has not impacted on its application in academic studies where it 

continues to be employed extensively in the literature, as well as this thesis. 

Practitioners, however, have not devoted the same attention to MVA and tend to 

employ other portfolio techniques. 

A rich literature has evolved specifically to address the impact of estimation errors on 

the performance of MVA. Two major approaches to dealing with the issue of 

estimation error have appeared in the literature, namely, robust portfolio optimisation 

and Bayesian techniques.
15

 The Bayesian approach to portfolio selection is based on 

employing prior information to inform the portfolio selection process. Various 

techniques have been employed to form priors including: statistical analysis (Barry, 

1974), shrinkage estimation (Jobson and Korkie, 1980 and Jorion, 1986), asset pricing 

models (Pástor, 2000 and Pástor and Stambaugh, 2000), and investment objectives (Tu 

and Zhou, 2010).
16

 Black and Litterman (1992) also employ an informal Bayesian 

approach based on economic views and an equilibrium asset model. Although 

Bayesian portfolio analysis offers potential improvements over classical MVA, it has 

not experienced widespread adoption among practitioners and is not commonly 

employed in academic studies.  

                                                 

15
 Other techniques for addressing estimation error include: constraining portfolio weights (Chopra, 

Hensel and Turner, 1993; Frost and Savarino, 1988; and Jagannathan and Ma, 2003), incorporating 

confidence intervals around expected return estimates (Garlappi, Uppal and Wang, 2007), and 

resampling (Michaud, 2008 and Scherer, 2002) . 
16

 Refer to Avramov and Zhou (2010) for a more extensive review of the Bayesian portfolio analysis 

literature. 
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In contrast to the Bayesian approach, which incorporates uncertainty into the 

estimation of parameters, robust portfolio optimisation incorporates uncertainty 

directly in the optimisation process. Introduced by El Ghaoui and Lebret (1997) and 

Ben-Tal and Nemirovski (1998), robust portfolio optimisation employs uncertainty 

sets, that is, forecast confidence intervals, rather than point forecasts of parameter 

estimates. Fabozzi et al. (2007) argue that robust portfolio allocations tend to be more 

stable and less sensitive to changes in input parameters; however, Scherer (2007) 

argues that robust optimisation is equivalent to employing Bayesian shrinkage 

estimates.
17

 Sims (2001) also points out that this approach is not consistent with 

accepted models of investment decision making, although this can be controlled by a 

preference parameter.
18

 

It is timely to recall that this thesis aims to analyse the behaviour of risk-factor 

diversification. While Bayesian and robust portfolio optimisation provide the tools to 

analyse risk-factor diversification, they introduce a level of complexity that potentially 

obscures the research questions considered in this thesis. Additionally, these 

techniques have not become popular amongst practitioners, nor have they featured 

prominently in the greater finance literature. Proving a simpler solution to the issue of 

estimation error, and, potentially, a more appropriate tool for addressing the research 

questions in this thesis, are risk-based techniques. 

2.4.2 Risk-based techniques 

Risk-based techniques employ the covariance or variance of returns in the estimation 

process only, ignoring expected return forecasts. By focusing on the covariance of 

returns, these techniques avoid the complications of forecasting means raised by 

Merton (1980) and the resulting impacts on portfolio weights as highlighted in Chopra 

and Ziemba (1993). Additionally, in contrast to the Bayesian and robust portfolio 

optimisation techniques discussed previously, the risk-based techniques are simpler 

                                                 

17
 Fabozzi et al. (2007) dispute this criticism arguing that it only applies in a limited number of cases. 

18
 Refer to Maenhout (2004). 
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and more transparent, thereby making them more attractive to investment practitioners. 

This simplicity and transparency also encourages the use of these techniques in the 

empirical studies of this thesis. Four risk-based techniques have featured prominently 

in the literature on portfolio selection: equal-risk contribution (Maillard, Roncalli and 

Teiletche, 2010), most diversified  and  (Choueifaty and Coignard, 2008 and 

Choueifaty, Froidure and Reynier, 2011), minimum-variance (Clarke, De Silva and 

Thorley, 2006) and (Clarke, de Silva and Thorley, 2011), and volatility-weighted 

Chaves et al. (2011). 

Comparing risk-based strategies, De Carvalho, Lu and Moulin (2012) note that the 

equal-risk and volatility-weighted portfolios perform similarly, while the most-

diversified and minimum-variance techniques tend to result in more concentrated 

positions. DeMiguel, Garlappi and Uppal (2009) and Chaves et al. (2011) demonstrate 

that the risk-based selection techniques outperform mean-variance techniques in direct 

comparisons. However, researchers such as Kritzman, Page and Turkington (2010) and 

Rapach et al. (2010) challenge this finding by demonstrating that more realistic return 

forecasts dramatically improve the performance of the mean-variance approach. Lee 

(2011) also challenges the risk-based approaches arguing they lack ex-ante theories 

supporting their methodology and lack clearly defined investment objectives. Although 

the evidence is mixed, these techniques have been adopted by practitioners and offer 

simple transparent solutions to the issues surrounding the use of MVA. These 

techniques also offer effective constructs which inform the research design in Chapter 

4. Among the risk-based techniques, the volatility-weighted method is the most widely 

used and researched approach, and is one of the most commonly employed techniques 

in the risk-factor diversification literature. 

2.4.2.1 Volatility-weighted portfolios 

The volatility-weighted approach is a simple portfolio selection technique that has 

attracted interest from both investors and academics.
19

 This approach attempts to 

                                                 

19
 The volatility-weighted approach is frequently referred to as ‘risk-parity’. 
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equally allocate risk, or more specifically, volatility, among investments by adjusting 

positions based on the volatility of the underlying investment. The simplest variant 

calculates portfolio weights based on the inverse of an investment’s volatility. Aside 

from its inherent simplicity, this technique offers a number of advantages over more 

complex techniques. First, it aims to spread risk evenly between investments by 

increasing the exposure to low-volatility investments and reducing exposure to high-

volatility investments. Second, while it relies on volatility estimates, it does not require 

an estimate of future returns. As demonstrated in Chopra and Ziemba (1993) and Best 

and Grauer (1991), this avoids the problem of errors in expected returns which plague 

mean-variance analysis.  

Despite its popularity with investors, the evidence in favour of volatility-weighted 

investing is mixed. Chaves et al. (2011) compare this approach to a number of other 

techniques and find no evidence of consistent outperformance. Additionally, they find 

that performance of the technique is time period specific and sensitive to the selection 

of investments available. Inker (2011), highlighting the need for caution when 

applying this technique in practice, argues that investors run the risk of leveraging into 

investments that may not offer future positive expected returns. That is, over weighting 

investments using borrowed capital, even those with low return volatility, can be risky. 

While these are legitimate concerns from a real-world investment perspective, where 

the focus is on the portfolio selection technique itself, they are less relevant to the 

research questions explored here as multiple techniques are employed to better 

understand the behaviour of risk-factor diversification. 

2.4.3 Equal-weighted portfolios 

An even simpler technique than those discussed above is the equal-weighted 

technique, which allocates an equal fraction of a portfolio to each available investment. 

That is, in a universe of n investments each is given a weight of 1/n. In contrast to the 

other techniques, the equal-weighted technique is based on the number of available 

investments only and requires no parameter estimates. Benartzi and Thaler (2001) and 
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Huberman and Jiang (2006) demonstrate the relevance of this technique finding it is 

often used by investors. Despite its simplicity, DeMiguel et al. (2009) show that it has 

comparable performance to more sophisticated models including classical mean-

variance, Bayesian, and robust portfolio selection techniques. Duchin and Levy (2009) 

find that the equal-weighted technique outperforms the MVA technique, although 

outperformance decreases as the number of available assets increases. Commenting on 

the efficacy of the equal-weighted approach, Kritzman et al. (2010) note that it avoids 

concentrated positions, rebalances out of recent high performers into recent low 

performers, never underperforms the worst asset, and is always invested in the best 

performing asset. Although simple, the equal-weighted approach potentially offers 

many benefits and provides a suitable construct for assisting in the exploration of the 

research questions considered in this thesis. 

As an important component of this thesis, the equal-weighted technique provides a 

simple benchmark for evaluating performance. It is transparent, weights may be easily 

calculated and remain static over time (provided the number of available investments 

remains constant), and it does not require forecasts of investment returns and 

covariances. It is also employed in the risk-factor diversification literature by Bender et 

al. (2010), Ilmanen and Kizer (2012), and Bird et al. (2013). Despite the many 

developments in portfolio selection, including those explored above, many investors 

continue to rely on simple methods for constructing investment portfolios, an approach 

followed in this thesis. 

MVA is the foundational technique in portfolio theory; however, it has many 

shortcomings. While the literature is rich with adaptations and improvements on the 

original technique, these methods often come at the expense of complexity and have 

not been widely adopted by practitioners or academics making them less suitable in the 

research design of this thesis. This review has identified the risk-based techniques as 

suitable constructs for evaluated the behaviour of risk-factor diversification as they are 

simple transparent portfolio allocation approaches which avoid the problem of 
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estimation error and have featured widely in the contemporary academic literature. 

These techniques are employed in this thesis to build portfolios from a selection of 

candidate investments. The next section explores the candidate investments 

themselves. 

2.5 Risk-factor investments 

As outlined in Section 2.3.1, a key premise of risk-factor diversification is that 

multiple sources of rewarded risk exist, an assumption supported by the work of 

Merton (1973) and Ross (1976). While these theories provide a foundation for risk-

factor diversification, they do not provide guidance on which risk factors should be 

employed within this framework, thus presenting a challenge for empirical researchers. 

Further compounding this issue, each theory takes a different approach to how risk 

factors should be identified, the ICAPM takes an economic approach, while the APT 

takes a statistical approach.
20

 It was also pointed out in Section 2.3.2 that the 

investment industry is no closer to a consensus, either. It has been left to empirical 

researchers to establish what the risk-factors are, but again a consensus has not yet 

emerged in the literature. 

Multi-factor models based on economic variables have featured prominently in the 

literature. Drawing on the work Arbitrage Pricing Theory of Ross (1976), these models 

associate priced risk with economic variables. Prominent examples include Chan, 

Chen and Hsieh (1985), Chen et al. (1986), and Ferson and Harvey (1991) who link 

variables such as industrial production growth, changes in expected inflation, 

unanticipated inflation, changes in oil prices, changes in consumption with priced risk 

factors. Similarly, from a global perspective, Ferson and Harvey (1993, 1994) identify 

economic variables that impact on international market returns. While the evidence 

                                                 

20
 Reilly and Brown (2009) provide an alternate categorisation of macro- and micro-economic factors. 

They define ‘macroeconomic’ as those risks that influence cash flows and returns over time; for 

example, those identified in Chen, Roll and Ross (1986) and Burmeister, Roll and Ross (1994) and 

‘microeconomic’ risks as those related to the characteristics of the investment itself; for example, those 

identified in Fama and French (1993). 
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supports the use of economic factor models, investing in these models can be difficult. 

The economic variables identified in the literature typically do not have investable 

equivalents. The impracticality of this makes economic variables unsuitable for 

exploring the research questions of this thesis. 

Risk factors associated with investment portfolios, such as those proposed in Fama and 

French (1993), Carhart (1997) or Fama and French (2015) offer more practical 

alternatives. From a practical perspective, and importantly in the context of the 

research design of this thesis, these models are appropriate as they provide a 

framework for constructing investable portfolios. Fama and French (1993) explain the 

variation of stock returns using a three factor model which employs market, size and 

value factors.
21

 They argue that the size and value factors are proxies for state 

variables, in the spirit of the ICAPM. Carhart (1997) later expanded the model with the 

addition of a fourth factor, momentum. Both the three- and four-factor models are 

employed extensively in the literature, as well as the investment industry. Importantly, 

these models inspire the stock risk factors which are critical in the research design of 

this thesis. 

Fama and French (2015) propose a five-factor model which better captures the 

movements in average stock returns than the three-factor model. While this model 

presents a viable framework for exploring the behaviour of risk-factor diversification, 

it is yet to receive the attention and prominence of the three- and four-factor models 

which guide this thesis. As will be outlined in this chapter, the component risk factors 

of the five-factor model have not been subject to extensive academic scrutiny. 

Interestingly, prior research into risk-factor diversification has not been based on the 

theories and empirical evidence established in the academic literature. Rather than 

employing risk factors with a rich academic pedigree, this emerging literature has 

focused on investments drawn from the finance industry, which have been styled as 

                                                 

21
 Market, size, and value will be discussed in more detail in Section 2.5.1.  
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risk factors. Those featuring in the literature include: hedge fund strategies, such as 

convertible and merger arbitrage (Bender et al., 2010); multi-asset class strategies 

(Ilmanen and Kizer, 2012); alternative assets, such as commodities and infrastructure 

(Bird et al., 2013); and international asset-classes (Bender et al., 2010). Many of these 

investments, however, are not supported by a deep academic literature and seem to be 

chosen arbitrarily. In contrast, this thesis draws inspiration from the academic literature 

which has directed a great deal of attention to potential risk-factors. Six candidate risk-

factors are identified and employed in this thesis. The literature associated with each is 

reviewed below. 

2.5.1 Candidate risk factors 

With limited guidance in the literature, the selection of risk-factors appropriate for the 

research questions explored in this thesis is a challenge. Harvey, Liu and Zhu (2016) 

identify 316 factors proposed to explain the cross section of expected returns in the 

literature. They classify these factors as either a common sources of risk or individual 

firm characteristics and identify 113 as the former and 203 as the latter. Providing 

guidance as to what defines a risk factor, Harvey et al. (2016) argue that an 

investment’s risk exposures to a factor must explain the cross-section of investment 

returns. As will be outlined, the risk factors employed in this thesis fulfil that brief.
22

 

This section explores six candidate risk factors that have been identified and selected 

from the academic literature. Four of the risk factors employed in this thesis—market, 

size, value, and momentum—are related to stocks, and are grounded in the work of 

Fama and French (1992) and Carhart (1997). The remaining two risk factors—credit 

and term—are related to bonds and are based on the work of Fama and French (1993). 

All six risk factors are widely recognised in the investment industry and form the basis 

of many investment products and processes. 

                                                 

22
 Harvey et al. (2016) also classify the six risk factors employed in this thesis as common sources of 

risk. 
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There is a great deal of debate associated with the risk factors employed in this thesis. 

While much of the debate centres on particular risk factors, part of the debate is 

directed at risk factors in general. For example, a common criticism levelled at many 

of the risk factors explored here, articulated by Black (1993) and MacKinlay (1995), is 

the lack of an ex-ante economic theory supporting the empirical evidence. This is a 

concern for some, but not all, risk factors. As will be shown the market, credit, and 

term risk factors have a strong theoretical foundation; however, the case for size, value 

and momentum are less compelling with theoretical rationales posed after their 

identification in the literature. 

Further complicating the issue, Lo and MacKinlay (1990), Fama (1991), Schwert 

(2003), Conrad, Cooper and Kaul (2003), and Schwert (2003) highlight concerns of 

data-mining affecting the empirical evidence supporting risk factors. In response, 

Harvey, Liu and Zhu (2016) suggest raising the bar on statistical testing to help avoid 

data-mining. They also note that the burden of proof for a factor derived from a theory 

should be lower than that of a factor discovered empirically. Schwert (2003) highlights 

another defence against data-mining, independent testing. With these comments in 

mind, this section will review evidence from a broad range of markets, time periods, 

and asset classes, in part countering the argument of data-mining. In many cases, initial 

findings have been affirmed with later studies providing out-of-sample evidence. The 

rationale for the existence of these risk factors, however, is not critical to this study. 

Similarly to the previous discussion of portfolio selection techniques, this review is not 

meant to identify the most effective means of achieving risk-factor diversification. The 

objective is to provide a transparent, simple, and considered review of potential 

constructs for evaluating the behaviour of risk-factor diversification. 

The following sections review the six risk factors employed in this thesis. Each risk 

factor is described, its associated empirical evidence reviewed, and the theories 

supporting each are explored. As will be demonstrated, there is a body of finance 

theory and empirical evidence that associates the six phenomena with risk; however, 
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there is varying degrees of debate as to whether they are in fact risk factors, in the 

ICAPM/APT sense, or anomalies caused by investor behaviour. Supported by the 

evidence discussed below, this thesis takes the former view. 

2.5.1.1 Market 

As discussed previously, the CAPM defines market risk as the undiversifiable risk that 

is an intrinsic part of all risky assets. An alternative, narrower definition is that market 

risk is associated with equity investments specifically, an approach followed in this 

thesis. Consistent with the concept of compensated risk (articulated in the CAPM, 

ICAPM and APT and discussed in Section 2.2.1), equity investing has yielded 

investors a return premium over the risk-free rate, commonly proxied with government 

debt. Arnott and Bernstein (2002) explain that investors expect a premium for holding 

stocks as, on average, they are riskier than debt. Viewed from another perspective, the 

cash-flows of stocks are uncertain, and, as a result, equity owners require a return 

premium above the risk-free rate of return. In addition to this uncertainty, equity 

holders also rank behind bond holders in the capital structure. That is, in the event of a 

company experiencing financial difficulties, bond holders have first claim on the 

company’s assets, which is an additional layer of risk for equity holders. 

The equity risk premium, or market risk factor as it is referred to in this thesis, has 

been extensively studied over time and across countries. Fama and French (2002) 

estimate a U.S. equity premium of 7.43 per cent per annum for the period 1951 to 

2000, while Ibbotson (2001) estimates U.S. stocks earned an annual premium of 5.7 

per cent above U.S. bonds between 1926 and 2000. Dimson, Marsh and Staunton 

(2003) examine the global evidence across 16 countries for the period 1900 to 2002 

and calculate an average premium relative to bonds of 3.8 per cent per annum. While 

the equity market premium has varied across time, it has been consistently positive 

over long time frames and multiple markets. In contrast to the other risk factors 

explored here, there is very little debate over the evidence and rationale supporting the 
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existence of the market risk factor. As such, it is included in the empirical studies of 

this thesis. 

2.5.1.2 Size 

The so-called ‘size’ effect, originally identified and analysed by Banz (1981), 

describes the empirical relationship between the market capitalisation of listed firms 

and the return on their stock. Specifically, it has been argued that the stocks of firms 

with small market capitalisations outperform the stocks of larger firms on a risk-

adjusted basis. The seminal work of Banz (1981) shows that the smallest quintile of 

stocks listed on the New York Stock Exchange outperforms the largest quintile by 0.4 

per cent per annum during the period between 1963 and 1975. While the existence of 

the size effect was subsequently confirmed by Reinganum (1981) and Brown, Kleidon 

and Marsh (1983), other researchers have highlighted a number of issues regarding the 

existence and measurement of the size effect. Keim (1983), for example, shows that a 

large component of the size effect is driven by the January effect. That is, the 

outperformance of small over large firm stocks occurs mostly in the first month of the 

year. Blume and Stambaugh (1983) note, however, that the results of the Keim (1983) 

and Reinganum (1981) studies are biased due to the use of arithmetic returns which 

overestimate the premium by a factor of approximately two times. 

Supporting the argument of a size effect in stock returns is a large body of work 

highlighting evidence across a range of geographic markets. The size effect has been 

identified in: the Japanese stock market (Kato and Schallheim, 1985); European stock 

markets (Heston, Rouwenhorst and Wessels, 1995); major and emerging stock markets 

(Fama and French, 1998); and many others. van Dijk (2011) surveys the size effect 

literature and finds that the stocks of small market-capitalisation companies 

outperform large market-capitalisation stocks in eighteen of nineteen countries 

investigated. He raises several caveats, however, noting that: risk-adjusted returns are 

often not reported; sample sizes, sample periods, and the size of groupings vary across 
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studies; and that many studies lack robustness checks. Although pervasive, the 

evidence is potentially affected by methodological issues. 

There is an enduring debate on the cause of the size effect. While a body of research 

has provided insights into this issue, the debate remains unresolved. While liquidity 

(Amihud, 2002), transaction costs (Stoll and Whaley, 1983) and investor behaviour 

(Hou and Moskowitz, 2005) have been linked to the size effect, the dominant theory 

explaining the size effect is risk. Chan et al. (1985) argue that the higher returns of 

small capitalisation stocks are a result of higher risk. Exploring this relationship 

further, the size effect has been linked to: the higher sensitivity of small firms to 

economic changes (Chan and Chen, 1991); asymmetric risk across bull and bear 

markets (Ang and Chen, 2002); asymmetry risk across recessions and expansions 

(Perez-Quiros and Timmermann, 2000); the default effect (Vassalou and Xing, 2004); 

innovations in investment opportunities (Petkova, 2006); and shocks to aggregate 

default risk and the average level of the term structure (Aretz, Bartram and Pope, 

2010). Demonstrating that size can explain the cross-section and time series of stock 

returns, Fama and French (1992, 1993) argue that it is a proxy for a macroeconomic 

risk-factor. In contrast, Zhang (2006) reports that the behaviour of the size effect is 

more like a proxy for uncertainty than a common risk factor in stock returns. Although 

there are many competing theories of what causes the size effect, the breadth of 

evidence presents a compelling case that it is consistent with a rational risk 

explanation. 

2.5.1.3 Value 

Among the various characteristics shown to explain average stock returns, the book-to-

market ratio, or value effect, is one of the most prominent. Book-to-market equity 

(BE/ME) is the ratio of a firm’s accounting (book) value to the market value of its 

equity. Stattman (1980) and Rosenberg, Reid and Lanstein (1985) provide evidence 

that stock returns in the U.S. are positively related to BE/ME. Evidence of a value 

effect in other markets and time periods include: Japanese stocks (Chan, Hamao and 
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Lakonishok, 1991); European and Japanese stocks (Capaul, Rowley and Sharpe, 

1993); developed and emerging market stocks (Fama and French, 1998); regional 

stock portfolios: North America, Europe and Asia Pacific, and Japan (Fama and 

French, 2012); and U.S. stocks (Fama and French, 1992). Further evidence is provided 

by Davis, Fama and French (2000) who show that the value effect is present in U.S. 

stocks as far back as 1929. In contrast to this evidence, Fama and French (2015) note 

that the addition of the profitability and investment factors to their five-factor model 

render the value factor redundant; however, this conclusion is disputed by Asness et al. 

(2015). The substantial body of evidence related to the existence of the value risk-

factor make it a prime candidate for exploring the behaviour of risk-factor 

diversification. 

Explanations of the value effect can be broadly categorised as either risk- or 

behavioural-based. Fama and French (1993) argue that the value effect is 

compensation for risk consistent with the ICAPM or APT. Exploring the risk-based 

explanation, research has documented a relationship between the value effect and 

default risk (Vassalou and Xing, 2004); changes in financial investment opportunities 

(Petkova, 2006); stockholders limited liability (Hwang et al., 2010); changing credit 

and interest rate conditions (Hahn and Lee, 2006); firm stress, leverage, and earnings 

uncertainty (Chen and Zhang, 1998); earnings and profitability (Fama and French, 

1995); and future GDP growth (Liew and Vassalou, 2000). Despite the ongoing debate 

over the exact relationship, there is a breadth of research supporting the risk-based 

explanation of the value risk-factor.  

However, risk is not the only theory offered to explain the value effect. Lakonishok, 

Shleifer and Vishny (1994) speculate that the high BE/ME is associated with 

judgemental errors made by investors and the behavioural traits of institutional 

investment managers. Barberis and Huang (2001) relate the existence of a value 

premium to loss aversion. The exact mechanism causing the value effect is still subject 

to debate, although the weight of evidence appears to favour a risk explanation. The 
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breadth of empirical evidence explored in the literature and the depth of analysis 

provide a compelling case for including value in the empirical studies of this thesis. 

2.5.1.4 Momentum 

Momentum is considered to be the most puzzling anomaly described in the finance 

literature. First addressed by Jegadeesh and Titman (1993), momentum is the excess 

return generated from buying and selling assets based on their recent performance. In 

their study, Jegadeesh and Titman (1993) find evidence of abnormal profits for a 

simple strategy that buys a portfolio of stocks that have exhibited relatively good 

recent performance and selling a portfolio of stocks that have exhibited relatively poor 

recent performance. The positive excess returns remain after controlling for systematic 

risk and lead/lag effects between stocks. 

The work of Jegadeesh and Titman (1993) began a line of inquiry that has investigated 

the phenomenon in a variety of listed markets. Evidence of momentum has been found 

in: global equity markets (Griffin, Ji and Martin, 2003 and Rouwenhorst, 1998); 

currency markets (Okunev and White, 2003); commodity markets (Miffre and Rallis, 

2007 and Shen, Szakmary and Sharma, 2007); multi-asset classes (Blitz and Van Vliet, 

2008 and Asness, Moskowitz and Pedersen, 2013); corporate bonds (Jostova et al., 

2013); and government bonds (Van Luu and Yu, 2012). The empirical evidence of the 

momentum anomaly is pervasive across a diverse range of investment markets. 

Two main schools of thought exist on why such an anomaly exists. The first is the 

behavioural school which postulates that momentum profits result from cognitive 

biases that affect the way investors interpret information. Barberis, Shleifer and Vishny 

(1998), Daniel, Hirshleifer and Subrahmanyam (1998), and Hong and Stein (1999) 

offer behavioural explanations supporting this point of view. The other widely held 

view is that momentum profits are related to risk. Chordia and Shivakumar (2002) 

suggest cross-sectional variation in returns can explain momentum, while Li et al. 

(2008) provide evidence that momentum is a compensation for idiosyncratic risk. Less 

commonly referred to in the literature is the view that momentum is due to the 
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relationship between realised and expected returns. Berk, Green and Naik (1999) and 

Conrad and Kaul (1998) argue that momentum is simply a manifestation of stocks with 

high realised returns having high expected returns. This view, however, is disputed by 

Grundy and Martin (2001). As with the other risk factors discussed, the rationale 

supporting the momentum effect has not been settled. Despite the continuing 

conjecture of what causes momentum, the pervasive empirical evidence of momentum 

profits, provides a compelling case for its inclusion as a risk factor in this thesis. 

2.5.1.5 Term 

The ‘term’ risk factor, or term premium, is the name given to the excess return earned 

by long-maturity bonds over short-maturity bonds. Despite the potential difficulties in 

measuring it, various studies have demonstrated the existence of a term premium.
23

 

Ilmanen (1995) provides evidence of a positive, varying term premium in four out of 

six countries studied during the period 1978 to 1993. In a study of 19 countries, 

Dimson, Marsh and Staunton (2012) show the return on bonds exceeds the return on 

short-term bills for the period 1900 to 2010. Fama and French (1993) provide evidence 

that the term structure is the primary factor that explains the cross-sectional variation 

in U.S. government and corporate bond returns. Consistent with the previous literature, 

they show that historically, realised returns on bonds increase with time to maturity. 

The breadth of research supports the existence of a positive term premium. 

Various theories have been offered as explanations for the term premium on bonds. 

The liquidity preference model of Hicks (1939) proposes that forward rates will exceed 

expected spot rates. That is, the expected rate of return on a long-maturity bond will 

exceed the return on a series of short-maturity bonds. The Market Segmentation 

Hypothesis of Culbertson (1957) argues that investors have specific maturity 

preferences. Similarly, Modigliani and Sutch (1966) propose the Preferred Habitat 

Theory where investors require higher returns to invest outside of their preferred 
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 Establishing the existence of the term premium and measuring its size can be difficult as bond prices 

include future interest rate expectations. See Kim and Orphanides (2007) for a summary of the various 

methods of measuring the term premium. 
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maturity range. In contrast, the Pure Expectations Hypothesis posits that the price of 

longer-maturity bonds reflect future rate expectations only, that is, there is no premium 

associated with holding longer dated bonds. The less strict Expectations Hypothesis 

allows for a constant premium; however, Fama and Bliss (1987), Campbell and Shiller 

(1991), and Cochrane and Piazzesi (2005), among others, provide evidence against this 

theory. Continuing the theme of the previous risk factors discussed here, the theory 

explaining the term premium is an unresolved debate; however, the empirical evidence 

of a positive but varying return premium is compelling. 

2.5.1.6 Credit 

Credit risk is the probability an investment experiences a loss from an event such as a 

default, bankruptcy, capital restructuring, or a change in credit rating. In theory, 

investors require a return premium as compensation for bearing the future cash-flow 

uncertainty and potential losses associated with credit risk. Ng and Phelps (2011) find 

a premium of 0.48 per cent per annum for bearing investment grade credit risk, while 

Giesecke et al. (2011) find a premium of 0.80 per cent per annum over a 150 year 

period. Dimson et al. (2012) find that the highest grade U.S. corporate bonds earn a 

premium of 0.68 per cent per annum above U.S. Treasury bonds. Luu and Yu (2011) 

also find evidence of a credit premium between 1926 and 2009. In contrast, Fama and 

French (1993) find little evidence that investors are rewarded for bearing credit risk, 

albeit over a shorter time-period than those explored in the more recent studies. Elton 

et al. (2001) also find that default risk can only explain a small fraction of the spread 

between corporate and risk-free bonds; however, Longstaff, Mithal and Neis (2005) 

find that default risk accounts for the majority of the credit premium over risk-free 

bonds. While the empirical evidence of a positive premium argues for including credit 

in this thesis, perhaps the more compelling case is the existence of an ex-ante theory 

supporting the existence of a credit premium. 
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2.5.1.7 Other candidates 

The six risk factors selected for this thesis and discussed above are meant to be 

representative of the types that may be employed in the risk-factor framework. The 

review has focused on these six as they are supported by a deep body of literature and 

analysis that has spanned multiple decades and geographic markets. However, as 

pointed out in Harvey et al. (2016), a multitude of potential candidates have been 

identified in the literature. As noted previously, risk factors linked to economic 

variables were not considered for this thesis as they introduce complexities into 

research design because, in most cases, they are not directly investable. But beyond 

these economic factors there are also other investment portfolio based factors.  

Market liquidity, for example, explored in Pástor and Stambaugh (2003), Acharya and 

Pedersen (2005), Sadka (2006), Liu (2006), and Korajczyk and Sadka (2008) has 

received increasing attention, so too market volatility explored in Ang et al. (2006), 

Adrian and Rosenberg (2008), Kumar et al. (2008) and Brière, Burgues and Signori 

(2010). These candidates, however, have not been subject to extensive academic 

attention and are yet to gain wide acceptance in the investment industry. Profitability 

(Novy-Marx, 2013) and capital investment (Titman, Wei and Xie, 2004) are also 

potential candidates, they are investable and feature in the Fama and French (2015) 

five-factor model. While this model captures the movements in average stock returns 

more effectively than the three-factor model, the underlying factors are yet to receive 

the attention and prominence of the three- and four-factor models which guide this 

thesis. Unlike the six risk factors previously identified and employed in this thesis, the 

risk factors described above do not have an extensive out-of-sample academic record. 

This section has explored the candidate risk factors necessary for evaluating the 

behaviour of risk-factor diversification. These investments, along with the portfolio 

selection techniques explored in Section 2.4, provide the constructs required for the 

empirical studies of this thesis. The next section explores the three strands of literature 

that are specifically associated with each of the three empirical studies in this thesis. 
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This literature provides the analytical tools necessary for evaluating the behaviour of 

risk-factor diversification. 

2.6 Evaluating risk-factor diversification 

To this point, the review has focused on the literature which i) provides the context for 

and motivates the research; and ii) informs the construction of the investment 

portfolios employed in this thesis. That is, the discussion so far has been general in 

nature and frames the entire thesis. The review now turns to the literature which is 

specifically associated with each of the three empirical chapters which separately 

address performance, correlation, and return predictability. The literature in these three 

fields guide and inform the specific research questions explored in each of the three 

empirical chapters. The section on performance focuses on simple but widely used 

metrics for measuring portfolio risk and return. Following on from this is a review of 

correlation, specifically, the various techniques which have been proposed to measure 

the complex dynamics that often exist in the relationship between the returns of 

different investments. Finally, the literature review distils the studies on return 

predictability. This section will focus on the research which has demonstrated evidence 

of economic and statistically significant return predictability. These three fields 

underpin the three empirical chapters of this thesis and inform the research questions 

explored in each. 

2.6.1 Performance 

The behaviour of risk-factor diversification can be evaluated using a wide range of 

methods, and, as with many of the topics touched on in this thesis, there is a deep and 

diverse literature in this field. The focus of Chapter 4 is performance, specifically the 

risk and return characteristics of risk-factor diversification. The discussion below 

focuses on the metrics that have been employed in academia and industry to analyse 

performance and which provide the basis for the analysis undertaken in Chapter 4. 
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2.6.1.1 Risk 

As highlighted previously, investors are risk-averse: they prefer to avoid bearing 

unnecessary risk. Influenced by the work of Markowitz (1952), the most commonly 

employed definition of risk is the variance of returns, or its square root, standard 

deviation.
24

 This measure, although used extensively throughout academia and 

industry, treats risk symmetrically; that is, large positive returns are penalised as much 

as the equivalent negative returns. Recognising this, Markowitz (1959) offered the use 

of semi-variance as a more realistic way of expressing investor preferences. This 

approach of focusing on returns below a certain threshold was further developed by 

Baumol (1963), Bawa (1975), Fishburn (1977), and others; however, the concept 

lacked widespread adoption until the introduction of value-at-risk (VaR) (J.P. Morgan, 

1994). 

VaR is a measure of risk motivated by the need to accommodate non-normal 

distributions and as an attempt to simplify the risk management process. In contrast to 

standard deviation or variance, it is focused on downside risk only. Originally used as 

a risk measurement tool, VaR quantifies downside risk in a single number. 

Specifically, for a given confidence level and time frame, VaR calculates the minimum 

expected loss.
25

 The use of VaR became widespread during the 1990’s because of its 

simplicity and flexibility, and its subsequent incorporation into banking regulations. 

VaR provides a basic indication of the likelihood of loss, and, along with standard 

deviation, informs the research design in Chapter 4. 

A shortcoming of the VaR approach, however, is the lack of guidance it provides on 

losses beyond the stated quantile level. Conditional VaR (CVaR) has been proposed as 

a solution to this problem.
26

 CVaR provides both the frequency of a given expected 

loss as well as the expected size of losses beyond the VaR threshold. CVaR maintains 

                                                 

24
 Bacon (2011) provides a broader definition classifying risk into four categories: compliance, 

operational, counterparty/credit, and portfolio risk. This discussion focuses on risk with regards to return 

uncertainty, that is, portfolio risk, according to his categorisation. 
25

 See Jorion (2000). 
26

 For example, Artzner et al. (1999). 
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the simplicity of the VaR calculation but also provides a description of the loss 

distribution beyond the confidence interval. Importantly, CVaR allows investment 

managers and researchers to gain an insight into the potential size of portfolio losses 

and is a further point of comparing investment performance. In conjunction with VaR 

and standard deviation, it provides a metric for exploring the behaviour of risk-factor 

diversification. 

Other measures of portfolio losses such as drawdown have also been explored in the 

literature. Drawdown is a measure of the cumulative losses sustained in an investment 

portfolio. Specifically, it is the difference between the high-water mark, that is, the 

highest value historically achieved by an investment, and the value of the investment 

on a particular date. Dimson et al. (2012) describe the importance of drawdown as a 

measure of risk noting … a crucial question is how deep portfolio drawdowns can be 

(p.6). Bhansali (2011) also refers to the relevance of drawdown as a measure of 

extreme losses. Expanding on the concept, maximum drawdown is also employed in 

the literature and measures the maximum drawdown historically experienced by an 

investment.
27

 Drawdown and maximum drawdown, along with VaR and CVaR, 

provide an indication of the potential for an investment to suffer an extreme loss and 

provide suitable analytical tools for exploring the behaviour of risk-factor 

diversification. These tools are particularly important in the context of suggestions by 

Bender et al. (2010) and Ilmanen and Kizer (2012) that risk-factor diversification has 

the potential to mitigate extreme loses, and are therefore an important component of 

the research design in Chapter 4. 

2.6.1.2 Risk and return 

As discussed previously, investors are not concerned with risk or return in isolation, 

they are concerned with the relationship between them. Thus, a comparison of two 

investments requires that both risk and return are accounted for. The Sharpe ratio 

(Sharpe, 1970), commonly used by both academics and practitioners, considers both 

                                                 

27
 Refer to Guilleminot, Ohana and Ohana (2014). 
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return and risk. Lo (2002) refers to the Sharpe ratio as one of the most commonly cited 

statistics in financial analysis (p.36). The Sharpe ratio is a straight forward measure 

for comparing the risk-adjusted returns of different investments. Often, however, 

comparisons of Sharpe ratios are made without reference to formal tests of statistical 

significance. Jobson and Korkie (1981) develop a hypothesis test for comparing 

Sharpe ratios, which was later corrected by Memmel (2003). This test is the most 

commonly employed test in the wider finance literature and has been employed in the 

study of risk factor performance by Bird et al. (2013).
28

 Unfortunately, the application 

of this formal test is sporadic, raising questions about the significance of results 

reported in the literature. The empirical analysis in Chapter 4 attempts to avoid this 

issue by using this test to evaluate the statistical significance of differences in 

performance. 

2.6.2 Correlation 

While the overall performance of an investment portfolio is important, so too are the 

characteristics that influence performance. Correlation, for example, can have a large 

impact on a portfolio’s risk-adjusted returns. The MVA framework of Markowitz 

(1952) highlights the importance of correlation in his seminal work on portfolio 

selection. Under this framework, an investment with a low correlation to an existing 

portfolio offers a greater diversification benefit than an investment with a high 

correlation. Imperfect correlations between investments provide a reduction in risk 

when they are employed in a portfolio regardless of the portfolio selection method 

applied. Furthermore, as discussed in Section 2.6.2, correlation has been alluded to in 

the literature as a critical component of the risk-factor approach. 

Given its critical role in portfolio diversification and risk reduction, correlation has 

attracted a great deal of academic attention. A range of methods have been employed 

to calculate correlation and analyse its attributes. These include: sub-period correlation 

                                                 

28
 More recently, Ledoit and Wolf (2008) propose a robust test of difference using bootstrapping. This 

new test, however, is computationally intensive and has been infrequently employed in the finance 

literature. 
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(Kaplanis, 1988); rolling correlation  (Wainscott, 1990 and Erb, Harvey and Viskanta, 

1994); semi correlation (Erb et al., 1994); quantile correlation (Campbell, Koedijk and 

Kofman, 2002); and exceedance correlation (Longin and Solnik, 2001). Each of these 

methods produces an insight into the complex behaviour of return correlations and 

provide a suitable means of exploring this topic as it relates to risk-factor 

diversification. Additionally, they are important in the context of the research 

questions considered in Chapter 5. 

This complexity in return correlation is particularly relevant to this thesis. In Section 

2.2.3, it was noted that asset-class diversification is less effective during periods of 

market stress. That is, the perceived benefits of diversification are not realised when 

they are most required. Longin and Solnik (2001), Ang and Chen (2002), Butler and 

Joaquin (2002), Hong et al. (2007), and Ferreira and Gama (2010) show that the 

correlation between investment returns increases when returns are negative. This 

phenomenon is referred to as correlation asymmetry. Ang and Chen (2002) also show 

that when correlations are incorrectly assumed to be symmetric, portfolios experience 

larger losses during down markets and lower returns during up markets. In general, by 

incorrectly assuming correlation symmetry, investors can over-estimate the benefits of 

portfolio diversification. 

These asset-class findings contrast with those for risk factors highlighted in Section 

2.3.3.3. That is, the risk-factor literature alludes to the positive impact return 

correlations have on the effectiveness of diversification. In the context of the empirical 

evidence discussed previously and the analytical tools reviewed in this section, 

Chapter 5 explores the correlation of risk factor returns and their impact on risk-factor 

diversification. 

2.6.3 Predictability 

Similar to correlation, return forecasting performs an important role in the portfolio 

selection framework of Markowitz (1952) and it has captured the attention of 

academics for many decades. Despite the voluminous academic literature on the topic, 
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debate on the effectiveness of return forecasts continues.
29

 As new findings have been 

published, the literature on predictability has evolved from returns being random and 

essentially unpredictable (Fama, 1970), to returns exhibiting some degree of in-sample 

predictability (Campbell, 2000), to returns exhibiting poor out-of-sample predictability 

(Welch and Goyal, 2008). More recently, a range of modelling techniques have 

demonstrated that out-of-sample predictions can offer statistically and economically 

significant out-of-sample gains. 

Rapach and Zhou (2013) categorise four techniques that offer forecasting potential: 

economically motivated model restrictions (Campbell and Thompson, 2008 and 

Ferreira and Santa-Clara, 2011); diffusion indices (Ludvigson and Ng, 2007 and Neely 

et al., 2013); regime shifts (Guidolin and Timmermann, 2007; Henkel, Martin and 

Nardari, 2011; and Dangl and Halling, 2012); and forecast combination (Rapach et al., 

2010 and Kong et al., 2011). These areas present fertile ground for further studies into 

return predictability and help frame the research questions explored in Chapter 6 of 

this thesis. 

While the broader predictability literature is extensive, applications examining risk-

factor predictability are scarce. Predictability, as it relates to risk-factor diversification, 

is examined indirectly in Kritzman, Page and Turkington (2012). Rather than 

forecasting risk factors directly, the authors forecast investment regimes and change 

the portfolio configurations to suit, based on the forecast probabilities. Some of the 

risk-factor investments employed in this thesis have featured in the predictability 

literature, for example: credit (Luu and Yu, 2011 and Hong, Lin and Wu, 2012); size, 

value, and market (Guidolin and Timmermann, 2008); value and size (Copeland and 

Copeland, 1999 and Kong et al., 2011); market (Rapach et al., 2010 and Zhu and Zhu, 

2013); and term (Choong, Koh and Ramaswamy, 2006 and Francis and Hua, 2012). To 

date, however, no research has examined the predictability of a range of multi-asset 

                                                 

29
 Surveys of the literature are many and include: Fama (1991), Cochrane (1999), Campbell (2000), and 

Rapach and Zhou (2013). 
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risk-factors using a single model. Chapter 6 addresses this gap in the literature by 

examining the predictability of risk-factor investments. 

2.7 Summary 

This review focused on three areas essential to the task of exploring the behaviour of 

risk-factor diversification: its context and motivation, the required empirical 

constructs, and the necessary analytical tools. The key issues to emerge from the 

literature, in the context of this thesis, are the following. 

First, the empirical evidence related to the effectiveness of asset-class diversification 

has motivated research into risk-factor diversification. This emerging field is based on 

the ICAPM and APT which present theories that multiple sources of risk are rewarded. 

To date, the empirical evidence related to risk-factor diversification has suggested it is 

an effective means of portfolio diversification due to its relatively strong risk-adjusted 

returns and performance during stress markets: these areas frame the research 

questions explored in this thesis. 

Second, an exploration of risk-factor diversification requires a means of combining 

investments in a portfolio and the definition of those investments. A range of portfolio 

selection techniques were highlighted from an extensive portfolio selection literature 

as suitable constructs for this thesis: mean-variance analysis, risk-based and equal 

weighted approaches. Equally as extensive is the literature related to potential risk 

factors. While the ICAPM and APT provide a theoretical foundation for risk-factor 

diversification, they do not offer a list of candidate risk factors for use in a study such 

as this one. Six risk factors were identified in the literature as suitable for this study: 

market, size, value, momentum, credit and term. These risk factors were selected based 

on the work of Fama and French (1992, 1993, 1996) and Carhart (1997), and the 

extensive literature devoted to each. The choice of portfolio selection techniques and 

risk factors is guided by the desire to employ constructs which will help clarify rather 
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than obscure the behaviour of risk-factor diversification. These topics provide a basis 

for the research design of this thesis. 

Third, this thesis focuses specifically on the performance, return correlation, and return 

predictability of risk-factor diversification. The analytical techniques of each topic 

were reviewed to uncover techniques suitable for exploring the behaviour of risk-factor 

diversification. The three topics covered are related to each of the three empirical 

chapters of this thesis, and, while these areas have received extensive coverage in the 

wider finance literature, they remain largely unexplored in the specific area of risk-

factor diversification. These topics are critical in shaping the empirical studies within 

this thesis. 

In exploring these topics, this review has identified four gaps in the literature related to 

risk-factor diversification. First, the literature has employed a wide range of complex, 

international investment strategies to highlight the benefits of risk-factor 

diversification. To date, a study which employs widely researched risk factors with a 

large supporting body of literature has not been undertaken.  In an attempt to address 

this gap in the literature, this thesis employs six well researched risk factors as the 

basis for its empirical studies.  Second, while the literature has highlighted the 

potential benefits of the risk-factor approach, an in depth analysis of performance 

across a range of scenarios is lacking. Chapter 4 contributes to the literature by 

analysing the performance of risk-factor diversification across various dimensions: 

portfolio selection techniques, market/economic conditions, and time periods. Third, it 

has been identified that the correlation between risk factor investment returns 

contributes to reducing total portfolio volatility; however, there is a scarcity of 

knowledge on the correlation between risk factor returns. Chapter 5 addresses this gap 

by examining the dynamics of risk factor correlations using exceedance correlation. 

Finally, the effectiveness of forecasts of risk-factor returns has not been explored in the 

literature. Chapter 6 examines the effectiveness of combination forecasts in the context 

of risk-factor diversification. 
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The remainder of this thesis is structured as follows. Chapter 3 describes the data 

employed to create the return series for the risk-factor investments employed in this 

thesis. Chapter 4 examines the performance of risk-factor diversification. Chapter 5 

explores the correlation between risk-factor investment returns and examines their 

impact on portfolio return distributions. Chapter 6 delves into the predictability of risk-

factor investment returns and Chapter 7 provides concluding remarks. 
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3 Data 

As previously discussed, Fama and French (1996) argue that the factors employed in 

their three-factor asset pricing model are proxies for state variables in the spirit of the 

ICAPM. The practical benefit of this view is that these factors can be replicated by 

academics and practitioners. In contrast, economic factors, such as those identified in 

Chen et al. (1986), are not directly investable placing a greater burden on investors 

looking to adopt this approach in practice. With these points in mind, this thesis 

employs investable stock and bond portfolios as proxies for risk factors. Following 

Fama and French (1992, 1993, 1996) the risk factor returns employed in this thesis are 

calculated as the difference between the returns on two portfolios (value, size, 

momentum and credit) or between a single portfolio and the risk-free rate (market and 

term). That is, they are long/short zero-cost portfolio returns. 

In the spirit of the Fama and French body of work, the zero-cost portfolios are 

constructed to mimic the underlying risk factors related to the six highlighted in 

Section 2.5.1. This approach has been used extensively in the wider finance literature 

as well as the risk-factor diversification literature.
30

 These long/short portfolios have 

been critiqued from a practical perspective as it can be difficult and costly to establish 

short-positions in securities; however, they are more closely aligned to the portfolios 

established, employed, and studied in the academic literature.  

A further practical consideration relevant to this thesis is how to define asset class 

investments. Academics and practitioners generally represent asset class investments 

using a portfolio that invests in a large number of securities within the particular asset 

class. The most common specification employs market-value weights of each security. 

This approach is very much in the spirit of the CAPM which argues investors should 

hold a small amount of every available investment: a market-value weighted index is 

                                                 

30
 For example, Frazzini and Pedersen (2014), Novy-Marx (2013), and Asness et al. (2013) in the wider 

literature and Bender et al. (2010), Ilmanen and Kizer (2012), and Bird et al. (2013) in the risk-factor 

diversification literature. 
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the closest practical representation of such a portfolio. Market-value weighted 

portfolios are employed in this thesis to represent the stock and bond asset classes used 

in the 60-40 portfolio. 

The research questions explored in this thesis focus on the behaviour of risk-factor 

diversification. As part of the research design process attention has been directed to 

investable factors and away from economic factors because of the difficulties in 

investing in the latter. However, even the risk factors selected for this thesis, based on 

investable portfolios, are not perfectly replicable in reality. One of the key reasons for 

this is the impact of transaction costs, the drag on performance associated with the 

actual implementation of trades on the market. 

Novy-Marx and Velikov (2016) note that transaction costs always reduce investment 

strategy profitability. That is, the profits estimated in academic studies are not 

representative of those available to actual investors. A deep literature has studied the 

impact of transaction costs on stocks; for example, Roll (1984), Jones and Lipson 

(2001), and Hasbrouck (2009) and bonds; for example, Schultz (2001), Chakravarty 

and Sarkar (2003) and Edwards, Harris and Piwowar (2007); however, there is a 

continuing debate over the size of the impact trading costs have on investment returns. 

Stoll and Whaley (1983) find that transaction costs partially account for the size risk 

factor, and Korajczyk and Sadka (2004) conclude similarly for momentum. However, 

as demonstrated in Korajczyk and Sadka (2004), Frazzini and Pedersen (2014) and 

Novy-Marx and Velikov (2016), the impact of transaction costs can be mitigated by 

adjusting the rules used to form portfolios. Furthermore, these authors find that the 

profitability of these investments is robust to transaction costs but only to a certain 

point. As capital is deployed to these strategies, profitability declines due to the 

negative impact of trading on excess returns.  

These findings raise an important question in the context of research design; that is, 

should return time-series be adjusted for transaction costs? One the one hand, 

employing returns net of transaction costs potentially provides more realistic results. 
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However, if transaction costs are considered, should cost mitigation techniques also be 

applied? The overriding principles that guide research design in this thesis are 

simplicity and transparency. Adjusting return-series for transaction costs potentially 

compromises both of these principals, thus the incorporation of transaction costs is 

considered beyond the scope of this thesis. 

3.1 Risk factors 

This thesis employs the six U.S. risk-factors reviewed in Section 2.5.1: market, size, 

value, momentum, credit, and term. These investments have appeared frequently in the 

risk-factor investment literature and have been extensively explored in the wider 

finance literature. The data used to represent the risk-factor investments in this thesis 

was obtained from the Kenneth French website and has been widely employed in the 

academic literature.
31

 This thesis employs monthly returns for the period January 1973 

to December 2012 expressed in U.S. dollar terms. Total returns for the risk-factors are 

created by adding the return of the one-month U.S. Treasury Bill rate to the returns of 

the long/short zero-cost portfolio returns which are calculated as outlined below. More 

detailed descriptions of the momentum, size, value and market risk-factors are 

available on the Kenneth French website. Davis et al. (2000) and Fama and French 

(1993) also provide an in-depth discussion of the portfolio sorting process. 

Momentum 

The momentum factor return series is based on six value-weighted portfolios formed 

on market-capitalisation and prior returns. These six portfolios are the intersections of 

two portfolios formed on size and three portfolios formed on prior returns. Returns are 

calculated as the average return on the two high prior return portfolios minus the 

average return on the two low prior return portfolios. Prior returns for month t are 

calculated using the 12 month return between month t-2 and month t-13. Portfolios are 

reformed monthly. 

                                                 

31
 We acknowledge and thank Ken French for the data used in this study. Data was accessed from 

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html 
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Size 

The size risk factor return series is based on six value-weighted portfolios formed on 

market-capitalisation and book equity to market equity. These six portfolios are the 

intersections of two portfolios formed on size and three portfolios formed on book-to-

market. Returns are calculated as the average return on the three small market-

capitalisation portfolios minus the average return on the three large market-

capitalisation portfolios. The size factor employed in this thesis is based on the SMB 

factor published on the Kenneth French website. 

Value 

Similarly to the size risk factor, the value return series is based on six value-weighted 

portfolios formed on market-capitalisation and book equity to market equity. Returns 

are calculated as the average return on the two high value portfolios minus the average 

return on the two low portfolios. The value factor employed in this thesis is based on 

the HML factor published on the Kenneth French website. 

Market 

The market factor is the excess return of the value-weighted portfolio of stocks listed 

on the NYSE, AMEX, or NASDAQ from the CRSP database minus the risk-free rate. 

The market factor employed in this thesis is based on the market factor published on 

the Kenneth French website. 

Risk-free rate 

The risk-free rate employed in this thesis is the return on one-month Treasury bills 

published by Ibbotson and Associates and made available on the Kenneth French 

website. 

Term 

The term factor is the return of a portfolio of U.S. Treasury bonds above the risk-free 

rate. The term factor employed in this thesis is calculated as the return on the Barclays 

Capital U.S. Long Treasury Index minus the risk-free rate. This definition of the term 
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risk factor is consistent with previous studies by Bender et al. (2010) and Bird et al. 

(2013). 

Credit 

The credit factor is the return on a portfolio of investment grade U.S. bonds minus the 

return on a portfolio of U.S. Treasury bonds. Similar to Bird et al. (2013), the credit 

factor employed in this thesis is calculated as the return on the Barclays Capital U.S. 

Credit Index minus the return on the Barclays Capital U.S. Long Treasury Index.
32

 

Noting the critique of Hallerbach and Houweling (2011), the return on the Treasury 

Index is scaled by a duration adjustment factor to minimise the impact of the term risk 

factor on returns.
33

 The credit factor return is calculated as: 

 𝑟𝑖,𝑡 = 𝑟𝐶𝐼,𝑡 − 𝑟𝑇𝐼,𝑡. 𝑑𝑡 

 

(3.1) 

where 𝑟𝐶𝐼,𝑡 is the return on the Barclays Capital U.S. Credit Index, 𝑟𝑇𝐼,𝑡 is the return on 

the Barclays Capital U.S. Long Treasury Index, and the duration adjustment factor, 𝑑𝑡 

is: 

 
𝑑𝑡 =

𝑑𝐶𝐼,𝑡−1
𝑑𝑇𝐼,𝑡−1

⁄  

 

(3.2) 

where 𝑑𝐶𝐼,𝑡−1 is the duration of the Barclays Capital U.S. Credit Index at the end of the 

previous month and 𝑑𝑇𝐼,𝑡−1, is the duration of the Barclays Capital U.S. Long Treasury 

Index at the end of the previous month. 

                                                 

32
 Bird et al. (2013) calculate the credit risk factor using the Barclays High Yield Index minus the 

Barclays U.S. 10-year government Bond Index. This is conceptually similar to the approach used in this 

thesis, however, their indexes are more narrowly defined than those used here. 
33

 We would like to thank an anonymous referee for suggesting the credit risk-factor return be adjusted 

for duration. 
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3.2 Asset classes 

Stocks 

The stock return represents the return on a diversified portfolio of U.S. stocks. This is 

defined in this thesis as the total return of the value-weighted portfolio of stocks listed 

on the NYSE, AMEX, or NASDAQ from the CRSP database. This dataset is 

employed in the risk-factor literature by Ilmanen and Kizer (2012) and is made 

available on the Kenneth French website. This series is identical to the market risk-

factor return series. 

Bonds 

The bond return represents the return on a diversified portfolio of investment grade 

U.S. bonds which is defined in this thesis as the Barclays Capital U.S. Aggregate Bond 

Index. This index covers a range of maturities and credit qualities taken from the 

Treasury, Government-related, and Corporate bond sectors. It also covers the 

Mortgage-, Asset-, and Collateralised Mortgage-backed security sectors.
34

  

3.3 Descriptive statistics 

The summary statistics presented in Table 3.1 confirm that the past four decades have 

delivered relatively favourable returns for the traditional asset classes of stocks and 

bonds and their respective risk factors. Momentum recorded the highest average 

monthly return (1.14 per cent) across both risk factors and asset classes. The market 

risk factor/stock asset class (0.9 per cent) and value risk factor (0.84 per cent) were 

also among the top performers. The performance of the bond asset class and term risk 

factor were similar, averaging 0.77 and 0.76 per cent, respectively. The worst 

performers in terms of average returns were the size and credit risk factors which 

averaged 0.65 and 0.64, respectively. 

                                                 

34
 Bird et al. (2013) employ a narrower index, the Barclays 10-year Government Bond Index, to 

represent the bond asset-class in their study. Their index represents the Treasury market only. 
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Risk, as measured by standard deviation, also varies across investments during the 

period. The market risk factor/stock asset class (4.68 per cent) and momentum risk 

factor (4.57 per cent) recorded the highest levels of risk. The standard deviations of the 

size (3.16 per cent), value (3.07 per cent) and term (3.02 per cent) risk factors are all 

similar, while the credit risk factor recorded the lowest level of risk (1.09 per cent), 

notably lower than the other risk factors and asset classes. Consistent with economic 

theory, the bond asset class registered lower risk (2.8 per cent) than the stock asset 

class. 

Despite the differences in returns and risk across the asset class and risk factors, risk-

adjusted returns are relatively consistent across investments. Credit was the best 

performer in terms of risk-adjusted returns, achieving a Sharpe ratio of 0.18 during the 

sample period. In contrast, the size factor exhibited the lowest Sharpe ratio at 0.07. 

Excluding these two investments, the remaining Sharpe ratios occur in a range between 

0.10 and 0.15. 

In their study, Ilmanen and Kizer (2012) note that the risk factors they employ achieve 

higher Sharpe ratios than the asset classes they compare them to. The sophisticated 

risk factors that these authors use, constructed from a diverse range of markets, 

influence their results. In contrast, the risk factors employed in this study have an 

average Sharpe ratio only slightly higher than their comparable asset classes. The risk-

factor building blocks used in this study are not noticeably better, in terms of risk-

adjusted performance, than the competing asset-class building blocks. By employing 

investments with similar risk-adjusted returns, this comparison provides a more even 

playing field, furthering our understanding of these competing investment approaches. 

Examining risk as measured by VaR, CVaR, and the drawdown measures (depth and 

length), the investments exhibit a range of outcomes. During the sample period, credit 

exhibited the lowest level of risk as measured by VaR (-0.8 per cent) and CVaR (-2.39 

per cent), as well as the entire suite of drawdown measures (and standard deviation). 

The momentum and market risk factor/stock asset class exhibit the highest risk across 
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the VaR and CVaR risk measures, and drawdown statistics; however, as noted 

previously, this is also accompanied with higher returns. An alternative perspective on 

risk, time underwater, measures the percentage of time an investment remains below 

its historical maximum valuation. It is largely consistent across most of the risk factors 

and asset classes ranging between 64.58 and 74.17 per cent. The credit risk factor is 

the notable exception spending a remarkably small 23.13 per cent of the time below its 

previous maximum valuations. 

The risk-factor returns exhibit varying degrees of skewness and kurtosis. The term and 

size risk factors and bond asset class are positively skewed while the other investments 

are negatively skewed, although in the case of the value risk factor skewness is only 

marginally negative (-0.01). The size, credit and momentum risk factors are leptokurtic 

while the other risk factors and both asset classes are mesokurtic. Testing for 

normality, the Jarque-Bera statistics are all highly significant rejecting normality for all 

investments at the one per cent level. 

Figure 3.1 illustrates the monthly returns for each of the investments as well as the 

cumulative return series. The data series covers the period from January 1973 to 

December 2013 and includes a number of notable market events including the Stock 

Market Crash of October 1987, the bursting of the ‘Tech Bubble’ in March 2000, and, 

most recently, the Global Financial Crisis (GFC) which occurred in 2008. Consistent 

with Vanstone and Hahn (2015), who identify that the GFC impacts on momentum 

returns, these episodes are characterised by generally large negative returns and are 

particularly important for the empirical study in Chapter 4.  

Overall, the return series offers a suitable sample for studying the behaviour of risk-

factor diversification. The data reports relatively similar risk-adjusted returns between 

the risk-factor and asset-class investments providing a suitable foundation for the 

comparison conducted in Chapter 4. The size of the sample period provides a variety 

of market conditions, spans multiple market cycles and covers various market stress 

events providing a suitable basis for exploring the research questions in this thesis. 
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Table 3.1 Risk-Factor and Asset-Class Statistics, 1973–2012 

   
This table presents the summary statistics of the monthly total returns of the risk factors and asset classes employed in this study. Statistics for the 

six risk factors: term, market, size, value, credit and momentum are expressed in U.S. dollar terms and are calculated as the difference between 

the returns on two portfolios, as outlined in Section 3.1, plus the return of the one-month U.S. Treasury Bill rate. Stock returns are the value-

weighted returns of stocks listed on the NYSE, AMEX, or NASDAQ exchanges from the CRSP database. Bond returns are the returns of the 

Barclays Aggregate US Government and Credit index. Data is sourced from the Kenneth French data library and Barclays Capital. 

 

 

Term Market Size Value Credit Mom. Bonds Stocks

Arithmetic average return 0.76 0.90 0.65 0.84 0.64 1.14 0.77 0.90

Standard deviation 3.02 4.68 3.16 3.07 1.09 4.57 2.80 4.68

Sharpe ratio 0.11 0.10 0.07 0.13 0.18 0.15 0.12 0.10

Monthly 95% VaR -3.97 -7.28 -3.72 -3.91 -0.80 -6.41 -3.68 -7.28

Monthly 95% CVaR -5.49 -10.36 -5.83 -6.23 -2.39 -10.97 -5.22 -10.36

Skew 0.40 -0.52 0.61 -0.01 -0.82 -1.47 0.31 -0.52

Kurtosis 1.79 1.93 6.60 2.35 8.91 10.80 2.19 1.93

Median 0.75 1.25 0.55 0.80 0.65 1.27 0.81 1.25

Maximum 14.33 16.61 22.43 14.23 5.76 18.82 14.16 16.61

Minimum -8.94 -22.64 -15.92 -12.17 -6.64 -34.73 -8.84 -22.64

Jarque-Bera statistic 74.88 92.87 879.80 107.25 1603.75 2452.77 101.03 92.87

Jarque-Bera p -value 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Maximum drawdown depth -20.07 -50.37 -27.31 -40.52 -14.29 -57.52 -21.75 -50.37

Average drawdown depth -4.48 -8.01 -5.88 -4.53 -1.46 -8.00 -3.86 -8.01

Maximum drawdown length (months) 36.00 73.00 44.00 51.00 14.00 60.00 37.00 73.00

Average drawdown length (months) 5.66 7.10 8.33 5.62 2.89 7.14 4.84 7.10

Time underwater 68.54 74.17 73.13 64.58 23.13 65.42 64.79 74.17
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Figure 3.1 Risk factor monthly and cumulative returns 

 

 

 

 

 

 

Continued on next page 

 



60 

 

Continued from previous page 

 

 

 

 

Continued on next page 

 



61 

 

Continued from previous page 

 

 

 

 

Continued on next page 

 



62 

 

 

Continued from previous page 

 

 

 

 

  



63 

 

4 The performance of risk-factor diversification 

4.1 Introduction 

The literature review in Chapter 2 identified that, historically, investment portfolios 

have been constructed by diversifying across asset classes. Beginning with domestic 

stock and bond markets, investors have progressively added international and 

alternative assets in an attempt to achieve more effective diversification. This 

traditional approach to diversification has been challenged, however, with portfolio 

returns lower than expected during periods of market turmoil, particularly during the 

global financial crisis of 2008. Further challenging this approach is the empirical 

evidence of common risks among diverse assets and the occurrence of larger than 

expected losses during stress markets. Investors, who think they are sufficiently 

diversified across asset classes, often discover that as market volatility increases, 

correlations between assets rise, thus challenging the notion of asset-class 

diversification.
35

 

An alternative approach to achieving portfolio diversification is through the use of 

risk-factor investments. Clarke et al. (2005), Bender et al. (2010), Ilmanen and Kizer 

(2012), Bird et al. (2013) and others argue that the risk-factor diversification 

framework is superior to the received asset-class diversification approach. These 

studies, however, generally lack formal statistical testing of results; provide little 

guidance on how performance is impacted by factors, such as market stress and 

portfolio selection techniques; and do not examine performance variation over time. 

Furthermore, these studies employ a diverse and often complex array of investments 

styled as risk factors. 

The objective of this study is to evaluate the performance of risk-factor diversification 

across multiple dimensions: portfolio selection techniques, periods of market stress, 

                                                 

35
 Longin and Solnik (2001) show this effect in international stock markets, and Chua, Kritzman and 

Page (2009) demonstrate a similar characteristic across a wider range of asset-classes. The phenomenon 

of non-linear correlation in the context of risk-factor diversification is studied in Chapter 5. 
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and time-periods. This objective is undertaken in the context of comparatively simple, 

single-market, stock and bond risk factors: market, value, size, momentum, credit, and 

term.
36

 Much of the previous literature has constructed portfolios diversified across a 

wide range of risk-factor investments, encompassing different geographies, strategies 

and asset markets. Many of the risk-factor investments employed in the existing 

literature, however, are not supported by a deep body of research. Investors may be 

unable or unwilling to invest in some of the more exotic or complex risk factors 

featured in the previous literature.
37

 For the first time, this study focuses on risk-factor 

investments derived from U.S. stock and bond markets only. 

As addressed in the literature reviewed in Chapter 2, there are two primary reasons for 

restricting the candidate investments to a single geographic market. First, it provides 

an answer to the question of whether the benefits of risk-factor diversification are 

available to those investors that focus on stocks and bonds only. Although it has been 

shown that risk-factor diversification outperforms when applied to international 

investments across stock, bond, currency, and commodity markets, it is uncertain 

whether the approach requires such extensive asset and market diversification. This 

study seeks to determine whether risk-factor diversification is effective when applied 

to a narrower range of investment markets. In particular, those markets that many 

investors are likely to be already invested in. Second, the study examines how risk-

factor diversification performs in different market environments; for example, during 

bear markets in stocks or during economic contractions. This research question is more 

easily dealt with by focusing on investments derived from a single geographic market, 

in this case, the U.S. This study is the first to employ this simplified approach and the 

                                                 

36
 It is noted that the risk factors considered in this study are not exhaustive; however, it is conjectured 

that they are the most widely recognised and well researched. Refer to Section 2.5. 
37

 In an effort to ensure that the empirical results of this analysis are easy to interpret in the context of 

the wider literature, risk-factor investments are constructed using long and short positions. It is 

acknowledged that some investors, however, may be constrained to long-only investments. 

Additionally, Briere and Szafarz (2016) note that the ability to short sell securities provides benefits that 

are not achievable for long-only stock and bond investors. 
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first to provide an extensive examination of the performance of risk-factor 

diversification across multiple dimensions.  

This chapter aims to evaluate risk-factor performance across a range of investment 

dimensions. The study evaluates the performance of six portfolio selection techniques: 

equal-weighted, volatility-weighted, equal risk contribution, maximum diversified, 

minimum variance, and maximum Sharpe ratio in relation to a 60-40 asset class 

portfolio. The first contribution of this chapter is the finding that risk-factor 

diversification outperforms asset-class diversification across a range of portfolio 

selection techniques. Although the benefits of the risk-factor approach have been 

demonstrated previously, this chapter demonstrates outperformance for: i) a simple 

U.S. stock and bond risk-factor investment universe; and ii) a range of portfolio 

selection techniques. The results are tested for statistical significance using the Jobson 

and Korkie (1981) test with the amendment suggested by Memmel (2003). This 

finding of outperformance is consistent with the existing literature and supports the 

suitability of this approach even in a single geographic market. 

Furthermore, the study finds that the performance of five of the risk-factor portfolios 

are similar with no statistical differences found between risk-adjusted returns. The only 

statistically significant differences in performance are found for the maximum Sharpe 

ratio technique which underperforms the other five techniques. This comparison 

represents a new finding and is the most extensive comparison in the risk-factor 

literature.   

The third contribution of this chapter is that the performance of risk-factor 

diversification varies during periods of market stress. Four approaches are employed to 

classify market stress: bear markets in stocks, market turbulence, tightening monetary 

cycles, and economic recessions. By conducting comparisons across a range of market 

environments, this study effectively stress-tests the performance of risk-factor 

diversification. While risk-factor diversification outperforms during bear markets in 

stocks and monetary tightening, it is not universally superior to the traditional asset-
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class approach across stress market environments. Unlike previous work, which has 

focused on the advantages of risk-factor diversification, this analysis does not find 

evidence to suggest that risk-factor diversification performs better than asset-class 

diversification during episodes of market turbulence and economic contractions. 

During these periods, the performance of the risk-factor portfolios are not statistically 

different to the performance of asset-class portfolios. The analysis indicates that the 

performance of risk-factor diversification is not universally superior to asset-class 

diversification during periods of market stress. This finding is largely unique in the 

literature as much of the research to date has highlighted the superior performance of 

risk-factor diversification.
38

 

Further exploring performance, the analysis reveals that the superior risk-adjusted 

performance of risk-factor portfolios has weakened over time. The study provides 

evidence of strong and statistically significant outperformance during the initial sub-

period studied; however, the magnitude and statistical significance of these results 

weakens in the subsequent two sub-periods. The most recent sub-period fails to reveal 

any evidence of statistical differences in performance between the risk-factor and 

asset-class portfolios. The analysis reveals, for the first time, that the higher risk-

adjusted returns of risk-factor diversification have weakened in comparison to asset-

class diversification over time. 

This chapter contributes to the literature by testing the effectiveness of risk-factor 

diversification when investments are limited to U.S. stock and bond markets and 

across a range of dimensions. It begins with a review of the literature followed by a 

discussion of the methodology employed to form portfolios and classify periods of 

market stress. Next is a brief discussion of the data, followed by an examination of the 

results of the empirical analysis. The chapter closes with some concluding remarks. 

                                                 

38
 Another exception is Briere and Szafarz (2016) who highlight that risk factor diversification is not 

always superior to sector investing. 
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4.2 Literature review 

The literature on risk-factor diversification is relatively new and many areas related to 

performance are unexplored. Studies to date have focused on performance 

comparisons between factor-based and asset-class portfolios; for example, Bender et 

al. (2010), Ilmanen and Kizer (2012), Bird et al. (2013), and Briere and Szafarz 

(2016). These studies have indicated the potential of risk-factor diversification as an 

alternative/complement to the accepted asset-class approach; however, they have not 

provided much guidance on other aspects of portfolio performance. 

There is extensive evidence that the performance of investments generally, and risk-

factors specifically, are sensitive to market and economic conditions.
39

 Evidence is 

found that the performance of risk-factors can vary across market or economic 

conditions; for example, market and term (Fama and French, 1989), size (Chan and 

Chen, 1991; Perez-Quiros and Timmermann, 2000; and Ang and Chen, 2002), and 

value (Hahn and Lee, 2006). Ilmanen, Maloney and Ross (2014), however, argue that 

risk-factor investments are less sensitive to economic environments than asset classes. 

Despite these findings, very little research has examined how robust the performance 

of risk-factor diversification is across different market conditions. Identifying five 

recent periods of market crises, Bender et al. (2010) show that risk-factor 

diversification outperforms a 60-40 portfolio in four out of five crises.
40

 Ilmanen and 

Kizer (2012) also demonstrate that risk-factor diversification has achieved higher 

returns during the worst months of U.S. stock performance and during periods of 

economic contraction, as defined by the National Bureau of Economic Research 

(NBER). These studies, however, do not test risk-adjusted returns or offer guidance 

                                                 

39
 For evidence related to investments in general, see Fama and French (1989), Liew and Vassalou 

(2000), and Vassalou (2003). 
40

 The Bender et al. (2010) comparison is conducted in each of the following months, Oct 1997, August 

1998, September 2001, August 2007, and Oct 2008. These months correspond to the onset of the Asian 

Financial Crisis, the LTCM collapse, the September 11 terrorist attacks, the so-called Quant Meltdown, 

and the Global Financial crisis, respectively. 
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regarding the statistical significance of results. The existing research only scratches the 

surface of how risk-factor diversification performs during periods of market stress. 

Analysing performance during market stress requires a formal definition and 

identification of these periods. Despite the concern investors exhibit about market 

stress, it has no widely recognised definition. Bender et al. (2010) identify market 

stress on an ad-hoc basis while Ilmanen and Kizer (2012) use the worst ten per cent of 

monthly stock market returns. Both methods examine single month periods in 

isolation; however, investors are often concerned with performance over longer 

periods. Due to the dominance of equity market risk in many investment portfolios, 

and the overwhelming concern investors have about bear markets in stocks, a suitable 

proxy for market stress is stock market performance.
41

 Pagan and Sossounov (2003) 

offer a market dating algorithm that categorises historical returns into bull and bear 

phases. Each phase has a (arbitrarily set) minimum duration allowing for multi-month 

periods to be defined and analysed. In contrast to the previous literature, the focus of 

this study is to examine performance over extended periods of stock market 

underperformance making the Pagan and Sossounov (2003) algorithm a suitable 

choice. 

In addition to equity market conditions, and in particular since the global financial 

crisis of 2008, general market turbulence has become a concern for investors. 

Kritzman and Li (2010) employ a measure of financial market turbulence, based on the 

work of Mahalanobis (1927), which classifies periods of stress based on the volatility 

and covariance of investment returns. They note asset returns (U.S. stocks, bonds and 

property; non-U.S. stocks and bonds; and commodities) are substantially lower during 

periods of turbulence. Risk factors may also be sensitive to market turbulence with 

evidence of regimes in: credit (Alexander and Kaeck, 2008); size (Perez-Quiros and 

Timmermann, 2000); size and value (Guidolin and Timmermann, 2008); and market 

                                                 

41
 Refer to Leibowitz and Bova (2009) and Bhansali (2011). 
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(Turner, Startz and Nelson, 1989) risk factors. The apparent sensitivity of factors to 

market turbulence encourages its use in defining periods of market stress. 

Research has also found that monetary policy impacts on investment performance. 

Previous studies have explored the influence of monetary conditions on: the U.S. stock 

market (Jensen, Mercer and Johnson, 1996), value and growth stock portfolios (Black, 

2002), and commodity futures (Jensen, Johnson and Mercer, 2002).
42

 Rigobon and 

Sack (2004) and Ehrmann and Fratzscher (2004) find that increasing interest rates lead 

to falling stock prices and reduce stock returns suggesting a link between tightening 

monetary cycles and market stress.
43

 Additionally, due to the inverse relationship 

between interest rates and bond prices, tightening monetary conditions result in falling 

bond prices which potentially impact on the bond risk factors, term and credit. While 

there is evidence that monetary cycles impact on investment returns, there are no 

studies which examine its impact on risk-factor diversification. 

Similarly, previous studies have been largely silent on whether the performance of 

risk-factor portfolios have changed over time. Ilmanen and Kizer (2012) provide an 

insight into the long-term performance of various risk factor investments; however, 

they do not analyse whether it has varied over time. Highlighting the critical nature of 

this issue, McLean and Pontiff (2016) find that academic publication of anomalies 

reduces out-of-sample returns. Whether this has an impact on the performance of risk-

factor portfolios, however, has not been tested. 

Additionally, there has been little analysis on what is the most effective way to 

structure risk-factor investment portfolios.
44

 Various portfolio techniques have featured 

in the risk-factor literature, specifically, mean-variance techniques (Clarke et al., 2005 

                                                 

42
 Clouding the issue, Durham (2003) argues that the influence of monetary cycles on stock returns is 

weak. 
43

 Furthermore, Adrian and Estrella (2008), Romer and Romer (1989) and others provide evidence of a 

link between tightening monetary conditions and economic stress. 
44

 Comparisons in the wider finance literature are more common with examples including DeMiguel et 

al. (2009) and Lee (2011). 
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and Bird et al., 2013), equal-weighted (Bender et al., 2013 and Ilmanen and Kizer 

2012), and volatility-weighted (Ilmanen and Kizer, 2012); however, there has been 

very little analysis comparing performance. The only comparison of alternative 

techniques in the literature is conducted in Ilmanen and Kizer (2012) who find the 

volatility-weighted technique outperforms the equal-weighted technique, although they 

do not test the results for statistical significance. A comparative analysis of portfolio 

selection techniques is missing from the risk-factor literature. 

Comparisons of portfolio selection techniques have featured in the wider finance 

literature. De Carvalho et al. (2012) compare the performance of equity portfolios 

formed using risk-based techniques, DeMiguel et al. (2009) compare the performance 

of the equal-weighted portfolio selection approach to a range of more complex 

techniques across a range of different investment portfolios, and Chaves et al. (2011) 

compare the performance of the volatility-weighted technique to the equal-weighted 

and minimum-variance and mean-variance optimal techniques. These studies employ 

similar techniques to those analysed in this study, however, they do not focus 

specifically on risk-factor investments.   

4.3 Methodology 

The aim of the paper is to provide a broad analysis of risk-factor diversification by 

examining performance across a number of different dimensions, namely, portfolio 

selection techniques, periods of market stress, and time-periods. Comparisons are 

made across seven portfolio selection techniques, six different risk-factor portfolios 

and one asset-class portfolio; four investment environments; and three time periods. 

The specifics of each approach are addressed below. 

4.3.1 Portfolio selection techniques 

This section explores the models from the portfolio selection literature employed in the 

chapter. The seven techniques comprise of six risk-factor configurations: equal-

weighted, volatility-weighted, equal-risk contribution, minimum-variance, most-
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diversified, and maximum Sharpe ratio; and one asset-class configuration, 60/40. The 

equal-weight, volatility-weight, and 60/40 portfolio have been applied regularly in the 

risk-factor diversification literature, while the maximum Sharpe ratio portfolio has 

featured less frequently. For the first time, this study applies the equal-risk-

contribution, minimum-variance, and most-diversified techniques to portfolios of risk 

factors.  

The portfolio selection techniques compute weights according to the calculations 

specified below. Throughout the formulae, n is used to denote the number of available 

investments and 𝜾 is an n-dimensional vector of ones. Each of the seven portfolios is 

rebalanced to the target portfolio weights monthly. The weights of the equal-weighted 

risk-factor portfolio and 60-40 asset portfolio remain constant throughout the study 

while the weights of the other portfolios are recalculated monthly. Where required, 

sample estimates are based on a 60 month rolling window. All portfolio weights are 

calculated out-of-sample. 

4.3.1.1 Equal-weighted 

The equal-weighted (EW) technique has featured prominently in the finance literature 

and is commonly employed in practice both despite of and because of its simplicity.
45

 

Bender et al. (2010), Bird et al. (2013), and Ilmanen and Kizer (2012) have 

demonstrated its effectiveness when applied in the risk-factor framework. Weights for 

the equal-weighted portfolio are calculated as: 

 �̃�𝑒𝑤 = 𝑛−1𝜾 (4.1) 

4.3.1.2 Volatility-weighted 

In contrast to the EW technique, which distributes investment capital evenly among 

positions, the volatility-weighted (VW) technique aims to distribute risk evenly among 

portfolio positions. The VW technique has a closed-form solution which only requires 

                                                 

45
 See section 2.4.3. 
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a historical estimate of investment return volatility to calculate weights. This technique 

is often associated with leverage; however, it is not employed in this analysis with 

weights implicitly constrained to be non-negative and to sum to one. Weights are 

calculated using the formula below: 

 
�̃�𝑡
𝑣𝑤 =

σ̂𝑖𝑡
−1

∑ σ̂𝑖𝑡
−1𝑛

𝑖=1

 (4.2) 

where σ̂𝑖𝑡  is the sample standard deviation of investment i at time t.  

4.3.1.3 Equal-risk contribution 

Closely related to the VW technique is the equal-risk contribution (ERC) portfolio, 

discussed in Maillard et al. (2010). Unlike the VW portfolio, which employs volatility 

only in the weighting algorithm, the ERC technique employs covariance data as well. 

Whereas the VW technique aims to equalise risk among each investment, the ERC 

technique aims to equalise the risk each investment contributes to total portfolio risk. 

Weights are solved for using: 

 

 
�̃�𝑡
𝑒𝑟𝑐 =

(∑ 𝑤𝑘𝜌𝑖𝑘
𝑛
𝑘=1 )−1

∑ (∑ 𝑤𝑘𝜌𝑗𝑘
𝑛
𝑘=1 )

−1𝑛
𝑗=1

 (4.3) 

where 𝜌𝑖𝑘 is the correlation of asset i with asset k. Because the solution to this equation 

is endogenous, Maillard et al. (2010) numerically solve the following numerical 

optimisation problem: 

 Min  
w𝑡

𝑓(𝑤),    𝑠. 𝑡.  𝜄𝑤𝑡 = 1. (4.4) 

where 
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𝑓(𝑤) =∑∑(𝑤𝑖(Σ𝑤)𝑖 −𝑤𝑗(Σ𝑤)𝑗)

2
𝑛

𝑗=1

𝑛

𝑖=1

 (4.5) 

where (Σ𝑤)𝑖 denotes the ith row of the product of w and Σ̂𝑡, the sample-based estimate 

of the return covariance matrix at time t. 

4.3.1.4 Minimum-variance 

The minimum variance (MV) portfolio, based on the work of Markowitz (1952), is the 

portfolio of risky investments that minimise total portfolio risk. The MV portfolio 

equalises the marginal risk contribution of each investment and weights can be 

calculated analytically using: 

 
�̃�𝑡
𝑚𝑣 =

𝜄Σ̂𝑡
−1

𝜄Σ̂𝑡
−1𝜄′

 (4.6) 

where Σ̂𝑡 is the sample-based estimate of the return covariance matrix at time t. 

4.3.1.5 Most diversified 

The most diversified (MD) portfolio, introduced and discussed in Choueifaty and 

Coignard (2008), aims to maximise the diversification, as measured by the 

diversification ratio of a portfolio. The diversification ratio is calculated as: 

 
𝐷(𝑃) =

𝑤′σ̂𝑡

√𝑤′Σ̂𝑡𝑤
 (4.7) 

Equation (4.7) is maximised to find the portfolio weights for the MD portfolio using an 

unconstrained numerical optimisation. 

4.3.1.6 Maximum Sharpe ratio 

The mean variance optimal portfolio, or the Maximum Sharpe Ratio (MSR) portfolio 

is based on the work of Markowitz (1952). A single constraint is applied so that 

weights of the risky investments sum to one and are calculated analytically using: 
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�̃�𝑡
𝑚𝑠𝑟 =

𝑟𝑡
𝑓
Σ̂𝑡
−1

𝑟𝑡
𝑓
Σ̂𝑡
−1𝜄′

 (4.8) 

where 𝑟𝑡
𝑓
 is the vector of forecast returns.  

4.3.1.7 60-40 portfolio 

A widely employed portfolio for U.S.-based investors is a combination of 60 per cent 

equities and 40 per cent bonds, often referred to as the 60-40 portfolio. This portfolio 

is commonly used in the wider investment management literature as a representative 

investment portfolio; for example, Anderson et al. (2012) and Leibowitz and Bova 

(2007), and features in the risk-factor diversification literature as a point of comparison 

for evaluating performance; for example, in Bird et al. (2013) and Bender et al. (2010). 

Similarly to the EW and VW approaches discussed above, the 60-40 portfolio is 

simple, transparent and commonly employed by practitioners. Given the long histories 

for the component investments, U.S. stocks and bonds, it also provides a substantial 

sample period for empirical studies such as those conducted in this thesis. The 60-40 

technique is not without its shortcomings; however, as discussed in Section 2.2.2, 

portfolios are now more complex and may feature additional asset-class investments 

and international diversification. Despite this, many investors still employ the 60-40 

configuration and it provides an uncomplicated and representative measure of 

investment fund performance. 

4.3.2 Defining market stress 

The analysis in this chapter employs four methods to analyse the performance of risk-

factor diversification during periods of market stress. Each method attempts to identify 

conditions which might impact negatively on the performance of risk-factor 

diversification. All four methods sort the historical returns data into regimes based on a 

particular classification methodology. Once the data is sorted, the performances of the 

risk-factor portfolios are compared to the 60-40 portfolio using observations from a 

specific regime only. This study identifies regimes based on stock market cycles, 
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market turbulence, monetary cycles and business cycles. Following the work of Fama 

and French (1989), Asness et al. (2013), and others, this study employs business cycles 

as identified by the National Bureau of Economic Research (NBER), specifically, 

periods of economic contraction in the U.S. The other three sorting procedures are 

explored below. 

4.3.2.1 Bear markets in stocks 

The Pagan and Sossounov (2003) algorithm classifies bull and bear market phases as 

the periods occurring between local maxima and minima in the historical data series. 

The algorithm works by first identifying local minima and maxima in a monthly data 

series and then filtering these points using the following rules:
46

 

 Each market cycle must consist of alternative bull and bear phases. Where 

consecutive bull market peaks (bear market troughs) occur, the highest peak 

(lowest trough) is chosen.  

 Turning points between peaks and troughs within six months of the beginning 

and end of the data series are removed. Bull market peaks (bear market 

troughs) that are lower (higher) than either of the end points are removed. 

 Complete cycles with a duration less than 16 months are removed. 

 Single phases with a duration less than four months are removed, unless the 

absolute magnitude of the phase is greater than 20%. 

This study analyses performance during bear stock market regimes, which are defined 

as the periods beginning at a local high and ending at the subsequent market low. 

Figure 4.1 charts the level of the U.S. stock market with nine bear markets highlighted 

in grey. 

                                                 

46
 The local maxima and minima are those points occurring within a window beginning eight months 

prior to and ending eight months subsequent to a specific month. 
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Figure 4.1 Bear Markets in Stocks, 1976 - 2012 

 
The figure shows the performance of the U.S. stock market for the period December 31, 1975 to 

December 31, 2012. The line is the natural logarithm of the total return index for U.S. stocks. 

The U.S. stock index is represented by the value weighted returns of firms in the CRSP database 

published on the Kenneth French website. The grey bars are bear markets identified by the Pagan 

and Sossounov (2003) algorithm. 

4.3.2.2 Market turbulence 

This study employs the Mahalanobis distance discussed in Kritzman and Li (2010) as a 

measure of market stress. Kritzman and Li (2010) employ this technique to measure 

the amount of turbulence, or unusual volatility and correlation, in a set of return time 

series. Turbulence is measured as: 

 

 

𝑑𝑡 = (𝑟𝑡 − �̂�)Σ̂−1(𝑟𝑡 − �̂�)′ (4.9) 

where 𝑑𝑡 is the turbulence at t, 𝑟𝑡 is the vector of risk-factor investment returns at t, �̂� 

is the vector of risk-factor investment sample means, and Σ̂ is the sample covariance 

matrix of risk-factor investment returns. Turbulence is calculated for each month in the 

time series, and, following Page (2010), this study classifies the top 15 per cent of 

values as periods of market turbulence and analyses performance during these periods. 

Figure 4.2 illustrates the index with turbulent periods noted. 



77 

 

Figure 4.2 Investment Market Turbulence, 1976 - 2012 

 
The figure shows the Kritzman and Li (2010) turbulence index calculated using the returns of the 

six risk-factors. Market stress is defined as those periods within the highest 15 per cent of 

turbulence values and are noted on the figure. 

4.3.2.3 Monetary cycles 

This study identifies periods of monetary easing and tightening according to changes 

in the U.S. Federal Reserve discount rate as per Jensen et al. (1996) who classify 

monetary regimes according to the direction of the last change in the discount rate. 

Each regime continues until a change in the direction of policy moves occurs. Months 

coinciding with a change in the direction of policy moves are excluded from the 

analysis. 

4.4 Data 

As outlined in Chapter 3, this study employs six U.S. risk factors: market, size, value, 

momentum, credit, and term. Following the literature, total return data is employed in 

this study. Where required, monthly excess returns are converted to total returns by 

adding the risk-free rate (one-month U.S. Treasury Bill rate). Total returns are for the 

period January 1973 to December 2012 and are expressed in U.S. dollar terms. 

Table 4.1 reports summary statistics for the risk-factor and asset-class investments for 

the different stress market environments. Panel A reports performance during bear 

markets in stocks. By definition market returns are negative during these periods. All 
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other investment returns remain positive; however, illustrating the benefits of both the 

asset-class and risk-factor approaches to diversification. Risk is consistently higher in 

comparison to unconditional risk, reported previously in Table 3.1, confirming that 

these periods are representative of market stress. Sharpe ratios are typically lower than 

the unconditional values, except for the value risk factor which achieves higher risk-

adjusted returns during bear markets. In general, the risk-adjusted returns for the risk 

factors are mixed with positive and negative outcomes, illustrating the potential 

diversification benefits of this approach.  

Panel B reports performance during market turbulence and shows that returns are 

generally weaker during these episodes, with bonds and the term risk factor the 

exceptions. By definition, risk is notably higher across the risk factors, as well as the 

asset classes during periods of market turmoil. Sharpe ratios are typically lower across 

all investments with the exception of the term risk factor. Asset class risk-adjusted 

returns are lower than the unconditional results, but are higher than the equivalent 

bear-market results. Interestingly, the evidence of non-normality during these periods 

is found for the size, credit and momentum risk factors only.   

Panel C reports performance during periods of tightening monetary policy and shows 

the impact on performance is less severe than the other stress market conditions. 

Reported return and risk statistics are similar to the unconditional statistics reported 

earlier. Sharpe ratios are positive but are slightly lower in most cases than the 

unconditional values, in part due to the higher risk-free rates experienced during these 

periods. Momentum performs well during these periods, achieving a higher Sharpe 

ratio than in other stress periods as well as in comparison to its unconditional value. 

Panel D reports performance statistics for periods of economic contractions. The 

market risk factor experiences the weakest returns across investments during these 

periods. Risk is typically higher across all the investments whether it is measured by 

standard deviation, VaR or CVaR. Sharpe ratios are mixed across risk factors and asset 

classes, with market, value and momentum reporting lower risk-adjusted returns, while 
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the bond asset class, and the term, credit and size risk factors reporting higher values. 

The results suggest that diversification across risk factors and asset classes is effective 

during economic contractions. 

In summary, investment performance deteriorates, as expected, during stress market 

periods, with the occasional exception. In each scenario, at least four of the six risk 

factors achieve lower Sharpe ratios in comparison to their unconditional values 

reported earlier in Table 3.1. Although returns are generally lower and risk higher, it is 

mainly the latter that causes the lower Sharpe ratios in the risk factors. Risk, as 

measured by standard deviation, VaR, and CVaR, is consistently higher in three of the 

four scenarios. 

Similarly, the performance of the asset-class investments also suffers during the stress 

markets. Sharpe ratios are lower in all scenarios except during economic contractions 

where they are higher for bonds. The general deterioration in Sharpe ratios for asset 

classes is due to a combination of lower returns and higher risk during the stress 

periods. The higher levels of risk and lower Sharpe ratios across risk factors and asset 

classes demonstrate that the identified periods are indeed periods of market stress and 

are consistent with the intent of the research question. 
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Table 4.1 Risk-Factor and Asset-Class Stress Market Statistics, 1978–2012 

  
 

Continued on next page 

 

Term Market Size Value Credit Mom. Bonds Stocks

Panel A. Bear markets

Arithmetic average return 0.68 -2.26 0.68 1.79 0.50 1.36 0.49 -2.26

Standard deviation 3.64 4.76 2.86 3.62 1.44 5.04 3.32 4.76

Sharpe ratio 0.05 -0.58 0.06 0.36 0.00 0.17 0.00 -0.58

Monthly 95% VaR -4.79 -9.81 -3.78 -4.22 -1.73 -7.38 -4.56 -9.81

Monthly 95% CVaR -5.86 -14.06 -5.58 -6.70 -4.11 -11.28 -5.98 -14.06

Skew 0.61 -0.91 -0.18 0.14 -1.75 -1.21 0.58 -0.91

Kurtosis 1.10 2.84 0.19 1.99 6.85 5.76 1.44 2.84

Median 0.54 -1.62 0.81 1.59 0.62 1.63 0.54 -1.62

Maximum 12.30 8.34 7.55 14.23 4.29 12.98 11.38 8.34

Minimum -8.65 -22.64 -7.77 -9.78 -6.64 -24.43 -7.17 -22.64

Jarque-Bera statistic 10.63 44.27 0.59 14.91 232.75 152.24 13.27 44.27

Jarque-Bera p -value 1.41 0.10 50.00 0.67 0.10 0.10 0.87 0.10

Panel B. Market turbulence

Arithmetic average return 0.99 0.19 0.66 0.94 0.51 -0.03 0.86 0.19

Standard deviation 4.71 7.32 4.74 4.85 1.83 7.84 4.23 7.32

Sharpe ratio 0.13 -0.03 0.06 0.11 0.06 -0.05 0.11 -0.03

Monthly 95% VaR -5.85 -10.22 -6.29 -7.45 -2.85 -10.58 -6.12 -10.22

Monthly 95% CVaR -7.57 -14.76 -8.81 -9.23 -4.03 -18.30 -7.49 -14.76

Skew 0.30 -0.37 0.63 -0.06 -0.67 -0.77 0.26 -0.37

Kurtosis -0.12 -0.40 4.19 0.07 1.99 3.08 0.52 -0.40

Median 0.75 0.66 0.10 1.18 0.74 0.22 1.05 0.66

Maximum 14.33 12.88 22.43 14.23 5.25 18.82 14.16 12.88

Minimum -8.94 -22.64 -15.92 -12.17 -6.64 -34.73 -8.84 -22.64

Jarque-Bera statistic 1.73 3.32 79.36 0.07 23.88 49.34 2.09 3.32

Jarque-Bera p -value 33.97 12.43 0.10 50.00 0.21 0.10 27.04 12.43
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Continued from previous page 

 
This table presents the summary statistics of the monthly total returns of the risk factors and asset classes employed in this study. The table reports 

the statistics for the six risk factors: term, market, size, value, credit and momentum and two asset classes: stocks and bonds. Panel A reports 

statistics for periods of bear markets in stocks, Panel B reports statistics for periods of market turbulence, Panel C reports statistics for periods of 

tightening monetary policy and Panel D reports statistics for periods of economic contraction. Data is sourced from the Kenneth French data 

library and Barclays Capital. 

Term Market Size Value Credit Mom. Bonds Stocks

Panel C. Tightening monetary policy

Arithmetic average return 0.71 0.80 0.66 0.87 0.69 1.67 0.67 0.80

Standard deviation 2.93 4.48 3.69 3.18 0.61 4.13 2.79 4.48

Sharpe ratio 0.05 0.05 0.02 0.09 0.19 0.26 0.03 0.05

Monthly 95% VaR -3.74 -6.52 -4.03 -3.04 -0.36 -5.80 -3.32 -6.52

Monthly 95% CVaR -5.61 -10.90 -7.64 -6.98 -0.66 -7.57 -5.61 -10.90

Skew 0.44 -1.15 0.81 -0.20 0.12 0.68 0.34 -1.15

Kurtosis 2.84 4.22 9.79 3.67 1.31 3.45 3.79 4.22

Median 0.84 1.52 0.56 0.85 0.72 1.58 0.81 1.52

Maximum 14.33 11.11 22.43 12.90 2.97 18.82 14.16 11.11

Minimum -7.98 -22.64 -15.92 -12.17 -1.17 -8.59 -8.84 -22.64

Jarque-Bera statistic 54.48 145.06 616.43 84.22 10.63 85.69 91.85 145.06

Jarque-Bera p -value 0.10 0.10 0.10 0.10 1.35 0.10 0.10 0.10

Panel D. Economic contractions

Arithmetic average return 1.34 0.01 0.98 0.49 0.77 0.53 1.30 0.01

Standard deviation 4.58 6.38 3.00 3.44 1.88 7.32 4.49 6.38

Sharpe ratio 0.18 -0.08 0.15 -0.01 0.13 0.00 0.18 -0.08

Monthly 95% VaR -5.08 -9.90 -4.58 -6.52 -2.35 -10.46 -5.96 -9.90

Monthly 95% CVaR -7.04 -12.97 -5.54 -7.82 -4.35 -19.51 -7.07 -12.97

Skew 0.55 -0.29 -0.34 -0.58 -0.99 -2.12 0.57 -0.29

Kurtosis 0.71 -0.36 -0.25 0.60 4.09 8.32 0.72 -0.36

Median 0.84 0.06 1.15 0.85 0.77 2.19 0.97 0.06

Maximum 14.33 11.90 7.09 6.96 5.25 12.70 14.16 11.90

Minimum -8.65 -17.15 -6.33 -9.78 -6.64 -34.73 -7.92 -17.15

Jarque-Bera statistic 3.36 1.21 1.26 3.42 39.38 170.65 3.61 1.21

Jarque-Bera p -value 9.59 43.43 41.71 9.31 0.10 0.10 8.56 43.43
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4.5 Results 

4.5.1 Portfolio selection techniques 

Panel A of Table 4.2 reports performance statistics for each of the portfolio selection 

techniques.
47

 The EW portfolio achieves an arithmetic average monthly total return of 0.82 

per cent, the highest average return for the period among the risk-factor portfolios. The 

MSR portfolio falls at the other end of the range achieving the lowest monthly average 

return of 0.59 per cent, with the other four techniques achieving returns with in this range. 

The 60-40 asset-class portfolio achieves a monthly total return of 0.93 per cent, higher than 

all of the risk-factor techniques. From a purely returns-based perspective, the different 

portfolio selection techniques produce a range of performance outcomes, and the asset-class 

portfolio outperforms. 

Comparing portfolio return standard deviation, the table shows the MSR portfolio has the 

highest level of risk among the risk-factor portfolios. The standard deviations of the other 

risk-factor portfolios are all substantially lower. The standard deviations of the VW (0.87), 

ERC (0.88), and MV (0.72) portfolios are among the lowest of the risk-factor portfolios. As 

noted previously, the 60-40 portfolio achieves the highest average return, however, this was 

accompanied with the highest level of standard deviation, 3.17, among all the portfolios. 

Corroborating the findings of Bender et al. (2010) and Ilmanen and Kizer (2012), these 

results indicate a large difference in risk between the asset-class and risk-factor portfolios 

for the period analysed.  

Analysing risk further, Panel A of Table 4.2 reports the value-at-risk (VaR) and conditional 

value-at-risk (CVaR) for each portfolio. The results demonstrate that the most extreme 

losses for the risk-factor portfolios compare favourably to those of the 60-40 portfolio. The 

60-40 portfolio experienced the largest losses at the 95 per cent CVaR level, -6.65 per cent, 

followed by the MSR, -4.38 per cent and the EW, -2.55 per cent. As before, the MV 

portfolio reports the lowest level of risk, -1.23 per cent. Examining the VaR figures 

provides similar results. The VaR and CVaR data suggests that the risk-factor portfolios 

                                                 

47
 Portfolio weights for each of the risk-factor portfolios are shown in Appendix A. 
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may not be as susceptible to large losses as the 60-40 portfolio. Overall, across standard 

deviation, VaR and CVaR, these results suggest that the risk-factor approach is less risky 

than the asset-class approach, even when it is limited to a smaller, less diversified universe 

of investments, as analysed in this study. 

Panel A also highlights that the different portfolio selection techniques result in a wide 

range of outcomes for portfolio turnover. Of the risk-factor portfolios, the monthly 

percentage turnover of the EW (2.21 per cent), VW (2.22 per cent), and ERC (2.9 per cent) 

portfolios are relatively modest, while that of the MV (4.12 per cent), MD (7.30 per cent), 

and MSR (12.66 per cent) portfolios are quite high. This result is consistent with the 

findings of De Carvalho et al. (2012), despite the differences in investments employed, 

number of investments, and sample sizes. The 60-40 portfolio achieves the lowest level of 

turnover of all techniques, 1.77 per cent. In terms of portfolio turnover, the MSR portfolio 

appears to be the least attractive approach for managing a risk-factor portfolio, reporting the 

highest level of portfolio turnover. 

The last row of Panel A in Table 4.2 reports average portfolio leverage. While all portfolios 

are constrained so that portfolio weights sum to 100 per cent, the MV, MD, and MSR 

portfolios allow for total long positions of greater than 100 per cent, as they can be offset 

by short positions. The leverage employed by these portfolios is generally modest as 

reflected in the average leverage figures for the MV (109.04 per cent) and MD (101.73) 

portfolios. The MSR portfolio is the most leveraged portfolio averaging 116.40 per cent. 

The EW, VW, and ERC portfolios are unleveraged. 

Panel B of Table 4.2 reports the correlations between the portfolios. As might be expected, 

all statistics are positive and are statistically different from zero at the one per cent level of 

significance. Confirming the results of De Carvalho et al. (2012), the EW, VW, and ERC 

portfolios are all highly correlated with pairwise correlations between the three techniques 

above 0.86. Average pairwise correlation between the six risk-factor portfolio is 0.69, 

ranging from a low of 0.38 between the MSR and MV portfolios to 0.94 between the 

similarly constructed ERC and VW portfolios. The pairwise correlations between the six 
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risk-factor portfolios and the 60-40 portfolio vary between 0.16 and 0.67 while the average 

pairwise correlation is 0.36. 
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Table 4.2 Portfolio performance and correlation, 1978-2012 

  
 

 

Continued on next page 

 

 

 

 

 

 

 

 

 

Equal-

Weighted

Volatility-

Weighted

Equal-Risk 

Contribution

Minimum-

Variance

Most 

Diversified

Maximum 

Sharpe Ratio
60-40

Panel A. Summary Statistics

Arithmetic average return 0.82 0.70 0.73 0.64 0.76 0.59 0.93

Standard deviation 1.28 0.87 0.88 0.72 1.06 1.81 3.17

Monthly 95% VaR - % -1.52 -0.79 -0.77 -0.58 -0.98 -1.13 -4.37

Monthly 95% CVaR - % -2.55 -1.83 -1.79 -1.23 -2.17 -4.38 -6.65

Average monthly turnover 2.21 2.22 2.90 4.12 7.30 12.66 1.77

Average Leverage 100.00 100.00 100.00 109.04 101.73 116.40 100.00

Panel B. Correlations

Equal-Weighted 0.89 0.86 0.47 0.78 0.50 0.67

Volatility-Weighted 0.94 0.73 0.80 0.50 0.63

Equal-Risk Contribution 0.75 0.93 0.60 0.48

Minimum-Variance 0.66 0.38 0.23

Most Diversified 0.57 0.37

Maximum Sharpe Ratio 0.16

60/40

Average pairwise correlation between risk-factor portfolios: 0.69

Average pairwise correlation between risk-factor portfolios and the 60-40 portfolio: 0.36
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Panel A of the table reports the performance statistics for each of the portfolios. All figures are calculated from monthly data for the period 1978-

2012. Portfolio weights are calculated out-of-sample and all portfolios except the 60-40 invest in the six risk factors: value, momentum, size, 

market, credit and term. The 60-40 portfolio invests in U.S. stocks and bonds. All statistics are reported as monthly percentages figures. Average 

monthly turnover is reported along with average portfolio leverage. Leverage is reported as the sum of the absolute value of all portfolio weights 

with a figure of 100 indicates no aggregate leverage. Panel B reports the correlation between portfolio returns. All correlations are statistically 

different from zero at the one per cent level. The average pairwise correlations between the six risk-factor portfolios and the average pairwise 

correlation between the six risk-factor portfolios and the 60-40 portfolio are also reported. Panel C reports the Sharpe ratios of each of the 

portfolios. Panel D reports the Jobson and Korkie (1980) test statistic calculated using the correction suggested by Memmel (2003). The test 

statistic indicates the statistical significance of the difference between the Sharpe-ratios of each pair of portfolios. * and ** denote statistical 

significance at the 5% and 1% levels, respectively.  

 

 

Equal-

Weighted

Volatility-

Weighted

Equal-Risk 

Contribution

Minimum-

Variance

Most 

Diversified

Maximum 

Sharpe Ratio
60-40

Panel C. Risk-Adjusted Returns

Sharpe Ratio 0.31    0.32    0.35    0.31    0.32    0.09    0.16    

Panel D. JK Z-statistic

Equal-Weighted -0.61    -1.39    0.04    -0.26    4.18** 3.63**

Volatility-Weighted -1.26    0.43    0.17    4.41** 3.81**

Equal-Risk Contribution 1.05    1.43    5.38** 3.66**

Minimum-Variance -0.26    3.64** 2.33*  

Most Diversified 4.66** 2.79**

Maximum Sharpe Ratio -1.09    

60-40
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Panel C of Table 4.2 reports the risk-adjusted performance of the various portfolios. 

The Sharpe ratios of the EW, VW, ERC, MV and MD portfolios are similar, falling in 

a range of 0.31 to 0.35 while the MSR portfolio reports a lower figure, 0.09. These 

results differ slightly to those of De Carvalho et al. (2012) who find consistency across 

the EW, VW, and ERC techniques, but larger differences between these techniques 

and the MV and MD portfolios. Panel D reports the JK Z-statistics which test the 

differences between Sharpe ratios for statistical significance. The tests results show no 

evidence of statistically significant differences between the EW, VW, ERC, MV, and 

MD portfolios. Put another way, the analysis finds no evidence that these portfolios 

selection techniques result in different risk-adjusted outcomes. This result contrasts 

with Ilmanen and Kizer (2012) who find that the EV approach outperforms the EW 

approach, but is consistent with Chaves et al. (2011) who do not find consistent 

evidence of outperformance. Importantly, these studies do not test for statistical 

significance. The MSR portfolio performs poorly in risk-adjusted terms, achieving a 

Sharpe ratio that is statistically different to all the other risk-factor portfolios. In 

summary, five of the six portfolio selection techniques achieve similar Sharpe-ratios. It 

is only the MSR which achieves performance statistically different to the other 

techniques for forming risk-factor portfolios. 

Panel D also reports that all risk-factor portfolios except the MSR outperform the 

asset-class portfolio. The Sharpe ratios of the EW, VW, ERC, MV, and MD are all 

higher than the asset-class portfolio which achieves a Sharpe ratio of 0.16 and all 

differences are statistically significant at the one per cent level. Extending the work of 

Bender et al. (2010), Ilmanen and Kizer (2012) and others, these results indicate that 

the risk-factor approach has historically achieved better performance than the asset-

class approach. This finding is new, however, in that the results confirm that successful 

risk-factor diversification does not require complex strategies to outperform asset-class 

diversification. Furthermore, the performance of risk-factor diversification is 

remarkably consistent across different portfolio selection techniques. 
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Reflecting on the results in Panel A, the superior risk-adjusted returns of the risk-factor 

portfolios are driven by their lower volatility. While average returns are lower for the 

risk-factor portfolio relative to the asset-class portfolio, return volatilities are also 

substantially lower. Except for the MSR portfolio, the standard deviation of the risk-

factor portfolios are less than half that of the 60-40 portfolio. This is not due to the 

component investments exhibiting lower volatility (referring back to Table 4.1, the 

average volatility of the risk-factor investments is only marginally lower than that of 

the asset-classes, 3.22 per cent versus 3.67 per cent per month). The reduction in 

portfolio risk, therefore, is due to lower correlations between the risk-factor 

investments.
48

 The low correlation between the risk-factor investments provides a 

significant reduction in total portfolio volatility for both weighting schemes. 

Examining risk from another perspective, Table 4.3 compares the characteristics of 

return drawdowns for each of the portfolios. The table reports the depth and length 

(duration) of drawdowns, as well as the percentage of time the portfolio spent below 

the previous market-value high. Examining the six risk-factor portfolios, the MSR 

portfolio stands apart as one of the riskiest portfolios across many of the metrics tested, 

the accumulation of evidence suggests that the MSR portfolio is a comparatively poor 

performer. In comparison to the risk-factor portfolios, 60-40 portfolio exhibits more 

severe drawdowns across three of the five metrics. On average, its drawdowns are 

deeper and longer, and it remains underwater 57.38 per cent of the time, more than all 

other portfolios. It has deeper drawdowns than all portfolios except the MSR portfolio, 

and it experienced one of the longest maximum drawdown lengths. From this 

perspective, the 60-40 portfolio appears to be riskier than the risk-factor portfolios, 

further evidence in favour of the risk-factor approach. 

                                                 

48
 See Chapter 5 for an in-depth study of risk-factor investment correlations. 



89 

 

Table 4.3 Portfolio drawdowns, 1978-2012 

 
The table reports statistics of the drawdowns experienced by the six risk-factor and one asset-

class portfolios over the period 1978-2012. The table reports maximum and average drawdowns 

in per cent terms, maximum and average lengths in months, and % Underwater which indicates 

the total time, as a percentage, spent below the previous market-value high. 

Figure 4.3 graphically compares the drawdowns of the six risk-factor portfolios to the 

60-40 portfolio. It is immediately apparent that the 60-40 portfolio has more 

pronounced drawdowns and the historical drawdowns for the risk-factor portfolio are 

much less dramatic. Interestingly, all portfolios suffered during the financial crisis of 

2008, particularly the MSR portfolio, which was previously identified as the least 

effective risk factor configuration. The key difference in the performance of the risk-

factor portfolios and the asset-class portfolio, however, is the depth of the losses. The 

asset-class portfolio sustained a drawdown of approximately -33 per cent which was 

larger than all risk-factor portfolios excluding the MSR portfolio. The financial crisis 

caused many to challenge the value of portfolio diversification, however, as argued 

previously by Ilmanen and Kizer (2012), the risk-factor framework appears to offer 

genuine risk-reduction during periods of market stress. This concept is explored in 

more depth in the next section. 

  

Maximum 

Depth %

Average 

Depth %

Maximum 

Length

Average 

Length

% Under- 

water

Equal-Weighted -12.43 -1.49 27 2.88 34.29

Volatility-Weighted -10.20 -1.37 19 2.88 21.90

Equal-Risk Contribution -12.32 -1.25 29 3.00 22.86

Minimum-Variance -8.39 -0.84 21 2.78 23.81

Most Diversified -12.66 -1.44 46 3.67 31.43

Maximum Sharpe Ratio -47.58 -2.25 51 3.31 30.71

60-40 -33.07 -4.16 39 4.08 57.38
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Figure 4.3 Risk-factor portfolio drawdowns, 1978 - 2012 
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4.5.2 Market stress performance 

Table 4.4 compares the performance of the risk-factor and asset-class portfolios during 

periods of market stress. Panel A reports performance during bear stock market 

regimes and shows a deterioration in performance across all portfolios in comparison 

to the unconditional performance reported earlier. The Sharpe ratios for all the risk-

factor portfolios are higher than that of the 60-40 portfolio, which achieves a Sharpe 

ratio of -0.53; these differences are all statistically significant at the one per cent level. 

Although the risk-factor portfolios perform poorly during bear stock markets, they 

outperform the 60-40 portfolio by a large margin, thus confirming the results of 

Ilmanen and Kizer (2012). When evaluated from this perspective, portfolios 

constructed from U.S. stock and bond risk factors clearly offer diversification benefits 

during bear markets in stocks. Examining downside risk, the results are also in favour 

of the risk-factor portfolios. Both the VaR and CVaR of the risk-factor portfolios are 

smaller than those reported for the asset-class portfolio. During bear markets in stocks, 

risk-factor portfolios offer better risk-adjusted returns and smaller downside risk than 

those experienced by the 60-40 portfolio.  

Panel B of Table 4.4 compares portfolio performance during periods of high market 

turbulence and shows this to be a challenging environment for all portfolio 

configurations. There is no evidence of statistically significant performance differences 

between any of the risk-factor portfolios and the 60-40 portfolio during turbulent 

markets. Under these market conditions, it appears that the benefits of risk-factor 

diversification are greatly diminished. This is a unique result as previous literature has 

focused on demonstrating the superiority of the risk-factor diversification approach; 

however, it appears that periods of broad-based market turmoil are particularly 

damaging to the performance of risk-factor diversification. 
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Table 4.4 Market stress performance, 1978-2012 
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Equal 

Weighted

Volatility 

Weighted

Equal-Risk 

Contribution

Minimum 

Variance

Most 

Diversified

Maximum 

Sharpe Ratio
60-40

Panel A. Bear Markets in Stocks

Arithmetic average return 0.40 0.48 0.65 0.69 0.76 0.42 -1.28

Standard deviation 1.51 1.21 1.26 1.10 1.56 3.22  3.41

Sharpe ratio -0.07 -0.03 0.12 0.19 0.17 -0.03 -0.53

JK Z-statistic     -4.55**     -5.49**     -6.00**    -5.76**    -5.60**    -3.62**

Monthly 95% VaR - % -2.46 -1.98 -2.13 -1.12 -2.81 -3.52 -7.05

Monthly 95% CVaR - % -3.70 -3.28 -3.10 -2.28 -3.34 -8.97 -9.50

Panel B. Investment Market Turbulence

Arithmetic average return 0.47 0.43 0.48 0.49 0.54 0.05 0.41

Standard deviation 2.06 1.45 1.48 1.18 1.78 3.40 5.01

Sharpe ratio 0.04 0.02 0.06 0.08 0.09 -0.10 0.00

JK Z-statistic -0.39 -0.25 -0.61 -0.69 -0.77 0.85

Monthly 95% VaR - % -3.38 -3.07 -2.76 -1.61 -2.94 -4.51 -8.14

Monthly 95% CVaR - % -4.53 -3.53 -3.43 -2.67 -3.59 -10.20 -9.86

Panel C. Tightening Monetary Policy

Arithmetic average return 0.91 0.78 0.84 0.75 0.92 0.90 0.79

Standard deviation 1.44 0.91 0.91 0.65 1.04 1.07 3.14

Sharpe ratio 0.23 0.23 0.30 0.29 0.33 0.31 0.07

JK Z-statistic    -2.99**    -2.55**    -3.06**    -2.36**    -3.19**    -2.73**

Monthly 95% VaR - % -1.96 -1.10 -0.89 -0.75 -0.94 -1.05 -5.75

Monthly 95% CVaR - % -3.66 -2.36 -2.15 -1.31 -2.20 -2.30 -7.90
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The exhibit reports summary statistics for the six risk-factor portfolios and the 60-40 portfolio. Panel A reports statistics for periods of bear 

markets in stocks, Panel B reports statistics for periods of market turbulence, Panel C reports statistics for periods of tightening monetary policy 

and Panel D reports statistics for periods of economic contraction. The JK Z-statistic is the Jobson and Korkie (1980) test statistic and is 

calculated using the correction suggested by Memmel (2003).The test statistic indicates the statistical significance of the difference between the 

Sharpe-ratios of the risk-factor portfolios and the 60-40 portfolio. * and ** denote statistical significance at the 5% and 1% levels, respectively. 

The monthly 95% VaR and CVaR are the value-at-risk and conditional value-at-risk of the portfolios.  

 

Equal 

Weighted

Volatility 

Weighted

Equal-Risk 

Contribution

Minimum 

Variance

Most 

Diversified

Maximum 

Sharpe Ratio
60-40

Panel D. Economic Contractions

Arithmetic average return 0.69 0.64 0.64 0.71 0.69 -0.27 0.53

Standard deviation 1.84 1.45 1.50 1.32 1.71 4.28 4.85

Sharpe ratio 0.10 0.09 0.10 0.17 0.12 -0.19 0.00

JK Z-statistic -0.93 -0.97 -0.76 -1.05 -0.80 1.04

Monthly 95% VaR - % -2.82 -2.95 -2.81 -1.39 -2.72 -5.77 -7.47

Monthly 95% CVaR - % -4.41 -3.42 -3.41 -3.29 -3.28 -14.88 -9.82
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Examining downside risk, the benefits of the risk-factor approach during market 

turbulence become more notable. The VaR and CVaR figures for all of the risk-factor 

portfolios, with the exception of the MSR configuration, are much lower than that of 

the 60-40 portfolio. From the perspective of extreme losses, the risk-factor portfolios 

potentially offer benefits; however, in general, the performances of the risk-factor 

portfolios are no better than that of the 60-40 portfolio. The relatively weak 

performance of risk-factor diversification noted here is a unique finding in the risk-

factor literature. 

Panel C compares the performance of the portfolios during tightening monetary cycles. 

The impact of monetary policy on risk-factor and asset-class portfolio returns seems 

limited, with Sharpe-ratios reporting in a similar range to the unconditional results 

reported in Table 4.2. The risk-factor portfolios achieve risk-adjusted returns that are 

higher than the 60-40 portfolio and these differences are statistically significant at the 

one per cent level. Downside risk, as measured by VaR and CVaR, is also relatively 

lower for the risk-factor portfolios. The evidence that the risk-factor approach 

outperforms during periods of monetary tightening is a new finding and advances the 

literature on risk-factor diversification. 

Panel D examines the different portfolio approaches during periods of economic 

contractions. Performance for all portfolios is modest during these episodes. Except for 

the MSR configuration, the risk-factor portfolios maintain positive risk-adjusted 

returns and outperform the asset-class portfolio, which barely manages to maintain a 

positive Sharpe-ratio. The outperformance, however, is only marginal and there is no 

evidence of statistically significant differences between the Sharpe-ratios of any of the 

risk-factor portfolios and the 60-40 portfolio. This is in contrast to the results of 

Ilmanen and Kizer (2012), however, who find that the risk-factor approach earns 

higher returns than the asset class approach during recessions.
49

 More noteworthy 

                                                 

49
 Ilmanen and Kizer (2012) do not test risk-adjusted returns or statistical significance and employ a 

different set of risk factors. 
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differences appear when the downside risks of the portfolios are compared, with the 

risk-factor portfolios outperforming the 60-40 portfolio in VaR and CVaR terms. 

Overall, this analysis finds that the risk-factor portfolios outperform the 60-40 

portfolio during some but not all periods of market stress. Unlike previous research on 

the topic, which offers universal support for the risk-factor approach, the evidence 

revealed in these environments provides mixed results. 

4.5.3 Sub-period performance 

Table 4.5 further analyses risk-factor diversification by examining performance during 

three sub-periods. The risk-factor portfolios achieve higher Sharpe ratios than the 60-

40 portfolio during the earliest sub-period. The differences between the asset-class 

portfolio and the risk-factor portfolios are significant at the one per cent level for the 

EW, VW, ERC, and MD portfolios; significant at the five per cent level for the MV 

portfolio; and are not significant for the MSR portfolio. Risk-factor diversification 

clearly outperforms during this early period. The outperformance of the risk-factor 

portfolios is less compelling during the second period; however, with only the VW 

portfolio achieving statistical significance at the one per cent level and the EW, ERC, 

and MV portfolios significant at the five per cent level. All of the risk-factor portfolios 

exhibit higher Sharpe ratios than the 60-40 portfolio; however, the results are generally 

less convincing.  

The final sub-period shows performance between the risk-factor portfolios and the 

asset-class portfolios continuing to converge. While the risk-factor portfolios, 

excluding the MSR portfolio, achieve higher Sharpe ratios than the asset-class 

portfolio, the results lack statistical significance. The risk-factor portfolios achieve 

higher risk-adjusted returns for the entire period; however, the most recent period of 

performance is less compelling. This is a new finding in the risk-factor literature and 

suggests that differences in performance between risk-factor and asset-class 

diversification may be weakening over time.  
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Table 4.5 Sub-period performance 

 
The Table reports the sub-period performance statistics for the seven portfolios employed in this study. Panel A reports performance from 

February 1978 to April 1989, a total of 139 observations. Panel B reports performance from September 1989 to April 2001, a total of 140 

observations. Panel C reports performance from May 2001 to December 2012, a total of 140 observations. The JK Z-statistic is the Jobson and 

Korkie (1980) test statistic, calculated using the correction suggested by Memmel (2003). The test statistic indicates the statistical significance of 

the difference between the Sharpe-ratios of the risk-factor portfolios and the 60-40 portfolio. * and ** denote statistical significance at the 5% and 

1% levels, respectively. 

Equal 

Weighted

Volatility 

Weighted

Equal-Risk 

Contribution

Minimum 

Variance

Most 

Diversified

Maximum 

Sharpe Ratio
60-40

Panel A. Feb 1978 - Apr 1989

Arithmetic average return 1.16 1.02 1.07 0.98 1.14 1.09 1.26

Standard deviation 1.40 0.96 0.97 0.82 1.15 1.19 3.64

Sharpe Ratio 0.32 0.32 0.37 0.32 0.37 0.32 0.15

JK Z-statistic     3.47**     2.45**     2.77**   1.68*     2.42** 1.55

Monthly 95% VaR -0.73 -0.01 -0.03 -0.10 -0.57 -0.48 -4.72

Monthly 95% CVaR -2.74 -1.65 -1.55 -0.85 -1.81 -2.02 -7.09

Panel B. Sep 1989 - Apr 2001

Arithmetic average return 0.84 0.72 0.73 0.65 0.77 0.74 0.99

Standard deviation 1.27 0.68 0.71 0.53 1.00 1.09 2.93

Sharpe Ratio 0.34 0.44 0.44 0.45 0.35 0.29 0.20

JK Z-statistic   1.72*     2.84**   2.28*   2.28* 1.36 0.87

Monthly 95% VaR -1.62 -0.62 -0.39 -0.10 -0.69 -0.66 -4.11

Monthly 95% CVaR -1.97 -0.83 -0.75 -0.58 -1.57 -1.89 -5.72

Panel C. May 2001 - Dec 2012

Arithmetic average return 0.45 0.38 0.38 0.30 0.38 -0.06 0.55

Standard deviation 1.18 0.97 0.96 0.83 1.07 2.69 2.87

Sharpe Ratio 0.26 0.24 0.24 0.19 0.22 -0.08 0.14

JK Z-statistic 1.49 1.59 1.40 0.52 0.99 -2.02

Monthly 95% VaR -1.74 -1.43 -1.41 -0.83 -1.98 -2.53 -4.54

Monthly 95% CVaR -2.71 -2.42 -2.51 -1.91 -2.66 -8.64 -7.09
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4.6  Conclusion 

Risk-factor diversification shows the potential to enhance portfolio performance 

beyond what is achievable with asset-class diversification. While previous research has 

demonstrated the benefits of using this framework across a diverse range of risk-

factors, this study has shown that the benefits are available even when investors are 

restricted to investing in U.S. stocks and bonds only. In fact, this study finds that 

international diversification and sophisticated strategies that span multiple markets are 

not necessary or essential components of successful risk-factor diversification.  

Testing a range of portfolio selection techniques applied to the risk-factor framework, 

it was found that five of the six variants have historically achieved similar risk-

adjusted returns. Only the MSR specification achieved risk-adjusted returns that were 

statistically different to the other five risk-factor portfolio configurations. The finding 

that risk-factor diversification performance is consistent across a range of different 

portfolio selection techniques is a new finding in the literature. Building on this result, 

it was demonstrated that the risk-factor portfolios achieved higher risk-adjusted returns 

than the 60-40 portfolio with only the MSR portfolio failing to demonstrate 

statistically significant differences in performance. These findings confirm the merits 

of risk-factor diversification. 

Examining performance across a range of stress market conditions, this study found 

that risk-factor portfolios outperform a 60-40 portfolio during bear markets in U.S. 

stocks and during periods of tightening U.S. monetary conditions. The risk-factor 

portfolios were found to consistently exhibit lower downside risk than the 60-40 

portfolio across a range of scenarios indicating that lower risk is a remarkably 

consistent trait of the risk-factor approach. 

Further examination of the results highlights that risk-factor based performance is not 

universally superior to the asset-class approach. The risk-adjusted performance of the 

risk-factor portfolios is less convincing during periods of broad-based investment 
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market turbulence and economic downturns. The analysis in this chapter demonstrated 

that the risk-adjusted returns of the risk-factor approach, across a range of portfolio 

selection techniques, is not statistically different to those achieved by the 60-40 

portfolio during certain market stress periods. 

It was also found that the magnitude of the outperformance of risk-factor 

diversification above asset-class diversification has diminished over time. Dividing the 

data set into three sub-periods, it was shown that the outperformance of risk-factor 

diversification in relation to asset-class diversification lacks statistical significance in 

the most recent sub-period. Again, this is further evidence challenging the premise that 

risk-factor diversification is superior to the asset-class approach in all market 

scenarios. 

The results presented in this study demonstrate that investors limited to stock and bond 

portfolios have the potential to improve portfolio performance by focusing on the 

underlying risk-factors of these asset-classes. The risk-factor approach outperforms, or 

at least matches the performance, of the asset-class approach consistently across 

different market environments. This study provides encouraging signs that a portfolio 

that only invests in stock and bond risk-factors has the potential to offer investors risk-

adjusted returns at least as good, and often better, than those of the 60-40 portfolio, as 

well as smaller downside risk, across a range of investment market and economic 

conditions. Importantly, this chapter also demonstrates that the risk-factor approach is 

not universally superior to the asset-class approach. 
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5 The correlation of risk-factor returns 

5.1 Introduction 

One of the conclusions drawn from Chapter 4 is that risk factors offer the potential to 

achieve effective portfolio diversification relative to asset-class diversification. It was 

also noted in the literature reviewed in Chapter 2 that risk-factor investments exhibit 

correlations that are both lower and more stable than those between asset-classes and 

that this results in more effective diversification. This chapter rigorously tests this 

assertion by analysing the correlation dynamics of risk-factor investments and 

exploring their influence on portfolio returns. 

The correlations between returns on different investments has been studied extensively 

in the literature but has not been examined in detail from the perspective of risk-factor 

diversification. From the perspective of investments in general, the weight of evidence 

suggests that correlations are asymmetric, that is, the correlation between positive 

returns is different to the correlation between negative returns. Studies examining: 

international equity markets (Longin and Solnik, 2001 and Butler and Joaquin, 2002), 

equity styles (Ang and Chen, 2002 and Hong et al., 2007), industries (Ferreira and 

Gama, 2010), and diversified assets (Bhansali, 2011 and Chua et al., 2009) show that 

correlations differ depending on the sign of the returns. Furthermore, Longin and 

Solnik (2001), Ang and Chen (2002), Butler and Joaquin (2002), and Chua et al. 

(2009) also find extensive evidence of non-normality in the correlation between 

negative returns, but little evidence to reject normality in the correlation between 

positive returns. Put another way, for many investments, return correlations are more 

extreme than expected under the normal distribution when returns are negative. Taken 

together, these studies on asymmetric and non-normal correlation suggest that when 

markets fall, the assumed benefits of portfolio diversification are diminished. 

More recently, a growing body of literature suggests that risk-factor investments 

exhibit correlations that are both lower and more stable than those between asset-
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classes. Bender et al. (2010) and Ilmanen and Kizer (2012) show that, on average, the 

correlation between risk-factors is zero. All else being equal, lower correlations 

between investments result in portfolios with lower total volatility, a common finding 

in the risk-factor diversification literature. Furthermore, Page (2010) demonstrates that 

the low levels of correlation between risk-factor investments is stable in different 

market environments suggesting risk factors offer a stronger foundation for portfolio 

diversification. Despite this emerging evidence, an in-depth analysis of risk-factor 

correlations has not been considered in the literature. 

These two strands of literature present seemingly incongruent evidence on correlation. 

On the one hand, the wider finance literature reports that investments generally exhibit 

higher correlations during falling markets. On the other hand, the risk-factor literature 

reports that risk-factor investments exhibit more consistent correlations across time 

and market conditions. To date, this puzzle has been largely unexplored, and it is 

uncertain if the results in the wider finance literature are indicative of the behaviour of 

risk-factor investment returns. This study aims to fill this gap in the literature. 

This chapter contributes to the current body of knowledge by investigating the 

dependencies between risk-factor investment returns using exceedance correlations. 

More specifically, this study examines whether the direction and magnitude of returns 

impacts the correlation between risk factors. Although this relationship has been 

explored extensively for a range of investments, very little work has been dedicated to 

risk-factor investments specifically.
50

 This study is the first to specifically examine and 

formally test the correlation structure between risk-factor investment returns. 

Furthermore, this study investigates the impact correlation has on portfolio returns. 

This chapter employs two formal statistical tests to determine the characteristics of the 

risk-factor exceedance correlations. First, this study tests the presence of correlation 

asymmetries by using the methodology of Hong et al. (2007). Correlation asymmetries 

                                                 

50
 Christoffersen and Langlois (2013) provide one of the few studies which specifically models non-

linearities in risk factor return correlations. 
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have been demonstrated to exhibit noticeable effects on portfolio outcomes; however, 

little is known about them in the context of risk-factor returns. Second, using the 

methodology of Ang and Chen (2002), this study tests the dependence structure of 

risk-factors investment returns for normality. Given the importance normality 

assumption in portfolio theory, this test may highlight features of the dependence 

structure that impact on portfolio performance. Both tests identify characteristics that 

have been shown to affect investment portfolio performance, and they provide a 

foundation for analysing the underlying structure of risk-factor investment 

correlations. 

Building on these statistical tests, the impact of dependence structure on portfolio 

returns is examined. Butler and Joaquin (2002) demonstrate a link between correlation 

asymmetry and larger than expected portfolio losses in international equity portfolios. 

The analysis in this chapter tests whether their conclusions hold within the risk-factor 

diversification framework. Furthermore, risk-factor portfolio returns are compared to 

those predicted by the normal distribution. Understanding the relationship between 

dependence structure and portfolio returns may allow investors to better understand the 

behaviour of the risk-factor allocation approach.
51

 

The statistical tests estimated in this study highlight several characteristics unique to 

risk-factor dependence structures. First, neither positive nor negative exceedance 

correlations can be characterised by a joint normal distribution. While this is consistent 

with previous findings that show non-normality for negative exceedance correlations 

in other investment return series, it is unique in finding that positive exceedance 

correlations are non-normal in risk-factor returns.
52

 Second, the correlations between 

risk-factor returns are generally symmetric.
53

 Again, this new finding is unique to the 

                                                 

51
 Refer to Chapter 4 of this thesis and the literature reviewed in Section 2.3.3. 

52
 Longin and Solnik (2001), Butler and Joaquin (2002), Ang and Chen (2002), and others find non-

normality in negative exceedance correlations only. 
53

Christoffersen and Langlois (2013) argue that risk factor correlations—between the four equity risk 

factors employed in this paper—are asymmetric, but do not test results for statistical significance. 

Furthermore, their results are based on weekly returns and they note that differences exist between daily, 
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literature as asymmetric exceedance correlations are the common finding. Although 

exceedance correlations are generally symmetric, there are a minority of correlations 

that exhibit asymmetries. The third unique characteristic is that the statistical tests 

reveal that half of the asymmetries detected are positive asymmetries, that is, 

correlations that decrease when markets fall. The research in this field has identified 

negative asymmetries in the vast majority of results for investment return series. This 

study establishes three empirical facts related to risk-factor investments which are 

distinct from those previously identified in the wider exceedance correlation literature. 

Exploring the effects of these unique characteristics on portfolio outcomes, this study 

shows that risk-factor returns exhibit a largely positive impact on portfolio 

diversification. Risk-factor portfolios are generally symmetric in the extreme tails of 

the distribution. Unlike the findings for other investment returns established in the 

literature, risk-factor investment portfolios exhibit asymmetric returns in only a small 

number of cases. The largest ten per cent and five per cent of gains are not statistically 

different from the equivalent losses in a majority of the cases tested. Even at the one 

per cent level, only a minority of cases exhibit statistically significant differences. In 

contrast to the results for other investments explored in the exceedance correlation 

literature, combinations of risk-factor investments result in portfolio returns that are 

largely symmetric.  

Comparing portfolio returns to the normal distribution, this study finds that portfolios 

of risk-factors exhibit higher returns than expected for the worst five and ten per cent 

of losses. That is, at these thresholds, returns are better than expected under a normal 

distribution. Balancing this result, however, the findings show that the risk-factor 

portfolios exhibit larger losses than implied by the normal distribution for the worst 

one per cent of portfolio losses. Taken together, these results suggest that when risk-

factor portfolios experience losses, portfolio diversification is improved in all but the 

                                                                                                                                             

weekly, and monthly correlation dynamics. Their graphical analysis of monthly returns is less 

supportive of their asymmetry claim and is more consistent with the results of this thesis. 
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most extreme cases when judged relative to the normal distribution. The results for the 

positive tail of the distribution are essentially a mirror image of the negative tail. 

Returns are higher than those implied by the normal distribution for the best one per 

cent of gains; however, they are lower for the best five and ten per cent of portfolio 

gains. That is, these results suggest that when risk-factor portfolios experience gains, 

returns are lower than expected for all but the most extreme gains when judged relative 

to the normal distribution. 

These results are not simply a reflection of the low unconditional correlations 

exhibited by risk-factor investment returns. By comparing portfolio outcomes to a 

normal distribution, this study suggests that the diversification benefits of risk-factor 

investments extend beyond the widely recognised diversification benefits associated 

with investments with low unconditional correlations. 

The risk-factor correlations examined in this study are motivated by the increasing 

popularity of portfolios styled on risk-factor investments. Increasingly, investment 

managers are approaching the portfolio selection decision from the perspective of risk 

factors rather than asset classes. Global investment managers such as AQR, PIMCO, 

and Norges Bank Investment Management (NBIM), among the largest in the world, 

are employing the risk-factor framework in their investment policies.
54

 The research in 

the field of risk-factor diversification, however, is limited to only a handful of studies. 

In recent times, some investors have been critical of the benefits of asset 

diversification, particularly during market crises. The risk-factor investment process, 

however, has been presented as a possible solution to this challenge. By exploring risk-

factor dependence structures and their impact on portfolio returns, this study will 

investigate the strength, or otherwise, of this critique as it applies to the risk-factor 

framework. The remainder of this chapter is structured as follows. It begins with a 

discussion of the key findings in the exceedance correlation literature. Next, the 

                                                 

54
 Morningstar (2014) estimate that approximately USD393 billion is invested in a manner consistent 

with the risk-factor diversification approach. 
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methodology and data employed in the empirical analysis are discussed, followed by 

the results of the empirical study. The chapter closes with some concluding remarks. 

5.2 Literature Review 

5.2.1 Exceedance Correlations 

Exceedance correlation is a technique used to explore the relationship between 

correlation and the direction and magnitude of returns. Unlike the unconditional 

correlation of two variables, which is calculated using all pairs of return observations, 

exceedance correlation is calculated using only those pairs of returns that exceed a 

specified threshold. Figure 5.1 is a stylised representation of the observations used in 

calculating unconditional and exceedance correlations. Positive exceedance 

correlations use only the pairs of returns above a certain threshold, while negative 

exceedance correlations use only those below the threshold. Exceedance correlation 

has become a de facto standard for analysing the relationship between correlation and 

return direction, and this technique is employed throughout this study.
55

 

Figure 5.1 Unconditional Correlation and Exceedance Correlations 

 
The exhibit, adapted from an example presented in Chua et al. (2009), is a stylised representation 

of unconditional correlation and exceedance correlations. The exhibit contrasts unconditional 

correlation, calculated from the entire sample, with exceedance correlation, calculated using only 

those pairs of observations which both exceed a threshold. 

Using exceedance correlation to study international equity markets, Longin and Solnik 

(2001) find that correlation varies with market direction. They show that the 

                                                 

55
 See Section 2.6.2 for a discussion of the literature in this field. 
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correlation between returns below zero differs from that of returns above zero. 

Furthermore, they find evidence that the correlation structure of negative returns does 

not follow the structure implied by a normal distribution. The correlations of negative 

returns are generally higher than those implied by a normal distribution. In contrast, 

the correlations between positive returns are consistent with a bivariate normal 

distribution. This characteristic, where negative exceedance correlation is higher than 

positive, is known as negative asymmetry. 

Since Longin and Solnik (2001), other researchers have studied exceedance 

correlations and have demonstrated that negative asymmetries exist between many 

investments. Butler and Joaquin (2002) find evidence of negative asymmetries in the 

correlations of local and international equity indices, while Ferreira and Gama (2010) 

show that asymmetries exist between the global equity index and global industry sector 

returns. Ang and Chen (2002) and Hong et al. (2007) find evidence of asymmetries 

between the U.S. equity index and industry, size, and momentum portfolios. Chua et 

al. (2009) examine the correlation between a wide and diverse range of investments 

and show that negative asymmetries are present between hedge funds and the U.S. 

equity market, and between fixed income indices. Collectively, these studies 

demonstrate that, in general, correlations between investment returns increase when 

markets fall. 

Unlike previous studies, Chua et al. (2009) also find evidence of positive asymmetries. 

The authors show that the correlations between certain fixed income indices exhibit 

correlations that decrease when returns are negative. From the perspective of portfolio 

diversification, this is a potentially valuable characteristic; however, the evidence of 

positive asymmetries is rare in the literature. In theory, if investments exhibit positive 

asymmetries, that is, correlations that are lower for negative returns, then the benefits 

of diversification may improve during periods when markets are falling. 

Overall, the exceedance correlation literature provides a number of empirical facts. 

First, empirical correlations are generally asymmetric, in distinct contrast to what 
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would be expected from a normal distribution. Second, correlation asymmetries are 

almost always negative, that is, exceedance correlations tend to be higher for negative 

returns than for positive returns. It is rare to find asymmetries in which negative 

returns exhibit lower values than the equivalent positive returns. Third, correlations 

between positive returns tend to be consistent with the normality assumption. When 

evidence of non-normality is found, it is in the negative exceedance correlations only. 

This body of knowledge, derived from these three empirical findings, is employed as a 

benchmark for evaluating risk-factor return correlations in this study. 

5.2.2 Impact of Correlation Asymmetry  

Various scholars have demonstrated that failing to consider correlation asymmetry can 

affect the portfolio selection process and portfolio performance. Ang and Chen (2002), 

Hong et al. (2007), and Chua et al. (2009) demonstrate that asymmetric correlations 

can decrease investor utility, and can result in an over-allocation to risky assets. Ang 

and Chen (2002) also show that when correlations are incorrectly assumed to be 

symmetric, portfolios experience larger losses during down markets and lower returns 

during up markets. In general, by incorrectly assuming correlation symmetry, investors 

can over-estimate the benefits of portfolio diversification. 

Butler and Joaquin (2002) examine the impact of correlation asymmetry on the 

distribution of portfolio returns. They find that asymmetries result in lower than 

expected returns during down markets, and that portfolios experience more extreme 

negative returns, and less extreme positive returns, than the equivalent theoretical 

distributions. This is further evidence that the effects of diversification are 

overestimated, with larger negative returns on the downside and smaller positive 

returns on the upside. Taken in aggregate, these findings motivate the analysis of risk-

factor investment return correlations described in this study. 

5.2.3 Correlations between risk-factor returns 

The majority of exceedance correlation studies are from the perspective of an equity 

investor, with much of the literature addressing the question of how different equity 
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portfolios are correlated. The topic has been analysed less frequently from the 

perspective of a more diversified investor; that is, someone who considers other 

investments, such as bonds or hedge funds, for example. To date, there are no studies 

that examine exceedance correlations between risk-factor investments. 

Researchers, however, have provided some evidence related to the general 

characteristics of risk-factor correlations. Bender et al. (2010) show that the average 

correlation between eleven risk-factors is low during the period May 1995 to 

September 2009. Ilmanen and Kizer (2012) demonstrate that the average correlation 

between six risk-factors: term, credit, market, value, momentum, and size, has 

fluctuated between -0.14 and +0.19 for the period January 1927 to December 2010. 

This result suggests that risk-factor correlations are relatively stable across time. By 

measuring risk-factor exceedance correlations, this chapter examines whether risk-

factor correlations exhibit asymmetry between positive and negative returns. This is an 

important issue to both the risk-factor literature and investors interested in pursuing the 

risk-factor approach to diversification. 

This chapter builds on the work of Page (2010), who provides one of the few analyses 

of conditional risk-factor correlations. Page (2010) studies the effect of market regimes 

on risk-factor correlations and finds that, on average, they are consistent between 

turbulent and calm regimes. He advocates that this stability offers additional 

diversification benefits when risk-factor diversification is employed. While he raises 

issues critical to the risk-factor diversification approach, he does not formally test his 

argument statistically. With this in mind, this study employs formal econometric tests 

to examine conditional correlations and portfolio returns. Additionally, where Page 

(2010) focuses on correlation during turbulent regimes, this chapter contributes to the 

literature by focusing specifically on the relationship between correlation, return 

direction, and return magnitude.  

Investments commonly explored in the risk-factor literature have featured in previous 

research on exceedance correlations. For example, Ang and Chen (2002) and Chua et 
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al. (2009) analyse market, credit, value, momentum, and size; however, they approach 

the analysis from the perspective of a traditional asset-class investor. In particular, 

their analysis focuses on how equity portfolios, or other asset-classes, are correlated to 

equity market risk. Few studies, if any, have approached the question from the 

perspective of risk-factor diversification. The current study aims to fill this gap in the 

literature by exploring exceedance correlations in risk factors and their impact on 

portfolios constructed using risk factors. 

5.3 Methodology 

5.3.1 Calculating Exceedance Correlations 

Exceedance correlations are calculated separately for positive and negative returns. 

Consider the returns on two investments, �̃� and �̃� . The positive and negative 

exceedance correlations are respectively defined as: 

 �̂�+(𝑐) = 𝑐𝑜𝑟𝑟(�̃�, �̃�|�̃� > 𝑐, �̃� > 𝑐) (5.1) 

 �̂�−(𝑐) = 𝑐𝑜𝑟𝑟(�̃�, �̃�|�̃� < −𝑐, �̃� < −𝑐) (5.2) 

 

where c is the exogenously set exceedance threshold level, specified in multiples of the 

standard deviation of the standardised returns. 

Previous studies have focused on two sets of exceedance thresholds, 𝐶 = {0}  and 

𝐶 =  {0, 0.5, 1, 1.5} .
56

 By using a single level, the first specification allows the 

comparison of exceedance correlations between positive returns and negative returns. 

This comparison is commonly applied to determine whether correlations between 

positive returns are the same as those between negative returns. An advantage of using 

a single threshold is that the number of observations for each threshold is maximised, 

thus improving the sample characteristics of any statistical tests undertaken. The 

second set of exceedance levels allows a more detailed examination of correlation 

                                                 

56
 For example, refer to Ang and Chen (2002) and Hong et al. (2007). The work of Hong et al. (2007) 

show via simulations, that both sets of exceedance thresholds exhibit reasonable finite sample 

properties. 
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structure. By employing multiple exceedance levels, it is possible to analyse how the 

correlations between risk-factors behave as returns become more extreme. 

Following Hong et al. (2007), the exceedance correlations �̂�+(𝑐)  and �̂�−(𝑐)  for 

exceedance level c are calculated as: 

 

�̂�+(𝑐) =
1

𝑇𝑐
+ − 1

∑�̂�𝑡
+(𝑐)�̂�𝑡

+(𝑐)

𝑇

𝑡=1

1(𝑥𝑡 > 𝑐, 𝑦𝑡 > 𝑐) (5.3) 
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where 𝑥𝑡 and 𝑦𝑡 are the empirical returns, 1(.) is the indicator function, and 𝑇𝑐
+ is the 

number of observations where 𝑥𝑡 > 𝑐 and 𝑦𝑡 > 𝑐 . The negative exceedance 

correlation, �̂�−(𝑐), is calculated similarly.
57

 

Figure 5.2 illustrates the exceedance correlations for a bivariate standard normal 

distribution with an unconditional correlation coefficient of 0.5. The exhibit reports 

that as the value of the upper exceedance threshold increases, and the lower threshold 

decreases, the exceedance correlation for the distribution approaches zero. Where both 

return observations are less than zero, correlation is expected to be 0.27 and decreases 

as the threshold diverges from zero. This profile is mirrored when both return 

observations are above zero. The unconditional correlation, shown as a large dot on the 

y-axis, is situated well above the line showing the exceedance correlations.  

The exhibit illustrates two important theoretical characteristics. First, the exceedance 

correlations of the bivariate normal distribution decrease as the threshold level deviates 

from zero. Second, the correlation profile is symmetric, that is, the exceedance 

correlation is the same regardless of the sign of the observations. When exceedance 

correlations are tested for normality, it is critical that the measurement bias is adjusted 

for. Ang and Chen (2002) provide a closed-form solution for calculating the 

exceedance correlation of a bivariate normal distribution. This solution, described in 

Appendix B, is employed throughout this study. 

                                                 

57
 Following Ang and Chen (2002) and the subsequent literature, returns are standardised to have zero 

means and unit variances. 
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Figure 5.2 Correlation Profile of a Bivariate Normal Distribution 

 
The exhibit illustrates the theoretical correlation profile of a bivariate normal distribution with an 

unconditional correlation of 0.5. The theoretical exceedance values are calculated using the 

closed form solution described in Ang and Chen (2002) and outlined in Appendix B. 

 

5.3.2 Test of Correlation Asymmetry 

The Hong et al. (2007) test of correlation asymmetry is based on the null hypothesis of 

symmetric correlation, expressed as: 

𝐻0: �̂�
+(𝑐) = �̂�−(𝑐), 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑐 ≥ 0 

The alternative hypothesis is specified as: 

𝐻1: �̂�
+(𝑐) ≠ �̂�−(𝑐), 𝑓𝑜𝑟 𝑠𝑜𝑚𝑒 𝑐 ≥ 0 

The test statistic for the Hong et al. (2007) test is calculated as: 

𝐽𝜌 = 𝑇(�̂�+ − �̂�−)′Ω̂−1(�̂�+ − �̂�−) 

where 
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Ω̂ = ∑ 𝑘(
𝑙

𝑝
)

𝑇−1

𝑙=1−𝑇

𝛾𝑙 (5.4) 

 

𝛾𝑙(𝑐𝑖, 𝑐𝑗) =
1

𝑇
∑ 𝜉𝑡(𝑐𝑖)𝜉𝑡−|𝑙|(𝑐𝑗)

𝑇

𝑡=|𝑙|+1

 (5.5) 

and 

 
𝜉𝑡(𝑐) =  

𝑇 − 𝑇𝑐
+

𝑇𝑐
+ [�̂�𝑡

+(𝑐)�̂�𝑡
+(𝑐) − �̂�+(𝑐)]1(𝑥𝑡 > 𝑐, 𝑦𝑡 > 𝑐)

−
𝑇 − 𝑇𝑐

−

𝑇𝑐−
[�̂�𝑡

−(𝑐)�̂�𝑡
−(𝑐) − �̂�−(𝑐)]1(𝑥𝑡 < −𝑐, 𝑦𝑡

< −𝑐) 

(5.6) 

 

Following Hong et al. (2007), the Bartlett kernel 𝑘(𝑧) = (1 − |𝑧|)1(|𝑧| < 1) , 

employed by Newey and West (1994) and others, is used and 𝑝 = 3. Hong et al. 

(2007) prove 𝐽𝜌
𝑑
→ 𝜒𝑚

2  where m is the number of exceedance levels used in the test. 

5.3.3 Test of Correlation Asymmetry and Bivariate Normality 

The second test employed is the Ang and Chen (2002) test of asymmetry. This test 

compares the exceedance correlations of the empirical distribution and the equivalent 

bivariate normal distribution. The null hypothesis is specified as: 

𝐻0: �̂�(𝑐) = �̆�(𝑐) 

The alternative hypothesis is specified as: 

𝐻1: �̂�(𝑐) ≠ �̆�(𝑐) 

where �̆�(𝑐)  is the theoretical exceedance correlation for the equivalent bivariate 

normal distribution calculated using the methodology in Appendix B. 

The test statistic for the Ang and Chen (2002) test is calculated as: 
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𝐻𝜌 = [∑𝑤(𝑐𝑖). (�̆�(𝑐𝑖) − �̂�(𝑐𝑖))
2

𝑁

𝑖=1

]

1
2⁄

 (5.7) 

 

where �̆�(𝑐𝑖)  is the exceedance correlation of the bivariate normal distribution and 

�̂�(𝑐𝑖) is the exceedance correlation calculated from the empirical data series. Ang and 

Chen (2002) also calculate three other variants of the test statistic. The additional test 

statistics are defined as: 

 

𝐻𝜌
+ = [∑𝑤(𝑐𝑖). (�̆�

+(𝑐𝑖) − �̂�+(𝑐𝑖))
2

𝑁

𝑖=1

]

1
2⁄

, (5.8) 

 

𝐻𝜌
− = [∑𝑤(𝑐𝑖). (�̆�

−(𝑐𝑖) − �̂�−(𝑐𝑖))
2

𝑁

𝑖=1

]

1
2⁄

, (5.9) 

 

𝐴𝐻𝜌 =∑𝑤(𝑐𝑖). (�̆�(𝑐𝑖) − �̂�(𝑐𝑖))

𝑁

𝑖=1

. (5.10) 

Equation (5.8) conducts the test over positive exceedance correlations only, while 

Equation (5.9) over negative exceedance correlations only. Note that the Equations 

(5.7), (5.8), and (5.9) are quadratic statistics while Equation (5.10) is simply a 

weighted sum of the correlation differences allowing the statistic to take on negative 

values, thus it jointly examines positive and negative exceedance correlations. 

Following Ang and Chen (2002), this study employs the weighting scheme 𝑤(𝑐𝑖) =

𝑇𝑖

(∑ 𝑇𝑗
𝑁
𝑗=1 )

 which satisfies ∑ 𝑤(𝑐𝑖)
𝑁
𝑖=1 = 1. 

5.3.4 Correlation Structure and Extreme Portfolio Returns 

Following the work of Butler and Joaquin (2002), this study evaluates whether risk-

factor investment portfolio returns can be described by the normal bivariate 

distribution. The analysis also examines whether portfolio returns are asymmetric in 

the most extreme tails of the return distribution. Consistent with the statistical tests, 

portfolios are constructed of each of the fifteen risk-factor pairs previously analysed. 
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Two weighting techniques: equal-weighted and volatility-weighted are employed to 

form the portfolios. These weighting schemes are used to calculate a monthly time 

series of portfolio returns using the equation: 

 𝑅𝑝,𝑡 = 𝑤𝑖𝑅𝑖,𝑡 + 𝑤𝑗𝑅𝑗,𝑡, (5.11) 

 

where 𝑅𝑝 is the return on the portfolio and 𝑅𝑖 and 𝑅𝑗 are the returns of the risk-factor 

investments. For the equal-weighted portfolio w = 0.5 and for the volatility-weighted 

portfolio: 

 𝑤𝑖 = �̂�𝑗 (�̂�𝑖 + �̂�𝑗)⁄  (5.12) 

and 

 𝑤𝑗 = �̂�𝑖 (�̂�𝑖 + �̂�𝑗)⁄  

 

(5.13) 

where �̂�𝑗 and �̂�𝑖 are the unconditional standard deviations of the excess returns on the 

risk-factor investments. To maintain consistency with the previous analysis, and to 

facilitate the comparison of portfolios with different volatilities, portfolio returns are 

standardised to have a mean of zero and unit standard deviation. 

Two characteristics of the portfolio return data are analysed. First, extreme returns in 

the positive and negative tails of the portfolio return distribution are compared. This 

comparison is slightly different to that of Butler and Joaquin (2002) who compare 

extreme returns to calm market returns. That is, their comparison is not based on 

portfolio returns but those of a constituent investment. In contrast, this chapter 

calculates extreme positive and negative returns as the highest and lowest returns at a 

percentile threshold 𝛼 =  {0.01, 0.05, 0.10}. The returns for the negative tail are then 

compared to those of the positive tail for each threshold. To test for statistical 

significance, the analysis follows Butler and Joaquin (2002) by generating probability 

distributions using the following procedure: 
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1. Generate 480 portfolio returns using a standard normal distribution. 

2. Calculate the value of the highest and lowest returns at the percentile thresholds 

𝛼 =  {0.01, 0.05, 0.10}. 

3. Calculate the difference between the extreme positive and negative returns for 

each threshold. 

4. Repeat steps 1–3 for 100,000 times to obtain a simulated distribution. 

The empirical values calculated for each risk-factor portfolio are then compared to the 

simulated distribution to measure statistical significance. 

Using the same empirical and simulated data, the positive and negative tails are also 

compared to those of the normal distribution. To test the statistical significance of the 

differences, probability distributions are generated using steps one, two, and four of the 

procedure described above. The empirical values of the positive and negative 

thresholds are then compared to the simulated values to measure statistical 

significance. 

5.4 Data 

As outlined in Chapter 3, this study employs six U.S. risk-factors: market, size, value, 

momentum, credit and term. Selecting risk factors from a single geographic market 

simplifies the analysis in this chapter by avoiding the possibility that currency 

movements may affect the integrity of the results. The data represents monthly excess 

returns for the period January 1973 to December 2012. 

Table 5.1 presents the summary statistics for the risk-factor investments with the 

correlations between risk factors presented in Panel B.
58

 The value and momentum risk 

factors stand out, with consistently low or negative correlations to the other return 

series. Credit, market and size, however, seem to exhibit a degree of commonality. 

Examining these three risk factors in isolation, the average correlation between the 

                                                 

58
 Panel A, shown for completeness, is discussed in section 4.4. 
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three pairs is 0.26 indicating that they are not completely independent.
59

 Even 

including these three seemingly related factors, the average correlation for all six 

factors is close to zero. This compares with the correlation between stocks and bonds 

over the same period of 0.23, shown in Panel C. 

                                                 

59
 That is, the pairs of credit & market, credit & size and size & market. There is a substantial literature 

on the interaction between these risk-factors; for example, Merton (1974), Fama and French (1993), and 

Arshanapalli, Switzer and Panju (2007) among others. 
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Table 5.1 Stock and Bond Risk-Factor Summary Statistics, 1973-2012 

 
 

This table presents the summary statistics of the monthly total returns of risk factors and asset classes employed in this study. Statistics for the six 

risk factors: term, market, size, value, credit and momentum are expressed in U.S. dollar terms and are calculated as the difference between the 

returns on two portfolios, as outlined in Section 3.1. Stock returns are the value-weighted returns of stocks listed on the NYSE, AMEX, or 

NASDAQ exchanges from the CRSP database. Bond returns are the returns of the Barclays Aggregate US Government and Credit index. Data is 

sourced from the Kenneth French data library and Barclays Capital. Panel A reports descriptive statistics and Panel B reports correlations. * and 

** denote statistical significance at the 5% and 1% levels, respectively. 

 

 Term Market  Size  Value Credit Momentum  Bonds   Stocks

Panel A: Descriptive statistics

Arithmetic average return 0.76 0.90 0.65 0.84 0.64 1.14 0.77 0.90

Standard deviation 3.02 4.68 3.16 3.07 1.09 4.57 2.80 4.68

Sharpe Ratio 0.11 0.10 0.07 0.13 0.18 0.15 0.12 0.10

Monthly 95% VaR -3.97 -7.28 -3.72 -3.91 -0.80 -6.41 -3.68 -7.28

Monthly 95% CVaR -5.49 -10.36 -5.83 -6.23 -2.39 -10.97 -5.22 -10.36 

Panel B: Risk-factor correlations

Term Market Size Value Credit Momentum

Term 0.10*  -0.14** 0.00    -0.28** 0.09    

Market 0.28** -0.33** 0.35** -0.13**

Size -0.23** 0.19** -0.01    

Value 0.05    -0.13**

Credit -0.22**

Panel C: Asset-class correlations

Stocks

Bonds 0.23        
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5.5 Results 

5.5.1 Empirical Exceedance Correlations 

Figure 5.3 illustrates the dependence structure of the fifteen risk-factor investment 

pairs. Each figure represents the empirical exceedance correlation 

𝐶 = {0, 0.25, 0.5, … , 2} as well as the theoretical bivariate normal correlation which is 

based on the unconditional correlation co-efficient of the empirical return series. A 

clear feature of the data is that the risk-factor pairs do not exhibit a single homogenous 

dependence structure, each appears to be distinct from the others. This is in contrast to 

the equity index results shown in Longin and Solnik (2001) and Butler and Joaquin 

(2002) which are more consistent. Further examination of the figures reveals that the 

correlations vary between symmetric, positively asymmetric, and negatively 

asymmetric. It is also apparent that the empirical dependence structures are different to 

those implied under bivariate normality. 

Figure 5.4 provides a more concise illustration of risk-factor exceedance correlations. 

The exhibit charts the difference between the negative and positive exceedances for 

𝑐 = 0  only. On average, the correlations are symmetric; however, there is a wide 

diversity among the individual pairs which exhibit differences (between positive and 

negative exceedance correlations) ranging between -0.28 and 0.3. Unlike previous 

results described in the exceedance correlation literature, which have demonstrated the 

overwhelming occurrence of negative asymmetries in investment returns, these results 

show an approximately even mix of positive and negative asymmetries in risk-factor 

returns. Furthermore, risk-factor correlations appear to be consistent, on average, 

between positive returns and negative returns, an assertion tested formally in the next 

section. That is, the risk factor time-series do not appear to consistently exhibit the trait 

of negative asymmetry which is common in other investment returns. 
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Figure 5.3 Correlation Profile of Risk-Factors 
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Continued from previous page 
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Continued from previous page 

 

 

 

 
The figures show the dependence structure between the 15 pairs of risk factors for the period January 1973 to December 2012. The charts are based on 

monthly excess returns which have been standardised. The diamonds represent the actual exceedance correlations of the empirical return distributions at the 

noted thresholds. The dashed lines represent the theoretical exceedance correlations of the standard normal bivariate distribution with an unconditional 

correlation equal to that of the appropriate empirical return distribution. 
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Figure 5.4 Risk-Factor Correlation Asymmetries 

 
The exhibit illustrates the difference between the negative and positive exceedance correlation, 

�̂�−(𝑐) and �̂�+(𝑐), for 𝑐 = 0. A negative number denotes that the negative exceedance correlation 

is larger than the positive exceedance correlation. That is, a negative number indicates negative 

asymmetry. 

Figure 5.5 compares the differences between the empirical exceedance correlations and 

those expected under the assumption of bivariate normality for negative exceedance 

correlations. Figure 5.5 reports that the negative empirical exceedance correlations are, 

on average, approximately 20 per cent higher than those implied by a bivariate normal 

distribution. This result is consistent with the extant literature on exceedance 

correlations and suggests that risk-factors exhibit higher correlations relative to the 

normal distribution during periods of negative returns. 
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Figure 5.5 Non-Normality in Negative Exceedance Correlations 

 
The exhibit illustrates the difference between the empirical and theoretical negative exceedance 

correlations, �̂�−(𝑐) and �̆�−(𝑐), for 𝑐 = 0. The theoretical correlation is based on a joint normal 

distribution with an unconditional correlation equal to that of the empirical distribution. A 

negative number indicates that the empirical exceedance correlation is less than that expected 

from the theoretical distribution. 

Figure 5.6 compares the differences between the empirical exceedance correlations and 

those expected under the assumption of bivariate normality for positive exceedance 

correlations. The figure shows that positive exceedance correlations are, on average, 

23 per cent higher than those expected under the assumption of normality. Unlike the 

previous literature in the field, these results suggest non-normality in the positive 

exceedances as well as the negative. This implies that, on average, risk-factor 

correlations increase when markets increase, which implies potentially higher returns 

than expected, under the assumption of normality, for portfolios constructed from risk-

factor investments. While the unconditional correlation may underestimate correlation 

on the downside, a potentially unfavourable outcome, it may also underestimate it on 

the upside, which is a potential favourable outcome. Put another way, diversification 
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may not reduce losses as much as expected when returns are negative; however, 

returns may be greater than expected when returns are positive. 

Figure 5.6 Non-Normality in Positive Exceedance Correlations 

 
The exhibit illustrates the difference between the empirical and theoretical positive exceedance 

correlations, �̂�+(𝑐) and �̆�+(𝑐), for 𝑐 = 0. The theoretical correlation is based on a joint normal 

distribution with an unconditional correlation equal to that of the empirical distribution. A 

positive number indicates that the empirical exceedance correlation is greater than that expected 

from the theoretical distribution. 

This preliminary analysis has highlighted that risk-factor dependence structures appear 

to exhibit three largely unique characteristics: non-normality in positive exceedances, 

positive as well as negative asymmetries, and a high degree of symmetry. These 

findings are formally evaluated in the next section using the statistical tests of Hong et 

al. (2007) and Ang and Chen (2002). 
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Table 5.2 Test of Correlation Asymmetry, 𝑪 = {𝟎} 

  
 

The table reports the results of the Hong et al. (2007) test of symmetry. The null hypothesis of 

symmetry between positive and negative exceedance correlations is tested for risk-factor pairs. 

Results are reported for exceedance levels 𝐶 = {0}. The columns report the p-values of each test 

of symmetry, and the differences in sample conditional correlations at the corresponding 

exceedance levels c (negative numbers indicate that the negative exceedance is higher than the 

positive exceedance). * denotes statistical significance at the 5% level. 

5.5.2 Correlation Asymmetry 

Results for two variations of the Hong et al. (2007) test are presented, the first using 

𝐶 = {0}, the second, 𝐶 =  {0, 0.5, 1, 1.5}. Table 5.2 presents the results for the first 

variation and shows that correlation symmetry is rejected for only three risk-factor 

investment pairs. That is, as suggested in the previous section, exceedance correlations 

between risk-factor pairs are generally symmetric. As discussed earlier, the literature 

on exceedance correlation reports that the majority of investment returns analysed are 

asymmetric. In contrast, these results indicate that this is not the case for risk-factor 

investments which are more commonly symmetric. 

The results also indicate that asymmetries between risk-factors are positive as well as 

negative. Evidence of correlation asymmetry is statistically significant for three risk-

p -value c  = 0

Risk factors

Momentum-Market 0.25  -0.17

Momentum-Size 0.49  0.16

Momentum-Value 0.32  0.13

Momentum-Term 0.59  -0.05

Momentum-Credit 0.91  -0.01

Market-Size 0.03* -0.28

Market-Value 0.73  -0.08

Market-Term 0.60  -0.05

Market-Credit 0.48  0.12

Size-Value 0.21  0.19

Size-Term 0.56  0.04

Size-Credit 0.02* 0.30

Value-Term 0.03* -0.25

Value-Credit 0.09  0.20

Term-Credit 0.36  0.10

Asset classes

Bonds-Stocks 0.92           -0.01
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factor pairs. Exploring the results for these three pairs further, the values reported in 

column 3 of Table 5.2 are the differences in sample conditional correlations at the 

exceedance level 𝐶 = {0} . Of the three pairs that exhibit statistically significant 

asymmetries, market-size (-0.28) and value-term (-0.25) exhibit the negative 

asymmetry which is commonly reported in the existing literature. The size-credit risk-

factor pair, however, appears to exhibit positive asymmetry, that is, a correlation that 

decreases with negative returns. The difference between the negative and positive 

exceedance correlations for this pair is 30 per cent. That is, correlation is lower when 

both markets are negative, a characteristic that is potentially beneficial from a portfolio 

diversification perspective. 

The Hong et al. (2007) test is repeated using exceedance levels 𝐶 =  {0, 0.5, 1, 1.5}, a 

common practice in the existing literature. Table 5.3 presents these test results showing 

that symmetry is rejected for only a small subset of pairs. Symmetry is rejected for 

only three pairs, momentum-size, momentum-credit, and market-value, at the one per 

cent significance level and a further pair, market-term, at the five per cent significance 

level. This result is similar to that previously shown for exceedance level 𝐶 =  {0}. 

The evidence garnered from the statistical tests indicates that the majority of the 

correlations between risk-factor investments are symmetric, distinguishing these 

results from the previous findings documented in the exceedance correlation literature. 

While the majority of correlation pairs appear to be symmetric, four of the pairs exhibit 

evidence of asymmetry. Exploring these four pairs further, the values reported in 

columns 3 through 6 of Table 5.3 report the differences in conditional correlations 

�̂�+and �̂�− at the four exceedance levels. The momentum-credit pair reports negative 

values at each of the levels reported, consistent with previous results, the evidence of 

negative asymmetry is not unusual. The other asymmetric pairs, however, report 

positive numbers for at least three of the four exceedance levels reported. The 

momentum-size pair, for example, reports differences of 0.16, 0.41, 0.42, and 1.76 for 

the four exceedance levels. That is, three of the four asymmetric pairs report positive 
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asymmetries. Unlike the previous literature, where the evidence is overwhelmingly in 

favour of negative asymmetries, the evidence is mixed for risk-factor investments. 

Where asymmetries exist they are as likely to be positive as negative, depending on the 

specification of the test conducted. 

Table 5.3 Test of Correlation Asymmetry, 𝑪 =  {𝟎, 𝟎. 𝟓, 𝟏, 𝟏. 𝟓} 

 
The table reports the results of the Hong et al. (2007) test of symmetry. The null hypothesis of 

symmetry between positive and negative exceedance correlations is tested for risk-factor pairs. 

Results are reported for exceedance levels 𝐶 =  {0, 0.5, 1, 1.5}. The columns report the p-values 

of each test of symmetry and the differences in sample conditional correlations at the 

corresponding exceedance levels c (negative numbers indicate the negative exceedance is higher 

than the positive exceedance). Where exceedance levels have less than three observations, no 

results are reported. * and ** denote statistical significance at the 5% and 1% levels, respectively. 

The existing literature provides overwhelming evidence of correlation asymmetries, 

however, the evidence for risk-factor investments is less compelling. Furthermore, in 

the minority of case that exhibit asymmetries, these are as likely to be positive as 

negative. These new findings may provide insights into the outperformance of risk-

factor diversification noted in Chapter 4 and elsewhere in the literature. This concept is 

explored further in Section 5.5.2. 

C  = {0, 0.5, 1, 1.5}

     p -value

Risk factors

Momentum-Market 0.45    -0.17 -0.10 0.33 0.07

Momentum-Size 0.00** 0.16 0.41 0.42 1.76

Momentum-Value 0.40    0.13 0.47 0.25

Momentum-Term 0.36    -0.05 0.01 -0.61

Momentum-Credit 0.01** -0.01 -0.07 -1.63

Market-Size 0.12    -0.28 -0.31 -0.08 0.42

Market-Value 0.00** -0.08 0.16 0.94 0.87

Market-Term 0.01*  -0.05 0.14 0.18 1.31

Market-Credit 0.81    0.12 0.19 0.32 0.23

Size-Value 0.16    0.19 0.40 0.81

Size-Term 0.16    0.04 0.14 -0.79

Size-Credit 0.09    0.30 0.34 0.50 0.31

Value-Term 0.12    -0.25 -0.30 -0.84

Value-Credit 0.26    0.20 0.37 0.54

Term-Credit 0.35    0.10 -0.01 -0.45

Asset classes

Bonds-Stocks 0.64    0.01 -0.08 0.25 0.14

𝑐1 = 0 𝑐2 = 0.5 𝑐 = 1 𝑐 = 1.5
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5.5.1 Correlation Asymmetry and Bivariate Normality 

Table 5.4 Test of Correlation Asymmetry and Bivariate Normality 

 
This table reports the results of the Ang and Chen (2002) test of asymmetry. The null hypothesis 

of bivariate normality is tested for the empirical returns of the risk-factor and asset-class pairs. 

Columns marked H, H+ and H- show the absolute differences between the empirical distribution 

and the normal distribution, and AH shows the difference. H compares the full distribution, H+ 

compares the positive tail of the distribution only, and H- the negative. For each of the statistics, * 

and ** indicate that the hypothesis of bivariate normality is rejected at the 5% and 1% levels, 

respectively. 

Table 5.4 presents the results for all four specifications (H, H
+
, H

-
, AH) of the Ang and 

Chen (2002) test. The results show an overwhelming rejection of bivariate normality for 

the risk-factor exceedance correlations. All but one of the pairs reject normality for at 

least one of the test specifications, and many of the rejections are at the one per cent 

level of significance. Ang and Chen (2002), studying equity style portfolios, and Longin 

and Solnik (2001), studying international equity portfolios, reject normality for negative 

exceedance correlations only. In contrast, the test results for risk-factor investments 

reject normality in negative and positive exceedance correlations. The exhibit shows 

that correlations in both positive and negative exceedances are substantially higher than 

the exceedance correlations implied by the assumption of bivariate normality. This 

finding is distinct among the literature on exceedance correlations. 

Momentum-Market 0.35 ** 0.29 ** 0.41 ** -0.31 **

Momentum-Size 0.59 ** 0.69 ** 0.47 ** -0.54 **

Momentum-Value 0.42 ** 0.50 ** 0.31 ** -0.41 **

Momentum-Term 0.08     0.06     0.10     -0.02     

Momentum-Credit 0.19 ** 0.18 ** 0.20 ** -0.13     

Market-Size 0.29 ** 0.14 *  0.38 ** -0.23 **

Market-Value 0.49 ** 0.49 ** 0.48 ** -0.46 **

Market-Term 0.18     0.19 ** 0.16 *  -0.14     

Market-Credit 0.26 ** 0.31 ** 0.17 ** -0.23 **

Size-Value 0.35 ** 0.45 ** 0.23 ** -0.30 **

Size-Term 0.12     0.14 *  0.10     0.02     

Size-Credit 0.19 *  0.24 ** 0.12     -0.08     

Value-Term 0.18 *  0.13 *  0.21 ** -0.02     

Value-Credit 0.19 *  0.23 ** 0.11     -0.12     

Term-Credit 0.20 ** 0.23 ** 0.14 *  -0.14     

Average 0.27     0.29     0.24     -0.21     

𝐻 𝐻−𝐻+ 𝐴𝐻
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Unlike other investment returns, it appears that risk-factor correlations exhibit non-

normality in both the positive and negative tails. The non-normality in positive 

exceedances suggests that when investment returns are positive, portfolio returns may 

be relatively higher than those expected under the normal distribution. The next section 

explores this possibility.  

5.5.2 Return Consequences of Risk-Factor Correlation Structures 

This study has identified three unique empirical characteristics in the dependence 

structure of risk-factor investments, namely, correlations are generally symmetric; 

where asymmetries exist, they are equally likely to be positive or negative; and 

normality is rejected in both negative and positive exceedance correlations. It has been 

demonstrated in the previous literature that the dependence structure of returns can 

impact on the performance of portfolio diversification. Specifically, asymmetric 

correlations between investment returns have been linked to portfolio returns that are 

worse than those expected under the assumption of normality. Noting that the evidence 

of asymmetries is weak for risk-factor investments, portfolios formed from these 

investments may not be subject to the same issues identified in other asset classes and 

investment styles as highlighted earlier in this chapter and in Section 2.2.3. The next 

section examines the impact of the risk-factor dependence structures on portfolio returns 

using the framework proposed in Butler and Joaquin (2002). This study takes the 

perspective of an investor forming portfolios based on volatility-weighted or equal-

weighted approaches. Actual portfolio returns are compared against returns simulated 

from a bivariate normal distribution. 

5.5.2.1 Correlation Structure and Extreme Portfolio Returns 

Panel A of Table 5.5 compares the size of positive returns with negative for the 

volatility-weighted portfolios. Building on the work of Butler and Joaquin (2002), 

comparisons are made for returns beyond the threshold 𝛼 =  {0.01, 0.05, 0.10}. For α = 

0.10, the tests find no evidence that positive and negative portfolio returns are 

significantly different in magnitude. It appears that for moderately large returns, the tails 
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of risk-factor portfolio distributions are symmetric. Similarly, for α = 0.05 there is a 

distinct lack of evidence supporting asymmetry. Symmetry is rejected for only two 

portfolios, namely, momentum-credit at the one per cent level and market-credit at the 

five per cent level. In almost all the portfolios studied the worst five and ten per cent of 

portfolio returns are not statistically different in magnitude to the best five and ten per 

cent. These results are in stark contrast to those reported in Butler and Joaquin (2002) 

who reject symmetry for the majority of the equity portfolio configurations that test. 

The evidence of asymmetry, however, is lacking for the risk-factor portfolios analysed 

in this study. 

Panel B of Table 5.5 presents similar results for the equal-weighted portfolios. The 

results are consistent with those for the volatility-weighted portfolios shown in Panel A, 

although there is an additional rejection of symmetry at the five per cent level for the 

market-value portfolio. In general, very little evidence is found to suggest that the 

positive and negative returns of risk-factor portfolios, in the five and ten per cent tails of 

the distribution, are different in magnitude. Put another way, portfolios of risk-factors 

do not exhibit the return asymmetries in the extremes of their distributions that are 

found in many other investment approaches. 

When the returns in the most extreme part of the tail (α = 0.01) are examined, evidence 

of asymmetric returns are found; however, the results are not overwhelming. On 

average, the difference between the positive and negative tails is -0.24 standard 

deviations, that is, negative returns are more extreme than positive for the volatility-

weighted portfolios. Symmetry is rejected for only six of the fifteen portfolios. Three 

pairs exhibit differences significant at the one per cent level, and three pairs at the five 

per cent level. These results represent new findings in the literature, which has not 

previously tested for asymmetry in the extreme part of the distribution. The evidence is 

slightly less pronounced for the equal-weighted portfolios where symmetry can only be 

rejected in four portfolios. In general, risk-factor portfolio returns cannot be 

characterised as asymmetric. Unlike previous findings, asymmetry is more the 

exception than the rule in this study of risk-factor correlations.  
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Table 5.5 Extreme Returns in Risk-Factor Portfolios 
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α=0.10 α=0.05 α=0.01

Negative 

Tail

Positive 

Tail
Difference

Negative 

Tail

Positive 

Tail
Difference

Negative 

Tail

Positive 

Tail
Difference

Panel A. Volatility-Weighted Portfolios

Momentum - Market -1.15 1.00 -0.16    -1.54 1.41 -0.13    -2.84 2.62 -0.22    

Momentum - Size -0.99 1.02 0.03    -1.43 1.38 -0.05    -3.17 2.12 -1.05**

Momentum - Value -1.00 1.08 0.08    -1.50 1.57 0.07    -3.07 2.47 -0.60*  

Momentum - Term -1.24 1.07 -0.17    -1.57 1.60 0.03    -2.59 2.48 -0.11    

Momentum - Credit -1.14 1.10 -0.04    -1.86 1.41 -0.45** -3.09 2.36 -0.73**

Market - Size -1.20 1.14 -0.06    -1.59 1.35 -0.24    -2.91 2.31 -0.60*  

Market - Value -1.06 1.06 0.00    -1.57 1.39 -0.18    -3.10 2.57 -0.53*  

Market - Term -1.26 1.11 -0.15    -1.61 1.57 -0.04    -2.39 2.72 0.34    

Market - Credit -0.97 0.97 0.00    -1.67 1.35 -0.32*  -3.22 2.86 -0.36    

Size - Value -1.20 1.15 -0.05    -1.51 1.59 0.07    -2.50 3.18 0.69**

Size - Term -1.19 1.09 -0.10    -1.52 1.46 -0.06    -2.56 2.73 0.17    

Size - Credit -1.06 0.97 -0.09    -1.72 1.52 -0.20    -3.02 2.56 -0.46    

Value - Term -1.19 1.21 0.02    -1.57 1.67 0.10    -2.54 2.38 -0.16    

Value - Credit -1.13 1.06 -0.07    -1.57 1.51 -0.06    -3.00 2.95 -0.05    

Term - Credit -1.05 1.03 -0.02    -1.42 1.40 -0.02    -2.79 2.92 0.14    

Average -1.12 1.07 -0.05    -1.58 1.48 -0.10    -2.85 2.62 -0.24    
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The exhibit reports the portfolio returns observed at the indicated percentile, α, for negative and positive returns, and the  difference between these 

figures. Panel A shows results for portfolios that are constructed using the volatility-weighted technique. Panel B shows results for portfolios that 

are constructed using the equal-weighted technique. All portfolio returns are standardised to report a standard deviation of one and mean of zero. 

The * and ** indicate that the differences are statistically significant at the 5% and 1% levels, respectively. 

 

α=0.10 α=0.05 α=0.01

Negative 

Tail

Positive 

Tail
Difference

Negative 

Tail

Positive 

Tail
Difference

Negative 

Tail

Positive 

Tail
Difference

Panel B. Equal-Weighted Portfolios

Momentum - Market -1.17 1.01 -0.16    -1.56 1.44 -0.12    -2.83 2.64 -0.20    

Momentum - Size -1.04 0.97 -0.07    -1.61 1.36 -0.25    -3.12 2.27 -0.84**

Momentum - Value -0.94 1.06 0.12    -1.60 1.45 -0.16    -2.79 2.35 -0.44    

Momentum - Term -1.12 1.11 -0.01    -1.52 1.45 -0.07    -2.63 2.31 -0.33    

Momentum - Credit -1.13 0.99 -0.13    -1.81 1.38 -0.43** -2.66 2.38 -0.28    

Market - Size -1.20 1.13 -0.07    -1.61 1.37 -0.24    -3.18 2.26 -0.92**

Market - Value -1.07 1.05 -0.03    -1.63 1.34 -0.29*  -2.98 2.46 -0.52*  

Market - Term -1.23 1.13 -0.11    -1.64 1.57 -0.08    -2.65 2.70 0.05    

Market - Credit -1.18 1.10 -0.08    -1.67 1.39 -0.29*  -2.64 2.50 -0.15    

Size - Value -1.21 1.15 -0.06    -1.52 1.60 0.08    -2.50 3.15 0.66**

Size - Term -1.18 1.09 -0.09    -1.53 1.51 -0.02    -2.52 2.75 0.23    

Size - Credit -1.13 1.03 -0.10    -1.54 1.47 -0.07    -2.33 2.47 0.14    

Value - Term -1.19 1.21 0.02    -1.56 1.67 0.11    -2.55 2.38 -0.17    

Value - Credit -1.17 1.13 -0.04    -1.52 1.63 0.11    -2.52 2.65 0.12    

Term - Credit -1.21 1.15 -0.07    -1.61 1.52 -0.09    -2.56 2.51 -0.04    

Average -1.15 1.09 -0.06    -1.60 1.48 -0.12    -2.70 2.52 -0.18    
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5.5.2.2 Correlation Structure and Normal Returns 

Following the methodology of Butler and Joaquin (2002), Table 5.6 compares 

empirical portfolio returns to those estimated by the normal distribution.
60

 Columns 2 

through 4 of Panel A report the magnitude of differences between volatility-weighted 

portfolio returns and those expected under the assumption of bivariate normality for 

extreme negative returns (positive figures indicate that the empirical return is higher 

than expected). For threshold 𝛼 =  {0.10} in the negative tail, all volatility-weighted 

portfolio returns are higher than expected under the normal distribution, and, on 

average, they are 0.16 standard deviations higher. That is, in comparison to the 

equivalent normal distribution, the losses experienced by volatility-weighted risk-

factor portfolios are not as extreme as those expected in the 𝛼 =  {0.10} section of the 

distribution. This is distinct from the findings in Butler and Joaquin (2002) who show 

that observed returns for equity portfolios are lower than expected under the normal 

distribution. Examining the returns individually, six out of the fifteen portfolios exhibit 

portfolio losses that are statistically smaller at the one per cent level than those 

predicted by the bivariate normal distribution. For the threshold 𝛼 =  {0.10}, the less 

extreme losses experienced suggest that volatility-weighted risk-factor portfolios 

exhibit more effective diversification than what is assumed under the normal 

distribution. These results suggest that the correlation structures of risk-factor 

investment returns identified previously may have a positive effect on portfolio 

diversification when evaluated against the normal distribution. 

Examining the threshold 𝛼 =  {0.05}, the results show that the differences between the 

empirical and normal distributions weaken substantially. Although the majority of 

results are positive, only three are statistically different to those predicted by the 

normal distribution for volatility-weighted portfolios. On average, returns are slightly 

less extreme than expected under the normal distribution, 0.07 standard deviations 

                                                 

60
 Table 5.6 shows results for the volatility-weighted portfolios and the equal-weighted portfolios. The 

results are largely the same and only the former are described here. 
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away. Again, these results contrast with those of Butler and Joaquin (2002) who find 

evidence that equity portfolio returns are more extreme than expected under the normal 

distribution at the 𝛼 =  {0.05}  threshold. The momentum-credit, market-credit, and 

size-credit portfolios, however, exhibit returns worse than those assumed under 

normality, -0.21, -0.03, and -0.08 standard deviations, respectively. At this threshold 

level, there is no longer evidence of significance at the one per cent level, and, of the 

three portfolios that exhibit statistical significance, only two portfolios exhibit returns 

higher than those expected under normality. In general, at this threshold, there is a 

distinct lack of evidence suggesting portfolio returns for risk-factor investments are 

different to those expected under a normal distribution. 

Differences between the empirical and normal distributions are again apparent at the 

most extreme threshold. For the threshold 𝛼 =  {0.01}  all portfolios exhibit losses 

larger than those expected under the normal distribution. On average, the volatility-

weighted portfolio returns are -0.53 standard deviations away from the expectation 

based on a normal distribution. In Panel A, normality is rejected for nine of fifteen 

portfolios at the one per cent level and another portfolio at the five per cent level. It is 

only at the most extreme tail of the distribution that empirical portfolio returns are 

worse than expected under the normal distribution. 

These findings suggest that portfolio diversification for risk-factors is more effective 

relative to the normal distribution in all but the most extreme return environments. 

While diversification appears to be enhanced for moderate portfolio losses, risk-factor 

portfolios are not immune to larger than expected losses when returns are at their most 

extreme. 

Turning our attention to the positive tail of the distribution (reported in columns 5 

through 7), evidence of non-normality is found at the threshold 𝛼 =  {0.10}. Butler and 

Joaquin (2002) find no evidence in their study of international equity portfolios, 

further distinguishing the results presented here. In Panel A, twelve of fifteen pairs 
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reject the null hypothesis of normality at this threshold and all portfolios report 

negative values, indicating the returns are worse than expected under the normal 

distribution. Furthermore, portfolio returns are -0.21 lower, on average, than expected 

by the normal distribution. Similarly, at the threshold 𝛼 =  {0.05}, portfolio returns are 

again worse than expected by the normal distribution. At this threshold four portfolios 

report significance at the one per cent statistical level, while three more report 

significance at the five per cent level. Additionally, only the value-term portfolio 

reports a positive coefficient at this threshold. While the returns in the negative tail of 

the distribution, reported previously, are relatively more attractive compared to the 

normal distribution, it is the opposite for those in the positive tail. 

At the threshold 𝛼 =  {0.01}, Panel A shows that portfolio returns in the positive tail 

are better than those expected under the normal  distribution. At this threshold, it is 

found that the majority of the coefficients are positive and are 0.29 standard deviations 

higher, on average, than those expected under a normal distribution. That is, extreme 

gains for the risk-factor portfolios are higher than expected under the normal 

distribution. Normality is rejected for four portfolios at the one per cent level and an 

additional two at the five per cent level, and, in all six cases, the returns are higher than 

expected under the assumption of normality. Where non-normality exists in risk-factor 

portfolio returns, it is not always a detriment to performance. 

These results suggest that the unique structures of risk-factor correlations may provide 

a positive influence on portfolio diversification. These benefits are not simply due to 

the low average correlation between risk-factors. By comparing empirical returns to 

those simulated from a bivariate normal distribution with the same unconditional 

correlation, the influence of different levels of correlation are removed. The findings in 

this study show that the benefits of risk-factor investments appear to extend beyond 

their low average correlations. These new findings suggest that additional 

diversification benefits are gained from the complexities in the dependence structure of 

risk-factors. 
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Table 5.6 Comparison of Portfolio Returns and Normal Returns 

 
Following the methodology of Butler and Joaquin (2002), this table reports the difference 

between the observed portfolio returns and the values expected from a bivariate normal 

distribution. Values for the negative and positive tails are reported separately at the indicated 

percentile, α. Panel A reports the results for portfolios that are constructed using the volatility-

weighted technique. Panel B reports the results for portfolios that are constructed using the equal-

weighted technique. All portfolio returns are standardised to have a standard deviation of one and 

mean of zero. For each of the statistics, * and ** indicate that the hypothesis of normality is 

rejected at the 5% and 1% levels, respectively. 

Negative Tail Positive Tail

α=0.10 α=0.05 α=0.01 α=0.10 α=0.05 α=0.01

Panel A. Volatility-Weighted Portfolios

Momentum - Market 0.13    0.10    -0.51** -0.29** -0.23*  0.29    

Momentum - Size 0.29** 0.21*  -0.84** -0.26** -0.26** -0.20    

Momentum - Value 0.29** 0.15    -0.74** -0.21** -0.08    0.14    

Momentum - Term 0.04    0.08    -0.26    -0.21** -0.05    0.15    

Momentum - Credit 0.14    -0.21*  -0.77** -0.18*  -0.23*  0.03    

Market - Size 0.08    0.05    -0.58** -0.15    -0.29** -0.02    

Market - Value 0.22** 0.07    -0.78** -0.23** -0.26** 0.24    

Market - Term 0.02    0.03    -0.06    -0.17*  -0.07    0.40*  

Market - Credit 0.31** -0.03    -0.90** -0.31** -0.30** 0.54**

Size - Value 0.08    0.13    -0.17    -0.13    -0.06    0.86**

Size - Term 0.10    0.12    -0.24    -0.19*  -0.18    0.40*  

Size - Credit 0.22** -0.08    -0.70** -0.31** -0.12    0.23    

Value - Term 0.09    0.08    -0.21    -0.07    0.02    0.05    

Value - Credit 0.15    0.08    -0.68** -0.22** -0.13    0.63**

Term - Credit 0.23** 0.23*  -0.46*  -0.25** -0.25*  0.60**

Average 0.16    0.07    -0.53    -0.21    -0.17    0.29    

Panel B. Equal-Weighted Portfolios

Momentum - Market 0.11    0.09    -0.51** -0.27** -0.21*  0.31    

Momentum - Size 0.24** 0.04    -0.79** -0.31** -0.29** -0.05    

Momentum - Value 0.34** 0.04    -0.46*  -0.23** -0.20*  0.03    

Momentum - Term 0.16*  0.13    -0.31    -0.17*  -0.20*  -0.02    

Momentum - Credit 0.16*  -0.16    -0.33    -0.29** -0.27** 0.05    

Market - Size 0.08    0.03    -0.85** -0.15    -0.28** -0.06    

Market - Value 0.21** 0.01    -0.65** -0.23** -0.30** 0.13    

Market - Term 0.05    0.00    -0.32    -0.16*  -0.08    0.37*  

Market - Credit 0.10    -0.03    -0.31    -0.18*  -0.26** 0.17    

Size - Value 0.07    0.13    -0.17    -0.13    -0.05    0.83**

Size - Term 0.10    0.11    -0.19    -0.19*  -0.14    0.42*  

Size - Credit 0.15    0.10    0.00    -0.26** -0.17    0.14    

Value - Term 0.09    0.08    -0.22    -0.07    0.02    0.05    

Value - Credit 0.11    0.12    -0.20    -0.15    -0.01    0.32    

Term - Credit 0.07    0.04    -0.23    -0.13    -0.12    0.19    

Average 0.14    0.05    -0.37    -0.19    -0.17    0.19    
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5.6 Conclusion 

Risk-factor diversification has become popular among practitioners and has garnered 

support in the academic literature. Using multiple specifications of the correlation 

asymmetry tests of Hong et al. (2007) and Ang and Chen (2002), this study has 

identified three important characteristics of risk-factor correlations. All three features 

contrast with those identified in the existing literature examining exceedance 

correlations in other investments. 

This chapter of the thesis makes a number of contributions to the literature. First, it 

was shown that exceedance correlations between risk-factors are generally symmetric. 

While evidence of asymmetry between some pairs of risk-factors was found, this 

seems to be the exception rather than the rule. This finding stands out within the 

literature on exceedance correlations in which the hypothesis of correlation symmetry 

has frequently been rejected in other investment returns. 

Second, the assumption of bivariate normality is rejected for both positive and 

negative exceedance correlations in risk-factor investments. Unlike previous findings, 

which reject normality in the negative tail only, the results reject the hypothesis of 

bivariate normality in both tails, with very few exceptions. For the first time, this study 

finds that the majority of correlations between risk-factor investment returns are not 

consistent with the normal distribution in either tail of the return distribution. 

Third, where evidence of asymmetric correlation was found in risk factors, it was as 

likely to exhibit a positive relationship to return direction as negative. Unlike previous 

findings in the literature, in which almost all asymmetries are negative, this study 

found that risk-factor correlation asymmetries were both positive and negative. From 

the perspective of portfolio diversification, this is a notable finding as it implies the 

existence of investment combinations in which diversification increases in down 

markets. 
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This study extends the risk-factor literature by demonstrating the impact of correlation 

structures on portfolio returns. It found that the majority of risk-factor portfolios are 

generally symmetric in the extreme tails of the portfolio return distributions. Only a 

minority of portfolios were found to exhibit negative tails statistically larger than the 

equivalent positive tails. 

Previous research has highlighted that when investments exhibit negative correlation 

asymmetries, the effectiveness of diversification is lower than that expected under the 

assumption of normality. This does not appear to be the case with risk-factor 

investments where, on average, moderate portfolio losses are less extreme than those 

expected under a normal distribution. Furthermore, for extreme portfolio gains, the 

risk-factor portfolios, on average, offer higher returns than those of a normal 

distribution. These two benefits are counterbalanced, however, by two other features of 

the data. First, on average, the most extreme one per cent of portfolio losses are larger 

in magnitude than those experienced under the normal distribution. That is, under the 

most extreme market conditions, risk-factor portfolios suffer larger losses than 

expected under the assumption of return normality. Second, moderate portfolio gains 

are less than those expected under the assumption of normality. The complexities that 

exist in risk-factor dependence structures appear to have a positive effect on portfolio 

diversification; however, this is not consistent across the entirety of the tails of the 

distribution. There is evidence that the most extreme losses as well as moderate gains 

are negatively impacted, although not to the same extent as highlighted in other 

investments studied in the literature. 

These findings provide new insights to academics and practitioners in the area of asset 

allocation and portfolio construction. Risk-factors exhibit dependence structures that 

differ from those widely found in asset-classes and these characteristics impact on the 

effectiveness of diversification. The results in this chapter have demonstrated that the 

dependence structure of risk-factors affects portfolio performance thus providing 

clarity into the performance of risk-factor diversification.   
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6 The Predictability of risk-factor returns 

6.1 Introduction 

The literature reviewed in Chapter 2 highlighted the role of expected return forecasts in 

the Mean Variance Analysis framework of Markowitz (1952) and summarised the 

body of work that has explored this concept from the perspective of the received asset-

class approach. Debate about the effectiveness of return predictability continues in 

academia and industry practitioners maintain an insatiable appetite for new insights 

into the predictability of investment returns. To date, the literature has been largely 

silent on the question of whether predictability can be exploited to improve portfolio 

outcomes in the risk-factor framework. This study contributes to the literature by 

examining the predictability of risk-factor investment returns. The overarching 

objectives of this study are to examine whether forecasts of risk-factor returns are 

statistically and economically significant. 

This chapter analyses the effectiveness of the combination forecasting technique when 

it is applied to risk-factor investment returns.
61

 In the spirit of Rapach et al. (2010) and 

Kong et al. (2011), this study applies the combination model approach to forecast risk-

factor investment returns. Specifically, five different combination models are 

employed to forecast six widely researched risk factors: size, market, value, 

momentum, credit, and term. The statistical significance of these forecasts is examined 

using the out-of-sample R
2
 statistic of Campbell and Thompson (2008) and the Clark 

and West (2007) test of significance. The return forecasts are also employed in the 

mean-variance framework to evaluate the economic significance of the forecasts, in a 

portfolio selection context. Following Rapach et al. (2010) and using the mean-

variance analysis framework of Markowitz (1952), this study compares the utility 

obtained from combination and sample-based forecasts of returns when they are 

                                                 

61
 The objective of this study is to determine the efficacy of forecasting risk factors. The paper provides 

a basis for further studies into this topic which could potentially explore a more realistic implementation 

of a timing strategy; for example, by considering transaction costs. 
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employed in the mean-variance analysis framework.
62

 Any differences in portfolio 

utility can be considered as the equivalent fees an investor would be willing to pay to 

use the combination forecasts. 

This study reveals evidence that the combination forecast models produce statistically 

significant results for four of the six risk factors. While forecasts based on single 

economic variables are rarely statistically significant, models that combine these 

forecasts are found to be more effective. The results confirm the effectiveness of the 

combination models in forecasting the market risk factor, as well as demonstrating that 

forecasts of the value and credit risk factors are statistically significant. It is revealed 

that forecasts of the size risk factor vary in statistical significance depending on the 

weighting scheme employed, while all five of the combination model forecasts for 

each of the momentum and term risk factors lack statistical significance. 

When combination forecasts are employed in the mean-variance framework, the 

majority provide economically significant improvements over historical average 

sample-based return forecasts. When forming portfolios of a single risk factor and the 

risk-free asset, it is found that the majority of combination forecasts result in average 

utility gains relative to the historical average forecasts. The combination forecasts offer 

average utility gains of between 0.69 and 1.91 per cent relative to those achieved using 

the historical average forecasts for five of the six risk factors. When applied to the term 

risk factor, however, the combination forecasts achieve lower levels of utility. 

In addition to the full-sample analysis, the statistical and economic performance of the 

combination forecast models during economic expansions and contractions are also 

examined. Using NBER-dated business cycles, Rapach et al. (2010) and Rapach and 

Zhou (2013) show that forecasts of the market return are more effective during 

economic contractions. Similarly, Kong et al. (2011) demonstrate that forecasts of 

portfolios sorted on size and value are more effective during economic contractions. 

                                                 

62
 Following Rapach et al. (2010), quadratic utility is considered. 
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Using NBER-dated business-cycle peaks and troughs, forecasting performance during 

U.S. economic expansions and contractions is examined. 

Forecasts of risk-factor investment returns also vary across business cycles. The results 

indicate that combination forecasts of four of the six risk factors, namely, credit, 

market, term and size, deteriorate during economic contractions.
63

 While the forecasts 

of these risk factors are statistically significant during expansions, it is found that this 

is not the case during economic contractions where the combination models produce 

negative R
2
 values. Forecasts of the momentum and value risk factors, however, 

achieve higher R
2
 values during recessions, although the results are not statistically 

significant. This variation in forecast effectiveness across the business cycle and risk 

factors is an important issue that academics and industry professionals must consider 

when applying this technique. 

Consistent with the statistical findings, the economic significance of the combination 

forecasts of the risk factors also varies according to business cycles. This study shows 

that, on average, the economic performance of the size, credit, market, and term risk 

factors deteriorate during economic contractions. The majority of combination 

forecasts are economically significant for single-risk-factor portfolios; however, when 

they are used to form multi-risk-factor portfolios, the results are poor. In a multi-risk-

factor context, the combination forecasts result in utility levels that are 10.96 per cent 

lower, on average, than those achieved by the historical average forecasts. These 

results provide a caution for those considering the application of combination forecasts 

in practice. 

                                                 

63
 The studies of Rapach et al. (2010) and Kong et al. (2011) show the forecasts of the market improving 

during economic contractions. The current study, however, differs from the aforementioned studies in a 

number of ways. Rapach et al. (2010) and Kong et al. (2011) employ a larger sample size covering a 

greater number of recessions, and estimate regression co-efficients using a longer in-sample period. 

Furthermore, Rapach et al. (2010) use quarterly data, while this study employs monthly data, and Kong 

et al. (2011) use a larger set of explanatory variables. 
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The debate surrounding the predictability of returns and the efficacy of employing 

return forecasts in the portfolio selection decision continues. This study reports 

evidence that risk-factor return forecasts can be both statistically and economically 

significant; however, performance varies across combination weighting techniques, 

risk factors, and economic conditions. This chapter is organised as follows. Section 6.2 

reviews the related literature relevant to the topic. Section 6.3 outlines the forecast 

methodologies employed in this study and Section 6.4 describes the data employed in 

the forecasts. Section 6.5 details the empirical results examining the performance of 

the single economic variable and combination forecasts as well as an analysis of the 

performance of combination forecasts over different phases of the business cycle. 

Section 6.6 offers concluding remarks. 

6.2 Literature review 

Although very few studies have examined the effectiveness of return predictability in 

risk factors, the topic has been deeply researched in the wider finance literature.
64

 

While there is extensive evidence in support of equity market predictability, it is 

generally weak in an out-of-sample context.
65

 Welch and Goyal (2008), for example, 

examine an extensive list of equity market predictors and show that, in general, they 

generate poor results both in- and out-of-sample.
66

 Confusing the topic further, 

Cenesizoglu and Timmermann (2012) note that while the association between 

statistical and economic significance is generally positive, the relationship is weak. 

                                                 

64
 Kritzman et al. (2012) conduct one of the few studies examining predictability in the risk-factor 

framework. However, rather than explicitly forecasting risk-factors, they predict market and economic 

conditions and adjust risk-factor allocations to suit. Research has also examined equity style 

predictability; for example, Kao and Shumaker (1999), Asness et al. (2000), Ahmed, Lockwood and 

Nanda (2002), Levis and Tessaromatis (2004), L'Her, Mouakhar and Roberge (2007), and others; 

however, these studies have focused on single asset-class styles. 
65

 See, for example, Welch and Goyal (2008) and Rapach and Zhou (2013) for a summary of the 

seminal studies in the field of return predictability.  
66

 Welch and Goyal (2008) show that the predictors generate poor results when employed individually 

or together in a multivariate regression model. These results are confirmed in Rapach et al. (2010) and 

Rapach and Zhou (2013). 
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While the statistical performance of predictions may be poor, this does not imply they 

are of no economic value. 

While individual forecasts can exhibit low out-of-sample performance, they can still be 

employed in a statistically and economically meaningful way. Rapach et al. (2010) 

show that by combining economic models, it is possible to produce forecasts that are 

statistically and economically significant.
67

 Using the forecasting variables in Welch 

and Goyal (2008), Rapach et al. (2010) show that the results of individual regression 

models can be combined to provide useful forecasts of equity market returns. The 

combination forecasts decrease the uncertainty and instability risk associated with 

single model forecasts resulting in improved forecasting performance. 

Although widely used in the economic literature, the combination model approach has 

only recently been applied in financial research.
68

 Following Rapach et al. (2010), the 

work of Kong et al. (2011) demonstrates that combination forecasts are an effective 

means for allocating between size and value sorted portfolios, in a portfolio selection 

context. Zhu and Zhu (2013) employ more sophisticated models and further confirm 

the effectiveness of the combination approach demonstrating that the technique 

generates statistical and economic gains over simpler forecasting techniques. 

Interestingly, the effectiveness of combination forecasts has been shown to vary 

depending on the state of the business cycle. Using NBER-dated business cycles, 

Rapach et al. (2010) and Rapach and Zhou (2012) show that forecasts of the market 

return are more effective during recessions. In a similar study, Kong et al. (2011) 

demonstrate that forecasts of portfolios sorted on size and value are more effective 

during recessions. Overall, the general finding in the literature has been that the 

performance of combination forecasts improve during economic recessions. 

                                                 

67
 Other methods of utilising multiple predictive variables include diffusion indices and multivariate 

regressions. Refer to Rapach and Zhou (2013) for a comparison of these and other approaches. 
68

 Refer to Timmermann (2006) for a summary of literature on combination forecasts.  
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While the combination forecasting technique has been shown to be effective in an 

equity portfolio framework, little research has examined the impact of forecasting in 

the risk-factor framework. Kritzman et al. (2012) conduct one of the few studies on 

this topic. Rather than explicitly forecasting risk-factors, they predict market and 

economic conditions and adjust risk-factor allocations to suit. They demonstrate that 

out-of-sample portfolio decisions based on market forecasts can benefit a portfolio of 

risk factors. In contrast, this empirical study explores the effectiveness of directly 

forecasting risk factors. 

6.3 Methodology 

This section of the chapter summarises the research methodology employed in this 

study. It begins by reviewing the predictive regression model employed, followed by 

the forecast combination methodology. The section then outlines how forecasts are 

evaluated, and, finally, it will detail how economic significance is measured in this 

study. 

6.3.1 Predictive Regression Model 

Following Kong et al. (2011) and Rapach et al. (2010), a bivariate predictive 

regression model is specified for each of the risk-factor excess returns: 

 𝑟𝑖,𝑡+1 = 𝑎𝑖
𝑗
+ 𝑏𝑖

𝑗
𝑥𝑡
𝑗
+ 𝑒𝑖,𝑡+1

𝑗
 (6.1) 

 

where 𝑟𝑖,𝑡 is the excess return on risk factor i at time t, 𝑥𝑡
𝑗
 is the predictor variable, and 

𝑒𝑖,𝑡
𝑗

 is a disturbance term. For each risk factor, j predictive regressions are generated, 

one for each of the fourteen monthly predictive variables from Welch and Goyal 

(2008). Following Rapach et al. (2010), out-of-sample forecasts are also generated 

using a recursive estimation window with an initial in-sample period of m 
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observations, and an out-of-sample period of the final q observations.
69

 The first out-

of-sample forecast of excess returns on risk factor i is: 

 �̂�𝑖,𝑚+1
𝑗

= �̂�𝑖,𝑚
𝑗

+ �̂�𝑖,𝑚
𝑗
𝑥𝑚
𝑗

 (6.2) 

where �̂�𝑖,𝑚+1
𝑗

 is the out-of-sample forecast of excess returns, and �̂�𝑖,𝑚
𝑗

 and �̂�𝑖,𝑚
𝑗

are the 

ordinary least squares estimates of 𝑎𝑖
𝑗
 and 𝑏𝑖

𝑗
, respectively, generated by regressing 

{𝑟𝑖,𝑡}𝑡=2
𝑚+1 on a constant and {𝑥𝑡

𝑗
}𝑡=1
𝑚 . Forecasts for the remaining observations are then 

generated, calculating a total of 𝑞 × 𝑗 out-of-sample forecasts for each risk factor. 

6.3.2 Forecast Combination 

Using the results of the predictive regression models, combination forecasts are formed 

for each risk factor. The combination forecasts are weighted averages of the j 

individual forecasts, based on Equation (6.1) , and are calculated as: 

 

�̂�𝑖,𝑡+1
𝑐 =∑𝜔𝑖,𝑡

𝑗
�̂�𝑖,𝑡+1
𝑗

𝐽

𝑗=1

 (6.3) 

 

where �̂�𝑖,𝑡+1
𝑐  are the combination forecasts and 𝜔𝑖,𝑡

𝑗
 are the weights calculated at time t.  

Following Rapach et al. (2010), two classes of weighting schemes are considered. The 

first class employs simple averaging schemes: mean, median, and trimmed mean. The 

mean combination forecast sets 𝜔𝑖,𝑡
𝑗
= 1/𝑁  for j = 1,…, N in Equation (6.3), the 

median combination forecast is the median of {�̂�𝑖,𝑡+1
𝑗

}
𝑗=1

𝑁
, and the trimmed mean 

combination forecast sets 𝜔𝑖,𝑡
𝑗
= 0 for the individual forecasts with the smallest and 

largest values and 𝜔𝑖,𝑡
𝑗
= 1/(𝑁 − 2) for the remaining individual forecasts in Equation 

(6.3). 

                                                 

69
 Following Rapach et al. (2010), the initial in-sample period is set as 𝑚 = 60. 
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The second class is the discount mean square prediction error (DMSPE) method of 

Stock and Watson (2004). Their method adjusts weights based on the historical 

performance of individual forecasting models using: 

 

𝜔𝑖,𝑡
𝑗
=

𝜙𝑖,𝑡
𝑗 −1

∑ 𝜙𝑖,𝑡
𝑗 −1𝐽

𝑗=1

 (6.4) 

where 

 

𝜙𝑖,𝑡
𝑗
= ∑ 𝜃𝑡−1−𝑠

𝑡−1

𝑠=𝑚

(𝑟𝑖,𝑠+1 − �̂�𝑖,𝑠+1
𝑗

)2 (6.5) 

 

and 𝜃  is a discount factor. This method weights model predictions based on the 

historical performance of individual forecasting models. The more successful models 

receive a heavier weighting than the less successful models. When 𝜃 = 1 forecasts are 

not discounted; however, when 𝜃 < 1  more recent forecasts are given a heavier 

weighting than less recent forecasts. Following Rapach et al. (2010), 𝜃 = {0.9,1.0} is 

considered. In summary, a total of five combination weighting schemes are analysed in 

this study: mean, median, trimmed mean, DMSPE 𝜃 = 0.9, and DMPSE 𝜃 = 1.0. 

6.3.3 Forecast Evaluation 

Many return prediction studies employ sample estimates of the mean of historical 

returns as a benchmark for evaluating performance. The sample estimates at time t are 

calculated as: 

 

�̅�𝑖,𝑡+1 =
1

𝑡
∑𝑟𝑖,𝑘

𝑡

𝑘=1

 . (6.6) 

 

Rapach et al. (2010) and Kong et al. (2011) use Equation (6.6) as the basis for 

statistically evaluating the combination forecasts. Following these studies, the out-of-
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sample 𝑅2 statistic, 𝑅𝑂𝑆
2 , suggested by Campbell and Thompson (2008), is employed to 

compare the sample estimate forecasts and combination forecasts. The 𝑅𝑂𝑆
2  statistic is 

calculated as: 

 
𝑅𝑂𝑆
2 = 1 −

∑ (𝑟𝑖,𝑚+𝑘 − �̂�𝑖,𝑚+𝑘)
2𝑞

𝑘=1

∑ (𝑟𝑖,𝑚+𝑘 − �̅�𝑖,𝑚+𝑘)2
𝑞
𝑘=1

 (6.7) 

 

The statistic measures the reduction in mean square prediction error (MSPE) for the 

combination forecast relative to the sample estimate forecast. Positive values indicate 

that the combination forecast has achieved a lower MSPE than the sample estimate. 

The Clark and West (2007) MSPE-adjusted statistic is then used to test whether the 

𝑅𝑂𝑆
2  is statistically greater than zero. This statistic is calculated by first defining: 

 𝑓𝑡+1 = (𝑟𝑖,𝑡+1 − �̅�𝑖,𝑡+1)
2

− [(𝑟𝑖,𝑡+1 − �̂�𝑖,𝑡+1)
2
− (�̅�𝑖,𝑡+1 − �̂�𝑖,𝑡+1)

2
] 

(6.8) 

 

and then regressing 𝑓𝑡+1 on a constant. The t-statistic of the constant can then be used 

in a one-sided hypothesis test with the null hypothesis that the 𝑅𝑂𝑆
2  statistic is 

statistically greater than zero tested against the alternative hypothesis: 

 𝐻0: 𝑅𝑂𝑆
2 ≤ 0  

𝐻𝐴: 𝑅𝑂𝑆
2 > 0 

(6.9) 

6.3.4 Economic Significance 

The previous section detailed the statistical tests of the return forecasts; however, the 

correlation between statistical and economic significance is often weak. Cenesizoglu 

and Timmermann (2012) show that only a weak relationship exists between statistical 

performance and economic significance. Furthermore, as pointed out by Rapach et al. 

(2010), the statistical testing does not account for the risk that is borne by an investor 

employing the return forecasts in an empirical setting. From the perspective of 
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academia and industry professionals, understanding the difference between statistical 

performance and economic significance is critical. This section details the tests 

employed to examine the economic significance of the economic forecasts.  

Following Rapach et al. (2010), the average utility of a mean-variance investor with a 

risk-aversion co-efficient of 𝛾 = 3  is calculated. Noting the diversity of portfolios 

employed by investors, two investment scenarios are considered. The first allows 

investment in a single risk factor and the risk-free asset only. The second allows 

investment in all six risk factors and the risk-free asset. In total, seven portfolio 

configurations are evaluated. 

In constructing the covariance matrix employed in the mean-variance optimisation, the 

analysis follows Kong et al. (2011), who estimate the covariance matrix using data 

available from the start of the sample through month t.
70

 Using information available at 

t, the investor allocates to the risk factor(s) using:  

 
�̃�𝑡 = (

1

𝛾
) Σ̂−1�̅�𝑡+1 (6.10) 

where Σ̂ is the sample covariance matrix and 𝛾 the coefficient of risk-aversion. The 

investor’s average utility is then calculated as: 

 
𝑣 = �̂� − (

1

2
) 𝛾�̂�2  (6.11) 

where 𝑣 is average utility, �̂� is the average portfolio return and �̂�2 is the variance of 

that return. 

To evaluate the economic significance of the combination forecasts, mean-variance 

portfolios are created using the combination forecasts and the historical average 

forecasts and the results are compared. Calculating investor utility for each approach, 

                                                 

70
 Kong et al. (2011) employ a shrinkage estimator, due to the size of the investment universe, while this 

study employs the sample variance to maintain consistency with the other estimates. 
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the difference is measured as the gain in utility available to investors who employ the 

combination forecasts in their portfolio models. By annualising this figure, the 

equivalent management fee an investor would be willing to pay to access these 

economic forecasts is calculated.  

6.4 Data 

As outlined in Chapter 3, this study employs six U.S. risk-factors; market, size, value, 

momentum, credit and term. The data is monthly excess returns expressed in U.S. 

dollar terms for the period January 1973 to December 2012. 

Following Rapach et al. (2010) and Kong et al. (2011), the monthly data set of Welch 

and Goyal (2008) is used to construct the predictive regressions.
71

 Fourteen economic 

variables are used as explanatory variables in the predictive regressions. These 

variables are described briefly below with further details available in Welch and Goyal 

(2008).
72

 

Dividend-price ratio, D/P: the difference between the log of dividends and the log of 

stock prices, where dividends are the twelve-month moving sum of dividends paid on 

the S&P 500 index and price is the price level of the S&P 500 index. 

Dividend yield, D/Y: the difference between the log of dividends and the log of lagged 

stock prices. 

Earnings-price ratio, E/P: the difference between the log of earnings and the log of 

stock prices, where earnings are the twelve-month moving sum of earnings paid on the 

S&P 500 index. 

                                                 

71
 Only data available prior to each month end is used to construct the time series. That is, data is 

constructed to avoid look-ahead bias. 
72

 There are some subtle differences between the risk-factors and the predictive economic variables. The 

risk-factors are constructed from portfolios of securities to represent investable portfolio returns. The 

predictive variables are constructed to represent the fundamental characteristics of a market or the 

economy at a particular point in time and are not investable. For example, the term spread predictive 

variable represents the cross-sectional difference between two time series at a particular point in time 

while the term risk factor is a time-series difference (return). 
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Dividend payout ratio, D/E: the difference between the log of dividends and the log of 

earnings. 

Book-to-market ratio, B/M: the ratio of book value to market value for the Dow Jones 

Industrial Average. 

Default return spread, DFR: the difference between the returns on long-term 

corporate and long-term government bonds from Ibbotson’s Stocks, Bonds, Bills and 

Inflation Yearbook. 

Treasury bill rate, TBL: the yields on three month Treasury bills from Ibbotson’s 

Stocks, Bonds, Bills and Inflation Yearbook. 

Long-term bond yield, LTY: the yields on long-term government bonds. 

Long-term bond return, LTR: the returns on long-term government bonds. 

Term spread, TMS: the difference between the long-term bond yield and the Treasury 

bill rate. 

Default yield spread, DFY: the difference between the yields on BAA- and AAA-rated 

corporate bonds from Ibbotson’s Stocks, Bonds, Bills and Inflation Yearbook. 

Stock variance, SVAR: the sum of squared daily returns on the S&P 500 index during 

the month. 

Inflation, INF: the rate of change of the Consumer Price Index. Due to the one-month 

lag in data releases, the data is lagged one-month in the predictive regressions. 

Net equity expansion, NTIS: the ratio of net issues to market capitalisation, where net 

issues are the twelve-month moving sums of net issues by NYSE listed stocks, and 

market capitalisation is the end-of-year market capitalisation of NYSE stocks. 
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Table 6.1 presents the summary statistics for the explanatory variables employed in the 

predictive regressions. As expected, D/Y and D/P provide similar results due to the 

close specifications of the variables. All the data series are highly non-normal, SVAR, 

in particular, is highly leptokurtic and positively skewed, due to the episodic periods of 

relatively extreme volatility; for example, the periods experienced during the financial 

crisis of 2008 and 1987 stock-market crash. D/E also stands out with a high degree of 

negative skewness which is mostly due to the impact the 2008 financial crisis had on 

D/E ratios. Testing for normality, the Jarque and Bera (1987) test rejects the null 

hypothesis of normality at the one per cent level for all variables except inflation 

which is rejected at the ten per cent level only. 
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Table 6.1 Summary statistics for explanatory variables, Dec 1972 – Dec 2012 

  
This table presents the summary statistics of the explanatory variables employed in the predictive 

regressions used in this study. Following Rapach et al. (2010) and Kong et al. (2011), these are the 

fourteen monthly explanatory variables described in Welch and Goyal (2008). 

6.5 Results 

6.5.1 Single Economic Variable Forecasts 

6.5.1.1 Forecasting Errors 

Figure 6.1 compares the cumulative differences in errors produced by the economic 

variable forecasts and the sample estimate forecasts. Where the line slopes upwards and to 

the right, the economic variable is generating a smaller forecast error than the historical 

average forecast for the specified risk factor; that is, the economic forecast is deemed 

more accurate. Figure 6.1 shows that no single economic variable consistently 

outperforms its historical average forecasts. Consistent with the results of Rapach et al. 

(2010) and Kong et al. (2011), the forecasts based on single economic variables do not 

consistently generate smaller errors than the historical average forecasts. This is not just 

for the market risk factor, but all six of the risk factors. The figure shows that there are 

short periods where the competing forecasts diverge in terms of performance; however, 

this is generally due to the economic variable forecast underperforming; for example, the 

SVAR variable during the stock market crash of 1987. The figure indicates that no single 

economic variable consistently produces more accurate risk-factor forecasts than those 

based on historical average returns data. 

  Mean
Standard 

deviation
  Skew Kurtosis Median Maximum Minimum

Jarque-Bera 

statistic

Jarque-

Bera p -

value

D/P 3.60 0.45 0.12 -1.12 3.55 4.52 2.75 340.40 0.00

D/Y 3.60 0.45 0.13 -1.10 3.55 4.53 2.75 337.98 0.00

E/P 2.81 0.50 0.77 1.73 2.81 4.84 1.90 79.12 0.00

D/E 0.79 0.35 -3.05 14.49 0.85 1.24 -1.38 3388.42 0.00

SVAR 0.00 0.01 9.08 104.07 0.00 0.07 0.00 210905.44 0.00

B/M 0.50 0.30 0.73 -0.80 0.39 1.21 0.12 331.32 0.00

NTIS 0.01 0.02 -0.72 0.43 0.01 0.05 -0.06 173.16 0.00

TBL 0.05 0.03 0.53 0.51 0.05 0.16 0.00 146.73 0.00

LTY 0.07 0.03 0.51 -0.06 0.07 0.15 0.02 207.75 0.00

LTR 0.01 0.03 0.37 2.50 0.01 0.15 -0.11 16.13 0.00

TMS 0.02 0.02 -0.67 0.25 0.02 0.05 -0.04 186.74 0.00

DFY 0.01 0.00 1.65 3.38 0.01 0.03 0.01 220.80 0.00

DFR 0.00 0.01 -0.43 7.87 0.00 0.07 -0.10 488.08 0.00

INF 0.00 0.00 -0.21 3.33 0.00 0.02 -0.02 5.71 0.06
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Figure 6.1 Cumulative forecast error differentials: single economic variables and historical average forecasts 
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Continued from previous page 

 

 

This figure compares the performance of the single economic variable regression and sample estimate forecasts. Specifically, these are the 

cumulative square prediction errors of the sample estimate forecasts minus the cumulative square prediction errors of the single economic variable 

regression models for the period from December 1977 to December 2012. An increasing line indicates better performance for the single economic 

variable regression models; a decreasing line indicates better performance for the sample estimate model. Each chart represents one of the 

fourteen economic variables, while each line represents the performance for a single risk-factor investment. 
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6.5.1.2 Forecast Returns 

Figure 6.2 illustrates the annualised excess return forecasts for all six risk factors 

estimated using each of the individual economic variable models. The figure shows 

that return forecasts can vary across wide and unrealistic ranges. The SVAR variable, 

for example, produces some of the more egregious forecasts, up to 298% per annum 

for the market risk factor during the stock-market crash of October 1987, which is the 

most volatile period in the data sample. As shown in Rapach et al. (2010), return 

forecasts can also be erratic, changing significantly from one month to the next, 

particularly for the more volatile economic variables, such as LTR and DFR. While 

single economic variables generally produce reasonable forecasts of risk-factor excess 

returns, they can be volatile and unrealistic for extended periods of time. 

6.5.1.3 Statistical Significance 

Table 6.2 evaluates the statistical performance of the single variable forecast models. 

Following the results of Rapach et al. (2010), very few of the individual variable 

models are statistically significant. Some variables work for one or two risk factors, 

but never more than two. Eleven of the forecasts produce statistically significant R
2
 

values; however, the majority of these are significant at the ten per cent level only. 

Interestingly, none of the significant forecast results are for the market risk factor. D/P 

and the closely related D/Y variable are significant at the one per cent level for the 

value risk factor, while five variables are significant for the credit risk factor. The term 

and size risk factors report one significant forecast each and the momentum risk factor 

has two variables that provide significant forecasts. Overall, these results suggest that 

single variable forecasts are poor predictors of risk-factor returns. 
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Figure 6.2 Risk factor annualised excess return forecasts: single economic variable forecasts 
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Continued from previous page 

 

 

 
 

This figure illustrates the time-series of annualised excess return forecasts of the six risk factors. Forecasts are estimated using the individual 

economic variable models for the period from December 1977 to December 2012. Specifically, the forecasts are the out-of-sample estimates of 

the single economic variable regression models. Each forecast is the 1-month-ahead annualised excess return estimate produced by the models. 

Each chart represents the forecasts produced by each of the economic variables. 

 

 



 165 

Table 6.2 Single economic variable forecast statistical results 

  
This table presents out-of-sample results for the single economic variable forecasts for the period 

December 1977 to December 2012. The Campbell and Thompson (2008) R
2
 statistic measures 

out-of-sample performance. The statistic corresponds to a one-sided test of the null hypothesis 

that the single economic variable forecast model has equal expected square prediction error 

relative to the historical average forecast model against the alternative hypothesis that the single 

economic variable forecast model has a lower expected square prediction error than the historical 

average forecast model. p-values are calculated using the Clark and West (2007) MSPE-adjusted 

statistic. *, **, *** denote statistical significance at the 10%, 5%, and 1% levels, respectively. 

6.5.1.4 Economic Significance 

Table 6.3 reports the economic significance of the single economic variable forecast 

models. Economic significance is measured as the utility gains achieved by investors 

employing the single economic variable forecasts rather than the sample estimate 

forecasts, applied in the mean-variance portfolio process. Forecast results are reported 

for seven portfolios: six which invest in each of the risk factors individually, and one 

diversified portfolio which invests in all six risk factors. Advancing the work of 

Rapach et al. (2010), the table reports that the single economic variable models 

consistently underperform the sample estimate forecasts, achieving lower levels of 

utility, on average, in the majority of cases. The single economic variable forecasts are 

particularly ineffective when employed in a diversified portfolio. In this context, 

economic forecasts result in utility losses of 43.63 per cent a year when compared to 

the historical average forecasts. On balance, the findings in Table 6.3 suggest that 

Variable

D/P -1.19 -0.19 -2.47 0.54 *** -0.93 -0.26

D/Y -1.03 -0.12 -2.93 0.49 *** -0.78 -0.39

E/P -1.41 0.06 -2.23 -0.07 1.67 * -0.60

D/E -1.79 2.36 * -1.33 -1.96 1.80 ** -2.17

SVAR -6.14 -0.11 -0.72 -3.56 -1.42 -13.66

B/M -3.25 -1.10 -1.11 -1.48 -1.38 -1.21

NTIS -0.85 -0.97 -0.83 -0.21 -1.22 -0.32

TBL -1.41 -0.66 -0.95 -0.53 -1.94 -1.96

LTY -2.43 -1.52 -1.53 -2.01 -1.05 -3.31

LTR -1.18 0.10 * -0.35 -0.63 0.67 * -0.65

TMS -0.78 -0.48 -0.45 -0.39 -1.20 0.91 *

DFY -2.83 0.49 0.16 * -0.45 1.36 ** -1.05

DFR 0.07 -1.38 -0.78 -1.47 -0.87 -1.04

INF -0.78 -0.64 -0.61 -0.05 0.71 * -1.15

     Term               Market          Momentum               Size               Value               Credit          
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single variable forecast models are poor and provide little or no level of predictability 

that is of economic significance. 

Table 6.3 Investor utility (γ=3) for single economic variable forecasts 

  
This table reports utility gains for an investor employing the single economic variable forecasts 

rather than the sample estimate forecasts for the out-of-sample period from December 1977 to 

December 2012. The details and abbreviations for the variables are summarised in the data 

section of this study. The utility gain is the equivalent annual fee that a mean-variance investor 

with a risk-aversion co-efficient of 3 would be willing to pay to employ the forecast model. The 

average denotes the arithmetic average of utility gains across economic variable models for each 

risk-factor investment. Negative numbers indicate that the economic variable model reduces 

utility relative to the sample estimate forecast model. 

6.5.2 Combination Forecasts 

6.5.2.1 Forecasting Errors 

This section reviews the results of the combination forecasts. Figure 6.3 compares the 

risk-factor excess return forecasts produced by the combination and historical average 

models. In contrast to the models based on a single economic variable, the 

combination forecasts appear to be more effective at forecasting the risk factors. 

Whereas the single economic variable models generally report larger errors than the 

sample estimate forecasts, the combination models generate distinctly smaller errors, 

or, at worst, offer performance similar to the sample estimate forecasts. The return 

Market Mom. Size Value Credit Term Diversified

D/P -0.84 -1.40 -2.06   0.01   0.46 -8.81 -66.47 

D/Y -0.31 -1.05 -2.42 -0.05   0.25 -8.71 -69.20 

E/P -1.53   0.78 -2.12 -2.25 -5.23 -7.47 -48.67 

D/E -2.88 -11.31 -1.57 -6.76 -23.45 -14.68 -102.60   

SVAR -17.88   2.98 -1.41 -9.17 -7.07 -4.83 -27.48 

B/M -5.25 -4.68 -2.48 -1.77 -0.87 -3.84 -28.74 

NTIS -0.38 -2.74 -1.10 -1.78   1.10 -4.72 -5.98

TBL -1.78 -6.11 -1.23 -1.20 -1.64 -45.56 -69.70 

LTY -5.12 -9.54 -2.41 -6.88   0.23 -33.51 -103.04   

LTR -1.74 -0.53   0.38 -0.39 -11.86 -6.78 -6.71

TMS -0.93 -2.19   0.02 -1.53 -2.25 -16.92 -23.39 

DFY -4.79   2.10   1.28 -0.14 -17.47 -3.31 -20.28 

DFR -3.57 -3.47 -2.51 -4.08 -14.36 -2.89 -28.23 

INF -1.49 -3.06 -0.62 -0.18 -2.47 -8.55 -10.38 

Average -3.46 -2.87 -1.30 -2.58 -6.05 -12.18 -43.63
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forecasts of the momentum risk factor appear to be the exception; however, with the 

combination models performing poorly for the majority of the out-of-sample period. 

Examining each of the risk factors, it can be seen that the market risk factor exhibits 

the largest differential in the size of the MSPE over the sample estimate model, a result 

consistent with the findings in Rapach et al. (2010). This is not unexpected given the 

predictive variables were derived from the equity market forecasting literature. The 

results are reasonably consistent across the five different weighting schemes although 

the DMSPE where 𝜃 = 0.9 appears to exhibit the best performance relative to the 

sample estimate forecasts. 

It is apparent from Figure 6.3 that the performance of the combination forecasts of the 

market risk factor varies over the data sample. From the beginning of the sample in 

1977 until the Stock Market Crash of October 1987, the combination forecasts strongly 

outperform the historical average model by producing lower forecast errors. While the 

performance of the combination models appears strong, they are occasionally erratic, 

with short periods of poor performance often followed by very strong performance. 

These large swings in performance appear to become less frequent as the size of the in-

sample period grows over time. After 1987, the performance of the combination 

forecasts moderates, although the figure suggests performance is still better than the 

historical average models. The performance of the combination models deteriorates 

during the GFC; however, it recovers somewhat after the nadir of the crisis. 

Along with market, the size and value risk factors also appear to exhibit lower forecast 

errors when the combination techniques are used. This is consistent with the results of 

Kong et al. (2011) who find that forecasts improve for small capitalisation and high-

value stocks. Their results, however, are based on long-only stock portfolios which 

exhibit exposure to the market risk factor as well as the size and value risk factors. In 

contrast, the results presented here are based on portfolios that are long high-value 

(small-capitalisation) stocks and short low-value (large-capitalisation) stocks. In 

theory, the portfolios employed should have only minimal market exposure. The 



 168 

results suggest that the forecasts of size and value may not be as effective as forecasts 

of the market risk factor which is an issue explored in the later sections of this study. 

In contrast to the results for the equity-based risk factors, the findings for the bond-

based risk factors, credit and term, appear to be less compelling. Compared to the other 

risk factors (in particular the market risk factor), the credit and term risk factors do not 

exhibit large performance differences to the historical average forecast models. Figure 

6.3 also suggests that the combination forecasts are the least effective for the 

momentum risk factor. The forecast errors for this risk factor, generated by the 

combination models, appear to be no better than the sample estimate forecasts for the 

majority of the sample period. 

In summary, Figure 6.3 indicates that the combination forecasts, in general, offer more 

effective forecasts than the single variable models. The effectiveness of the forecasts, 

as evaluated by the size of the forecast errors, appears to vary over time and across risk 

factors. These points will be formally evaluated statistically and economically in a later 

section.  
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Figure 6.3 Cumulative forecast error differentials: combination and historical 

average forecasts 
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This figure compares the performance of the combination and sample estimate forecasts. 

Specifically, these are the cumulative square prediction errors of the sample estimate forecasts 

minus the cumulative square prediction errors of the combination models for the period 

December 1977 to December 2012. An increasing line indicates better performance for the 

combination models; a decreasing line indicates better performance for the sample estimate 

model. Each chart shows the model performance for each risk factor, while each line represents 

the performance of the different weighting schemes used in the combination forecasts. 
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6.5.2.1 Forecast Returns 

Figure 6.4 illustrates the annualised risk-factor excess return forecasts provided by the 

combination forecast models. In comparison to the single variable forecasts (see Figure 

6.2) a number of features are apparent. First, the combination forecasts appear more 

stable than the individual forecasts. While the combination forecasts exhibit occasional 

sudden changes, these are rare, particularly in comparison to the single variable return 

forecasts. Second, the ranges of return forecasts are much more realistic, with the most 

optimistic forecasts rarely above twenty per cent and the most pessimistic rarely below 

minus five per cent. In fact, many of the more extreme forecasts occur in the early part 

of the sample where the in-sample window is the smallest. These findings corroborate 

the analysis of Rapach et al. (2010), which examines the market factor only, as well as 

advancing their work by finding similar results across other risk factors. Unlike the 

single variable models, the combination models rarely produce negative return 

forecasts, particularly in the latter part of the sample. 

Table 6.4 compares the mean and standard deviations of the single variable and 

combination return forecasts. On average, the single variable and combination models 

estimate similar return forecasts. Despite these similarities, stark differences in the 

variability of the outputs is revealed when the standard deviations of the different 

approaches are compared. The combination models exhibit the lowest standard 

deviation of all forecasting models for the market, momentum, value, and credit risk 

factors. Rapach et al. (2010) note that by construction, the combination forecasts 

smooth out some of the variability present in the single variable forecasts. This is 

clearly seen when comparing the standard deviation of the combination and single 

variable forecasts. All of the combination model forecasts exhibit standard deviations 

below the average of the single variable model forecasts. 
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Figure 6.4 Risk factor annualised excess return forecasts: combination forecasts 
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Continued from previous page 

 

 

 

 
This figure illustrates the time-series of annualised excess return forecasts of the six risk factors. 

Forecasts are estimated using the combination forecast models for the period of December 1977 

to December 2012. Specifically, the forecasts are the out-of-sample estimates of the combination 

forecast models. Each forecast is the 1-month-ahead annualised excess return estimate produced 

by the models. Each chart represents the forecasts of each risk factor based on the five different 

weighting schemes. 
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Table 6.4 Return forecast summary statistics 
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Mean Standard Deviation

Market Mom. Size Value Credit Term Market Mom. Size Value Credit Term

Panel A: Return Forecasts based on Individual Economic Variables

D/P 12.95 9.58 6.48 0.83 3.20 4.13 3.46 3.64 8.15 3.36 0.70 4.67

D/Y 12.96 9.28 7.14 0.91 3.17 3.77 3.47 3.81 8.52 3.28 0.68 4.75

E/P 7.91 11.04 6.02 3.82 2.17 1.81 7.64 6.03 7.08 5.73 1.47 3.66

D/E 10.52 8.97 4.39 3.59 3.76 3.82 5.95 10.84 6.28 5.31 2.10 6.03

SVAR 3.77 10.76 3.90 6.47 2.26 2.32 11.80 2.97 4.01 6.63 0.99 15.11

B/M 2.96 8.35 -0.69 6.87 2.13 1.62 10.02 3.39 7.83 5.82 1.16 3.87

NTIS 6.50 9.92 4.09 5.57 2.06 3.92 8.69 3.22 3.63 5.03 0.97 7.40

TBL 6.10 10.34 4.28 4.94 2.00 1.54 6.55 4.22 2.28 3.46 1.87 4.60

LTY 6.72 9.72 5.02 3.49 2.16 -0.37 6.29 4.69 4.64 7.02 0.81 3.57

LTR 4.27 10.62 3.78 7.02 2.33 1.61 9.91 6.37 5.75 4.00 2.02 4.63

TMS 5.90 11.49 4.03 5.97 2.26 3.04 7.95 3.01 3.48 3.15 1.51 5.28

DFY 2.61 11.03 2.59 6.77 1.97 1.07 10.27 4.00 5.45 2.72 2.00 2.83

DFR 3.73 10.85 3.69 6.98 2.31 1.33 8.42 5.76 2.92 3.74 1.50 2.81

INF 5.03 10.82 4.34 7.08 2.86 1.95 3.99 3.34 2.85 3.38 1.21 3.25

Average 6.57 10.20 4.22 5.02 2.48 2.25 7.46 4.66 5.20 4.47 1.36 5.17
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This table reports the means and standard deviations of the annualised excess return forecasts for the six risk factors. Results are for the out-of-sample period 

December 1977 to December 2012. Panel A reports statistics for the fourteen individual economic variable forecasts. The details and abbreviations for the 

variables are summarised in the data section of this study. Panel B reports the statistics for the five combination forecasts. 

Mean Standard Deviation

Market Mom. Size Value Credit Term Market Mom. Size Value Credit Term

Panel B: Return Forecasts based on Combination Forecasts

Mean 6.57 10.20 4.22 5.02 2.48 2.25 1.91 2.45 3.79 2.20 0.59 3.26

Median 6.14 10.49 4.24 5.66 2.43 1.91 2.28 1.89 3.07 2.07 0.46 2.96

Trimmed Mean 6.63 10.25 4.36 5.07 2.49 2.12 1.62 2.23 3.65 2.01 0.52 3.05

DMSPE θ=0.9 6.61 10.26 4.29 4.92 2.50 2.24 2.06 2.54 4.18 2.30 0.67 3.13

DMSPE θ=1.0 6.57 10.27 4.33 4.94 2.49 2.24 2.05 2.47 4.22 2.29 0.66 3.21

Average 6.50 10.29 4.29 5.12 2.47 2.15 1.98 2.31 3.78 2.17 0.58 3.12
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Table 6.5 Combination forecast statistical results 

 

 
This table presents out-of-sample results for the five combination forecasting techniques for the 

period December 1977 to December 2012. The Campbell and Thompson (2008) R
2
 statistic is 

employed to measure out-of-sample performance. The statistic corresponds to a one-sided test of 

the null hypothesis that the combination forecast model has equal expected square prediction 

error relative to the historical average forecast model against the alternative hypothesis that the 

combination forecast model has a lower expected square prediction error than the historical 

average forecast model. p-values are calculated using the Clark and West (2007) MSPE-adjusted 

statistic. *, **, *** denote statistical significance at the 10%, 5%, and 1% levels, respectively. 

6.5.2.2 Statistical Significance 

Table 6.5 shows that the combination models produce more accurate return forecasts 

than the single variable models. Unlike the results reported for the single variable 

models (see Table 6.2), which are rarely significant, many of the combination models 

produce statistically significant results. Confirming the results of Rapach et al. (2010) 

and Kong et al. (2011), the findings show that the combination forecasts are effective 

for the market risk factor where all the weighting techniques are statistically significant 

at the ten per cent level. In contrast, none of the single variable model forecasts, 

reported earlier, were significant for the market risk factor. The two DMPSE weighting 

schemes report the highest values for the R
2
 statistic, 1.34 per cent for ϴ = 0.9 and 0.71 

per cent for ϴ = 1.0. Importantly, the results show that combination forecasts are 

effective for other risk factors as well. 

The combination models provide statistically significant forecasts for the size, credit 

and value risk factors. Furthermore, the combination models appear to be more 

effective for the value and credit risk factors than the market risk factor. For the value 

and credit risk factors, the combination forecasts produce R
2
 values that are higher than 

the market risk factor for four of the five weighting techniques. The results support the 

findings of Kong et al. (2011) who demonstrate that combination portfolios perform 

Weighting Scheme

Mean 0.48 * 0.37 0.29 0.76 ** 0.97 ** -0.05

Median 0.44 * 0.17 -0.04 0.34 0.25 -0.24

Trimmed Mean 0.64 ** 0.16 0.11 0.84 ** 0.68 ** -0.02

DMSPE θ=0.9 1.34 *** 0.64 1.01 *** 1.57 *** 1.49 *** 0.46

DMSPE θ=1.0 0.71 ** 0.48 0.68 ** 1.01 ** 1.16 *** 0.09

 Term             Market            Mom.    Size             Value           Credit          
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better for high-value stock portfolios than for low-value. Interestingly, the combination 

forecasts perform very well for the credit risk factor, despite the modest results shown 

in Figure 6.3. Two weighting schemes for the credit risk factor are significant at the 

five per cent level, while another two are significant at the one per cent level. Although 

the economic variables were originally specified to forecast the market premium, the 

tests provide evidence that they are more effective at forecasting the credit premium.
73

 

Despite appearing to exhibit smaller forecasting errors than the sample estimate 

forecasts in Figure 6.3, the combination forecasts offer only modest success in 

forecasting the returns of the size risk factor. Only the two DMSPE weighting 

techniques achieve statistically significant R
2 

values. Two other techniques achieve 

positive R
2
 statistics; however, these are not significant at the standard significance 

levels. At first, this result seems inconsistent with those of Kong et al. (2011), who 

find the performance of combination forecasts improves as market capitalisation 

decreases. The results here, however, are based on the size risk factor (created from 

long and short positions in size portfolios) rather than long-only size portfolios, 

leading to differences in the results. And, while the results lack statistical significance, 

four of five weighting techniques offer positive R
2
 values. That is, forecasting ability 

may increase as market capitalisation decreases; however, when the size risk factor is 

isolated, the effectiveness of the forecasts decreases. 

The combination models offer very limited forecasting performance for the term and 

momentum risk factors. While the combination models for the momentum risk factor 

achieve positive R
2
 statistics, they are not significant at the usual levels. The statistical 

results for the term risk factor are the weakest. Of the five weighting techniques, only 

two achieve R
2 

values greater than zero.  

                                                 

73
 The relationship between the credit and market risk-factor is a complex one. It is examined in Merton 

(1974), Chen et al. (1986), Fama and French (1993), and Bhamra, Kuehn and Strebulaev (2010) among 

others. 
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As well as varying across risk factors, the performance of the combination forecasts 

differs across weighting techniques. The DMSPE weighting schemes are the most 

effective of the five approaches examined. These weighting techniques achieve 

positive R
2
 values for all risk-factor forecasting models, and in eight of twelve DMSPE 

models the results are statistically significant at the five or one per cent levels. By 

including an inter-temporal discounting factor, that is, by setting the parameter ϴ 

below unity, the R
2 

statistic for all risk-factor forecasts improves. In the case of the 

market risk factor, the improvement is 0.63 percentage points. The weighting approach 

employed to combine forecasts impacts on statistical performance. 

Overall, the evidence presented in this study builds on the existing literature by 

demonstrating that combination models offer statistically significant forecasts for the 

value, credit, size, and market risk factors. The forecasts for the term and momentum 

risk factors, however, lack statistical significance. It is also apparent that results vary 

between the different combination weighting techniques employed in the study. 

6.5.2.3 Economic Significance 

This section of the study measures the economic significance of the combination 

forecasts when employed in the risk-factor framework. Table 6.6 presents the utility 

gains for investors employing combination forecasts relative to historical average 

forecasts in the mean-variance framework. The results suggest that the combination 

model forecasts produce economically significant results when employed in the mean-

variance framework.
74

 Unlike the single economic variable models, the majority of 

combination models produce gains in utility. The models are most useful for the 

market, momentum, size, value, and credit risk-factor portfolios which achieve utility 

gains for almost all forecast models. The annual utility gains for these five risk factors 

ranges from an average of 0.69 per cent for the momentum risk factor to 1.91 per cent 

for the value risk factor. These values are the equivalent annual management fees an 

                                                 

74
 Appendix C reports results for γ=1 and 5. These results are consistent with those reported here where 

γ=3. 
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investor would be willing to pay to use the combination forecasts.
75

 When applied to 

the term risk factor and diversified portfolios, however, portfolio performance is poor. 

While outperforming the single variable forecasts, on average, they result in a lower 

level of utility than that achieved with the sample estimate forecasts. These results are 

consistent with the previously reported statistical tests, which shows that the 

effectiveness of combination forecasts varies across risk factors. On balance, the 

evidence suggests that the economic significance of combination forecasts of risk 

factors provide the potential for utility gains for mean-variance investors; however, 

results vary across risk factors, and single- and multi-risk factor portfolios.
76

 

Table 6.6 Comparison of investor utility (γ=3) for combination forecast models 

This table reports utility gains for investors employing combination forecasting techniques rather 

than sample estimate forecasts for the out-of-sample period from December 1977 to December 

2012. The table reports results for each of the five combination forecast weighting techniques. 

The utility gain is the equivalent annual fee that a mean-variance investor with a risk-aversion 

co-efficient of 3 would be willing to pay to employ the forecast model. The average is the 

arithmetic average of utility gains across combination forecast models for each risk-factor 

investment. Negative numbers indicate that the economic variable model reduces utility relative 

to the sample estimate forecast model. 

6.5.3 Business Cycle Forecast Performance 

6.5.3.1 Statistical Significance 

 reports the performance of the combination forecasts across the business cycle. 

Corroborating the findings of Rapach et al. (2010) and Kong et al. (2011), the 

                                                 

75
 A more accurate characterisation would be annual management fees net of transaction costs. The 

combination forecasts all result in higher levels of turnover than the naïve forecasts, see Appendix E. 
76

 The DMSPE weighting schemes outperform the other simpler model specifications in all instances. 

Additionally, DMSPE θ=0.9 is the best performing model. Comparing the two DMSPE models we can 

see that performance is sensitive to the discounting factor. Put another, there is evidence that 

performance is sensitive to sample length. 

Weighting Scheme Market Mom. Size Value Credit Term

Mean 1.01 0.71 1.11 1.54 0.60 -6.10 -13.09

Median 0.67 0.26 0.27 1.06 0.57 -5.47 -9.19

Trimmed Mean 1.25 -0.08 0.72 1.77 0.39 -5.39 -12.14

DMSPE θ=0.9 2.62 1.48 2.50 3.19 1.79 -4.69 -7.68

DMSPE θ=1.0 1.41 1.11 1.88 2.01 1.02 -5.37 -12.72

Average 1.39 0.69 1.29 1.91 0.87 -5.40 -10.96

Diversified
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forecasting performance of risk factors differs between periods of economic expansion 

and contraction. In contrast to these previous studies, however, risk-factor forecasting 

appears to be more effective during economic expansions, based on the out-of-sample 

statistical tests. All risk factors, with the exception of momentum, exhibit statistical 

significance for at least four of the five combination forecasts during periods of 

economic expansion.  

In contrast to the economic expansion results, forecast performance during economic 

contractions is generally poor and lacking in statistical significance.
77

 In the majority 

of cases for the market, size, and term risk factors, the R
2
 values are negative during 

economic contractions. The R
2
 values for the credit risk factor remain high during 

economic contractions; however, they are lower in comparison to the results calculated 

during the expansionary periods and exhibit statistical significance for only one model. 

The momentum and value risk factors are the exceptions achieving higher R
2
 values 

during contractionary periods, although the results are not statistically different from 

zero.  

Previous studies have found out-of-sample forecasting is more effective during 

economic recessions for the market risk factor, but lack further guidance on the other 

risk factors considered here. There are several notable differences between the study in 

this thesis and previous studies. First, the sample size of the studies differ. Rapach et 

al. (2010) study the period 1947 to 2005, covering additional recessions, but missing 

the global financial crisis of 2008. Similarly, Kong et al. (2011) analyse the period 

from 1966 to 2008. Second, model specifications differ between studies. In the case of 

the Kong et al. (2011) study, predictor variables differ, while in the case of the Rapach 

et al. (2010) study, quarterly forecasts are employed. Rapach et al. (2010) provide 

                                                 

77
 Of the entire 421 out-of-sample observations, 365 months occur during economic expansions, and 56 

during economic contractions. Given the small sample size of contractionary periods, their statistical 

significance is low, with only a single model reporting forecasts that are statistically significant at the 

ten per cent level. 
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results for different sample periods and show results vary markedly across the different 

samples suggesting this may introduce the noted differences in results. 

Table 6.7 Combination forecast performance over the business cycle 

 
This table reports out-of-sample results for the different forecast techniques measured during 

economic expansions and contractions for the out-of-sample period December 1977 to December 

2012. Panels A through F report statistical results for each of the risk factors. Unconditional 

results, reported previously, are shown in italics. NBER data is employed to date economic 

expansions and contractions. The Campbell and Thompson (2008) R
2
 statistic is used to measure 

out-of-sample performance. p-values are calculated using the Clark and West (2007) MSPE-

adjusted statistic. *, **, *** denote statistical significance at the 10%, 5%, and 1% levels, 

respectively. 

Exploring these results further, Figure 6.5 shows cumulative forecast error differentials 

during contractionary periods. The increase in R
2
 values that occur during economic 

contractions for the momentum and value risk factors are a result of smaller relative 

forecast errors during the economic contraction associated with the GFC. It is the 

relatively strong performance of the combination forecasts during this period that 

results in the higher R
2
 values for these two risk factors. In general, the figure shows 

that the error differentials can be volatile during recessions, as evidenced during the 

Panel A: Market Panel B: Momentum

Mean 0.48 * 0.77 ** -0.34 0.37 0.06 1.00

Median 0.44 * 0.63 ** -0.10 0.17 -0.03 0.58

Trimmed Mean 0.64 ** 1.14 *** -0.77 0.16 -0.07 0.62

DMSPE θ=0.9 1.34 *** 1.63 *** 0.52 0.64 0.32 1.28

DMSPE θ=1.0 0.71 ** 1.07 ** -0.27 0.48 0.20 1.06

Panel C: Size Panel D: Value

Mean 0.29 0.66 ** -2.15 0.76 ** 0.70 * 1.07

Median -0.04 0.21 -1.71 0.34 0.31 0.52

Trimmed Mean 0.11 0.45 * -2.14 0.84 ** 0.74 ** 1.33

DMSPE θ=0.9 1.01 *** 1.36 *** -1.27 1.57 *** 1.47 ** 2.07

DMSPE θ=1.0 0.68 ** 1.09 ** -2.01 1.01 ** 0.96 ** 1.26

Panel E: Credit Panel F: Term

Mean 0.97 ** 1.09 ** 0.80 -0.05 0.55 * -1.54

Median 0.25 0.51 ** -0.11 -0.24 0.28 -1.53

Trimmed Mean 0.68 ** 0.81 ** 0.48 -0.02 0.51 * -1.33

DMSPE θ=0.9 1.49 *** 1.69 *** 1.20 * 0.46 1.09 *** -1.09

DMSPE θ=1.0 1.16 *** 1.31 ** 0.94 0.09 0.68 ** -1.37

Recession(Overall) Expansion Recession (Overall) Expansion
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GFC. Furthermore, forecasting performance can vary significantly during economic 

contractions, which is an important consideration for investors implementing 

combination forecasts in practice. 
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Figure 6.5 Cumulative forecast error differentials during recessions 
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Continued from previous page 

 

 

 
This figure compares the performance of the combination and sample estimate forecasts during 

recessions. Specifically, these are the cumulative square prediction errors of the sample estimate 

forecasts minus the cumulative square prediction errors of the combination models for recessions 

occurring during the period December 1977 to December 2012. An increasing line indicates 

better performance of the combination models; a decreasing line indicates better performance of 

the sample estimate model. Each chart shows the model performance for each risk factor, while 

each line represents the performance of the different weighting schemes used in the combination 

forecasts. 
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6.5.3.1 Economic Significance 

Table 6.8 Comparison of investor utility during business cycles 

 
This table reports utility gains for investors employing combination forecasting techniques rather 

than sample estimate forecasts during economic expansions and contractions for the out-of-

sample period from December 1977 to December 2012. Panels A through F report results for a 

single risk-factor portfolio, while Panel G reports results for the multi risk-factor portfolio. Each 

panel reports results for each of the five combination forecast weighting techniques and the 

average gains for these models. The utility gain is the equivalent annual fee that a mean-variance 

investor with a risk-aversion co-efficient of 3 would be willing to pay to use the forecast model. 

The average is the arithmetic mean of utility gains across combination forecast models for each 

risk factor investment. Negative values indicate that the economic variable model reduces utility 

relative to the sample estimate forecast model. 

(Overall) Expansion Recession (Overall) Expansion Recession

Panel A: Market Panel B: Momentum

Mean 1.01 1.54 -2.41 0.71 -0.88 11.02

Median 0.67 1.20 -2.82 0.26 -0.86 7.51

Trimmed Mean 1.25 2.15 -4.54 -0.08 -1.23 7.39

DMSPE θ=0.9 2.62 2.88 0.92 1.48 -0.25 12.70

DMSPE θ=1.0 1.41 1.97 -2.19 1.11 -0.47 11.37

Average 1.39 1.95 -2.21 0.69 -0.74 10.00

Panel C: Size Panel D: Value

Mean 1.11 1.58 -2.07 1.54 1.13 4.37

Median 0.27 0.57 -1.71 1.06 0.84 2.64

Trimmed Mean 0.72 1.15 -2.14 1.77 1.30 4.96

DMSPE θ=0.9 2.50 2.96 -0.58 3.19 2.61 7.03

DMSPE θ=1.0 1.88 2.44 -1.82 2.01 1.57 4.96

Average 1.29 1.74 -1.66 1.91 1.49 4.79

Panel E: Credit Panel F: Term

Mean 0.60 1.47 -5.35 -6.10 0.50 -49.51

Median 0.57 1.12 -3.00 -5.47 0.09 -41.98

Trimmed Mean 0.39 1.41 -6.46 -5.39 0.36 -43.17

DMSPE θ=0.9 1.79 2.49 -3.05 -4.69 1.33 -44.34

DMSPE θ=1.0 1.02 1.83 -4.58 -5.37 0.79 -45.84

Average 0.87 1.66 -4.49 -5.40 0.61 -44.97

Panel G: Diversified

Mean -13.09 -3.83 -74.28

Median -9.19 -0.65 -63.88

Trimmed Mean -12.14 -3.15 -70.89

DMSPE θ=0.9 -7.68 -0.37 -56.69

DMSPE θ=1.0 -12.72 -4.20 -68.52

Average -10.96 -2.44 -66.85
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Table 6.8 compares utility gains across economic expansions and contractions. The 

table reports that a majority of the risk-factor forecasts experience greater utility gains 

during economic expansions. Consistent with the statistical results reported earlier in 

this study, utility gains for the market, size, credit, and term risk factors are higher 

during expansions, and utility gains for the term and momentum risk factors are higher 

during contractions. The utility gains for the diversified portfolio is also higher during 

economic expansions. Overall, the findings in Table 6.8 suggest that the economic 

significance of combination forecasts of risk factors vary across the business cycle. 

Furthermore, the effect of the business cycle on the combination forecasts varies across 

risk factors. 

6.6 Conclusion 

While debate continues on the effectiveness of equity market forecasting models, 

recent studies have shown that statistically and economically significant forecasts can 

be constructed by combining the outputs of economic models. This research provides a 

fertile ground for equity and traditional asset managers; however, managers interested 

in considering the risk-factor framework have little research to help guide their 

investment decision making processes. This study contributes to the literature by 

demonstrating that the combination forecast approach of Rapach et al. (2010) is 

effective within the risk-factor framework. 

This study provides evidence that combination forecasts of risk-factor returns are 

statistically significant. Specifically, evidence of statistical significance in four of the 

six risk factors is found. Although economic variables selected to forecast equity 

market returns are employed, these variables are more effective at forecasting the 

credit and value risk factors. Furthermore, the effectiveness of forecasts varies across 

risk factors and combination weighting techniques. 

When combination forecasts are employed in the mean-variance framework they 

achieve utility gains over models that employ sample estimates. The analysis reveals 
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evidence that combination forecasts for five of the six risk factors offer utility gains 

over sample-based forecasts. While the combination forecasts are generally effective 

for single risk-factor portfolios, they are less effective for multi-risk-factor portfolios. 

When employed in a multi-risk-factor context, there is a dramatic decrease in the 

effectiveness of the combination forecasts. Furthermore, the evidence revealed in this 

chapter suggests that the statistical and economic significance of the forecasts 

generally decreases during economic contractions. These results should be considered 

as a caution to investors considering the application of the combination forecast 

technique when developing risk-factor portfolios. 

Viewing investment portfolios from the perspective of risk-factors has attracted the 

attention of academics and practitioners. While much is known about the effectiveness, 

or otherwise, of equity market forecasts, little is known about the effectiveness of risk 

factor forecasts. For the first time, this study documents evidence that opportunities 

exist for the application of combination forecasts in the risk factor framework. The 

results, however, vary across risk-factors, combination weighting techniques, and the 

business cycle, suggesting a challenging environment for investors considering the 

application of such models.  
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7 Conclusion 

This thesis has evaluated the behaviour of risk-factor diversification by analysing 

performance, correlation, and return predictability. While previous studies have 

examined performance, in the context of risk-factor diversification, for the first time 

correlation and predictability are examined in this thesis. An important research design 

issue is the selection of the risk factors employed in the empirical studies of this thesis. 

Previous work in this field has employed a range of complex, international and multi-

asset risk-factors in the analysis. This thesis has taken a unique approach by restricting 

the risk-factor investment universe to those with a deep academic literature, and 

pervasive evidence over time and across markets. The six risk factors employed in this 

study, specifically, size, value, momentum, market, term and credit, were all derived 

from a single geographic market, the U.S., in an attempt to simplify the analysis and 

provide transparency in the results. 

The first empirical chapter of this thesis examined the performance of risk-factor 

diversification across a number of dimensions, specifically, portfolio selection 

techniques, periods of market stress, and time-periods. The second empirical chapter 

explored the correlation between risk-factor investments and their influence on 

portfolio performance. The final study examined the predictability of risk-factor 

returns and the impact of these forecasts on portfolio performance. The common theme 

throughout these studies was portfolio and investment behaviour, an important 

consideration in the risk-factor diversification literature. The three topics explored in 

this thesis contribute to the knowledge of how risk-factor diversification performs, 

what influences its performance, and its performance potential. 

The first empirical study revealed a number of performance characteristics associated 

with the risk-factor diversification approach. First, it was shown that the performance 

of risk-factor diversification is remarkably consistent across different portfolio 

selection techniques. Comparing Sharpe ratios across six different portfolio selection 

techniques, it was found that only one method, the maximum Sharpe ratio portfolio, 
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exhibited evidence of statistically significant differences in performance to the other 

techniques. Second, the results indicated that even when investors focus on U.S. stocks 

and bonds only, risk-factor diversification has the potential to outperform a portfolio 

diversified across asset classes. Moreover, this outperformance was found to occur 

across five of the six portfolio selection techniques. Outperformance was also evident 

during bear markets in U.S. stocks and in tightening U.S. monetary cycles. However, it 

was revealed that evidence of outperformance during periods of market turbulence and 

economic recession was lacking. While offering the potential for outperformance, risk-

factor diversification is not universally superior to asset-class diversification. 

Using exceedance correlation, the second empirical chapter identified three largely 

unique characteristics associated with risk-factor investment return correlations. 

Furthermore, it demonstrated the impact these characteristics have on portfolio 

performance. A battery of statistical tests provided evidence that the correlations 

between risk-factor investment returns exhibit three traits: non-normality in positive 

exceedances; a high degree of symmetry; and, where they exist, both positive and 

negative asymmetries. In comparison to the wider exceedance correlation literature, 

these traits are largely unique to risk-factor investments. Furthermore, by analysing the 

impact of correlation structure on portfolio returns, it was found that the majority of 

risk-factor portfolios tested are symmetric in the extreme tails of the portfolio return 

distributions for all but the most extreme returns. Put another way, risk-factor 

investments exhibit unique and complex correlation structures which appear to have a 

largely positive impact on portfolio diversification. 

Finally, the third empirical chapter explored the effectiveness of return forecasts for 

risk-factor investments. It was demonstrated that combination forecasts are effective in 

the risk-factor diversification framework. Evidence of statistical significant return 

forecasts was found, although the effectiveness of forecasts varies across risk factors, 

combination weighting techniques and economic conditions. From an economic 

perspective, it was revealed that combination forecasts for five of the six risk factors 
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offer utility gains over sample-based forecasts. This finding does not extend to multi-

risk-factor portfolios; however, where combination forecasts are found to be 

ineffective. In summary, while forecasts are statistically and economically meaningful, 

they should be employed cautiously in a practical setting. 

7.1 Relevance 

The investment industry is increasingly focusing on risk-factor diversification. As this 

approach gains traction among investors, it is important to have a foundation of 

academic knowledge to guide investment decision making. The findings in this thesis 

contribute to this foundation as it relates to performance, correlation, and 

predictability, three key areas in the finance literature and important topics for 

investment professionals. Furthermore, this thesis has made a number of original 

contributions to the literature across these three areas helping to build an academic 

foundation for this approach. 

The finding that risk-factor diversification does not universally out-perform the 

traditional asset-class approach will give pause for thought to the advocates of risk-

factor diversification. Performance expectations based on the mostly positive results 

reported in academia may not be representative of future performance. While the 

effectiveness of this approach is clear in the historical context, it is important to 

understand the potential for market conditions to impact on the performance of this 

emerging approach. 

The findings related to correlation are instructive to investors adopting the risk-factor 

approach. Investors generally focus on the unconditional correlation between 

investments; however, an implication of this thesis is that this alone provides only a 

partial insight into the relationship between risk-factor investment returns. The 

findings suggest that investors should undertake a more thorough analysis of 

correlation when considering the diversification potential of risk-factor investments. 
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Evidence of predictability in risk factor returns may assist in the management of 

portfolios constructed using this approach. These results may provide a basis for 

further research into how forecasts may be employed by investors attempting to time 

markets in the risk-factor framework. The dispersion in results across risk factors, 

forecast techniques, and economic conditions, however, should serve as a caution of 

the difficulties of effective market timing in practice. 

7.2 Research contributions 

This thesis makes a number of contributions to the existing risk-factor diversification 

literature. The contributions of this thesis can be summarised as follows: 

i. The performance of risk-factor diversification is remarkably consistent across a 

range of portfolio selection techniques. Previous studies have generally focused 

on a limited number of techniques, providing little guidance about the most 

effective means of structuring risk-factor portfolios. This thesis provides the 

most extensive test of alternative portfolio selection techniques in the risk-

factor literature, examining the equal-weighted, equal-risk-contribution, 

volatility-weighted, minimum-variance, most-diversified, and maximum 

Sharpe ratio techniques. Statistical tests of risk-adjusted returns failed to reveal 

any evidence of statistically significant differences in performance between 

five of the six techniques. Only the maximum Sharpe ratio technique achieved 

performance that was statistically different to the other techniques, 

underperforming the other five approaches.  

ii. Risk-factor diversification does not necessarily have to involve complex and 

diverse investment strategies to perform well. Previous work has employed a 

wide range of often complex investments spanning multiple asset classes, 

geographic markets, and strategies. From a practitioner perspective, this 

complexity and investment choice may not be available to all investors, and, 

from an academic perspective, many of these investments are not subject to a 

deep academic literature. For the first time, this thesis revealed evidence of 
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risk-factor diversification outperforming asset-class diversification when 

investments were derived from U.S. stock and bond markets only. Furthermore, 

this evidence was found to be statistically significant across a range of different 

portfolio selection techniques and during periods of market stress characterised 

as bear markets in stocks and tightening monetary conditions. 

iii. Balancing this finding, the performance of risk-factor diversification is not 

unconditionally superior to that of asset-class diversification. Testing risk-

factor diversification in a range of different stress-market environments, the 

thesis failed to reveal evidence of statistically significant outperformance, 

relative to asset-class diversification, during periods of market turbulence and 

economic contractions. Furthermore, it was found that the outperformance of 

risk-factor diversification over asset-class diversification has diminished over 

time and recent outperformance lacks statistical significance. This is not to 

suggest that risk-factor diversification is ineffective, but is simply meant to 

highlight that risk-factor diversification is not universally superior to asset-

class diversification. 

iv. The structure of correlations varies markedly between risk-factors investment 

returns. This thesis revealed that, in general, the correlation between risk-factor 

returns is unique in comparison to previous findings highlighted in the wider 

finance literature. Specifically, it was found that risk-factor investment returns 

exhibit three characteristics that are distinct from those identified in other 

investments. First, positive and negative exceedance correlations cannot be 

characterised by a joint normal distribution. This differs from the existing 

literature where the prevalent finding is non-normality in the negative 

exceedance correlations only. Second, correlations between risk-factor returns 

are generally symmetric. Of fifteen risk-factor pairs tested across two test 

specifications, only three rejections of correlation symmetry were found in the 

first test specification, while a fourth was rejected in the second test 

specification. This contrasts with the prevailing literature which finds 

overwhelming evidence of asymmetry in exceedance correlations. Third, where 
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evidence of asymmetry was revealed, it was found to be both positive and 

negative. Evidence of positive asymmetries in exceedance correlations is 

extremely rare in the literature.  

v. The unique correlation characteristics identified above exhibit a largely positive 

impact on portfolio diversification. Unlike studies of other investment 

portfolios in the literature, this thesis revealed that risk-factor portfolio returns 

are typically symmetric in the left and right tails of the return distribution. 

Statistical testing revealed evidence of asymmetry in only a minority of the 

portfolios examined. Additionally, when portfolio returns were tested for 

normality, several interesting characteristics were identified. First, risk-factor 

portfolios exhibit higher returns than expected under the normal distribution in 

the most extreme five and ten per cent of negative returns and in the most 

extreme one per cent of positive returns. That is, in these sections of the 

distribution, returns are better than expected under the assumption of normality. 

Potentially offsetting these benefits, it was also found that returns are lower 

than expected under the assumption of normality in the most extreme five and 

ten per cent of positive returns and the most extreme one per cent of negative 

returns. These results suggest the benefits of risk-factor diversification are 

related to the complex dynamics identified in exceedance correlations, and are 

not simply a result of the widely recognised low unconditional correlations of 

these investments. 

vi. Combination forecasts are potentially effective, in both an economic and 

statistical sense, when applied to risk-factor investments. Statistically and 

economically significant forecasts were found for four of the six risk-factor 

examined in this thesis. Using NBER-dated business cycles, it was 

demonstrated that the effectiveness of forecasts varied across economic 

conditions. Specifically, the credit, market, term, and size return forecasts 

deteriorated during economic contractions. While forecasts are potentially 

effective when applied in the construction of single risk-factor portfolios, they 

are not effective when applied in the construction of multi-risk-factor 
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portfolios. When employed in this manner, the analysis revealed evidence of 

significant underperformance relative to the use of sample-based forecasts in 

the portfolio selection process. In summary, forecasts were found to vary across 

risk-factor investments, economic conditions, and combination weighting 

schemes. 

7.3 Policy implications 

This study has explored the behaviour of risk-factor diversification and demonstrated 

its varying degrees of effectiveness across a range of conditions. The evidence 

presented in this thesis confirms that risk-factor diversification offers the potential of 

superior performance relative to a traditional asset-class approach; however, it has also 

highlighted environments where this approach may be challenged. This finding is 

particularly important to an investment industry which is increasingly adopting the 

risk-factor diversification approach. 

From a practical perspective, this thesis has revealed a number of findings relevant to 

portfolio construction in general. First, performance is consistent across a range of 

portfolio selection techniques that are commonly employed in industry. The analysis 

did not reveal any evidence of statistically significant differences in performance 

between the equal-weighted, volatility-weighted, equal-risk-contribution, minimum-

variance, and most-diversified techniques. This should not be interpreted as 

confirmation that portfolio selection is irrelevant; however, it indicates that this 

decision may be less important than the many other decisions faced by investors 

seeking to adopt this approach. 

Second, the literature on risk-factor diversification has been very supportive of the 

approach relative to asset-class diversification. The evidence revealed in this thesis, 

however, presents a more balanced opinion. Based on the current literature, investors 

may have an overly optimistic view of how this emerging approach will perform in 

adverse market conditions. This thesis has challenged this view by demonstrating that 
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risk-factor diversification is subject to investment head winds in different market 

conditions.  

When evaluating candidate risk factors for inclusion in an investment portfolio, 

investors should look beyond the unconditional correlation between risk-factor 

investments. This thesis has identified complexities in the correlation between risk-

factor returns which potentially impact on portfolio performance. Specifically, the 

benefits of risk-factor diversification may extend beyond those resulting from the low 

unconditional correlation between risk-factor investments. 

Additionally, risk-factor investors open to the potential of timing markets may 

consider combination forecasts as a means of doing so. The findings in this thesis 

highlighted the potential for combination forecasts to outperform sample estimates 

when employed in the portfolio construction process.  As a caution to potential market 

timers, however, it was demonstrated that performance varied across models, 

conditions, and investments. The use of combination forecasts in the risk-factor 

framework should be approached with great caution and humility. 

7.4 Avenues for further research and limitations 

As a relatively new field within the literature, many issues relevant to risk-factor 

diversification remain unexplored. An important part of the research design of this 

thesis was the selection of the risk factors employed in the empirical studies. It was 

noted that theory provides a general framework but no specific guidance as to which 

risk factors should be part of this investment framework. The selection of risk factors 

is an important consideration from an academic and practical perspective.  Further 

empirical research and theoretical development may greatly assist in this area. An 

objective exploration of this topic would be invaluable to investors interested in this 

emerging portfolio management approach. 

Expected returns and return correlations are important inputs into the portfolio 

selection process. The second and third empirical chapters of this thesis focused on 
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these topics and highlighted that they have the potential to impact on portfolio 

outcomes in the risk-factor framework. Interestingly, however, the first empirical 

chapter showed that a range of portfolio selection techniques were not statistically 

different. This poses the question of whether the unique characteristics identified in the 

correlation of returns, and the evidence of predictability in returns may be employed to 

achieve better portfolio outcomes. Future research could focus on this topic by 

comparing the efficacy of techniques which utilise return forecasts and more complex 

models of return correlation in the portfolio selection process. 

This study employed U.S. data to examine the behaviour of risk-factor diversification. 

The U.S. has the largest stock and bond market in the world and provides a suitably 

diverse range of securities to construct a range of risk factor investments. The interest 

in risk-factor diversification stretches beyond U.S. borders, however, and research 

focusing on specific countries, other than the U.S., is lacking. Future research into the 

effectiveness of this approach in single geographic markets outside the U.S. would 

help advance our understanding and provide practitioners with valuable evidence to 

assist in the construction of single country risk-factor portfolios. 

7.5 Concluding remarks 

Risk-factor diversification is an emerging approach to investment portfolio 

diversification. To date, the literature examining this alternative investment approach 

has been limited. The overriding objective of this thesis is to contribute to this 

emerging body of work by providing positive insights into the behaviour of risk-factor 

diversification. Specifically, this thesis explored the topics of performance, correlation 

and return predictability. 

The thesis has contributed to the understanding of risk-factor diversification by 

revealing a number of important findings. First, the performance of risk-factor 

diversification is consistent across different portfolio selection techniques. Of six 

portfolio selection techniques examined, only one achieved a Sharpe ratio that was 
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statistically different to the other five techniques. Second, risk-factor diversification 

does not require complex and sophisticated investment techniques to potentially 

outperform asset-class diversification. The thesis revealed evidence that this approach 

outperforms even when restricted to U.S. stock and bond markets only. Third, the 

performance of risk-factor diversification is not unconditionally superior to the asset-

class approach. Differences in performance between the two approaches differed 

across market conditions and time periods. Fourth, it was highlighted that the 

correlation between risk-factor returns exhibit unusual empirical features. Furthermore, 

it was found that these unique correlation dynamics influence portfolio performance. 

Finally, it was demonstrated that combination forecasts of risk-factor returns are 

effective in a statistical and economic sense. Their effectiveness varied, however, 

across risk-factors, economic environments and forecast weighting methodologies. 

These findings are particularly relevant to an investment industry increasingly 

interested in the potential of risk-factor diversification. This approach is increasingly 

being employed by industry practitioners; however, there is still a dearth of literature 

in this field. This thesis contributes to industry knowledge and provides further 

academic evidence highlighting the behaviour of this approach. 

A common theme throughout this thesis is the nuanced performance of risk-factor 

diversification. Whether it is in the realm of performance, correlation, or predictability, 

practitioners would be well informed to look beyond the headline performance figures 

to better understand the idiosyncratic features of this investment approach. 
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Appendix A. Portfolio weights 
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Continued from previous page 
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Appendix B. Bivariate Normal Distribution Exceedance 

Correlation 

Let 𝑋 = (𝑥, 𝑦)~ 𝑁(0, Σ), where Σ has unit variances and unconditional correlation ρ. 

The exceedance correlation of x and y conditional on x < c and y < c is given by 

�̆�(𝑐𝑖) = 𝑐𝑜𝑟𝑟(𝑥, 𝑦|𝑥 < 𝑐, 𝑦 < 𝑐; 𝜌) 

�̆�(𝑐𝑖) =
𝑐𝑜𝑣(𝑥, 𝑦|𝑥 < 𝑐, 𝑦 < 𝑐)

√𝑣𝑎𝑟(𝑥|𝑥 < 𝑐, 𝑦 < 𝑐)𝑣𝑎𝑟(𝑦|𝑥 < 𝑐, 𝑦 < 𝑐)
 

Following Ang and Chen (2002), the variance and covariance of x and y can be written 

in terms of the moments 𝑚𝑖𝑗 = 𝐸(𝑥𝑖𝑦𝑗|𝑥 < 𝑐, 𝑦 < 𝑐) as 

𝑣𝑎𝑟(𝑥|𝑥 < 𝑐, 𝑦 < 𝑐) = 𝑚20 −𝑚10
2  

𝑣𝑎𝑟(𝑦|𝑥 < 𝑐, 𝑦 < 𝑐) = 𝑚02 −𝑚01
2  

𝑎𝑛𝑑 𝑐𝑜𝑣(𝑥, 𝑦|𝑥 < 𝑐, 𝑦 < 𝑐) = 𝑚11 −𝑚10𝑚01 

Let L(c) equal the cumulative density of the truncated bivariate normal distribution 

𝐿(𝑐) =
1

2𝜋√1 − 𝜌2
∫ ∫ exp(−

1

2(1 − 𝜌2)
(𝑥2 − 2𝜌𝑥𝑦 + 𝑦2))𝑑𝑥

𝑐

∞

𝑑𝑦
𝑐

∞

 

The first and second moments are then expressed as 

𝐿(𝑐)𝑚10 = 𝜓(𝑐; 𝜌) + 𝜌𝜓(𝑐; 𝜌) 

𝐿(𝑐)𝑚01 = 𝜓(𝑐; 𝜌) + 𝜌𝜓(𝑐; 𝜌) 

𝐿(𝑐)𝑚20 = 𝐿(𝑐) − 𝜒(𝑐; 𝜌) − 𝜌2𝜒(𝑐; 𝜌) 

𝐿(𝑐)𝑚02 = 𝐿(𝑐) − 𝜒(𝑐; 𝜌) − 𝜌2𝜒(𝑐; 𝜌) 

𝑎𝑛𝑑 𝐿(𝑐)𝑚11 = 𝜌𝐿(𝑐) + 2𝜌𝑐𝜓(𝑐; 𝜌) − Λ(𝑐; 𝜌) 
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Where ψ(.), Λ(.) and χ(.) are given by 

𝜓(𝑐; 𝜌) = −𝜙(𝑐)Φ(
𝑐 − 𝜌𝑐

√1 − 𝜌2
) 

Λ(𝑐; 𝜌) = −
√1 − 𝜌2

√2𝜋
𝜙(

√2𝑐2 − 2𝜌𝑐2

√1 − 𝜌2
) 

𝑎𝑛𝑑 𝜒(𝑐; 𝜌) = −𝑐𝜓(𝑐; 𝜌) + 
𝜌

(1 + 𝜌2)
Λ(𝑐; 𝜌) 

and ϕ(.) is the standard normal probability density function and Φ(.) is the standard 

normal cumulative density function. 

L(.) is solved for numerically using Matlab. 
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Appendix C. Comparison of Investor Utility (γ=1) 

 
 

This table reports utility gains for an investor employing the competing forecast models rather 

than the sample estimate forecasts for the out-of-sample period from December 1977 to 

December 2012. The details and abbreviations for the economic variables are summarised in the 

data section of this study. The utility gain is the equivalent annual fee that a mean-variance 

investor with a risk-aversion co-efficient of 1 would be willing to pay to employ the forecast 

model. The average denotes the arithmetic average of utility gains across economic variable 

models for each risk-factor investment. Negative values indicate that the economic variable 

model reduces utility relative to the sample estimate forecast model. Panel A reports results for 

the single economic variable forecasts. The details and abbreviations for the variables are 

summarised in the data section of this study. Panel B reports results for the combination 

forecasting models. 

 

Annualised Utility Gains

Market Mom. Size Value Credit Term Diversified

Panel A: Return Forecasts based on Individual Economic Variables

D/P -2.56 -4.25 -6.11 -0.09 1.41 -26.55 -200.09

D/Y -0.98 -3.22 -7.20 -0.27 0.75 -26.23 -208.13

E/P -4.58 2.20 -6.28 -6.85 -15.84 -22.51 -147.68

D/E -8.65 -34.26 -4.65 -20.35 -70.58 -43.99 -310.40

SVAR -53.68 8.94 -4.21 -27.52 -21.15 -14.43 -84.38

B/M -15.75 -14.12 -7.31 -5.27 -2.60 -11.57 -85.95

NTIS -1.04 -8.32 -3.30 -5.34 3.31 -14.02 -17.86

TBL -5.40 -18.41 -3.74 -3.66 -4.99 -136.94 -212.39

LTY -15.44 -28.77 -7.26 -20.77 0.70 -100.80 -312.48

LTR -5.18 -1.52 1.18 -1.09 -35.53 -20.40 -19.74

TMS -2.79 -6.57 0.02 -4.54 -6.81 -50.92 -71.62

DFY -14.34 6.18 3.88 -0.48 -52.44 -9.92 -61.94

DFR -10.73 -10.36 -7.52 -12.18 -43.11 -8.70 -84.42

INF -4.48 -9.21 -1.87 -0.54 -7.48 -25.68 -32.41

Average -10.40 -8.69 -3.88 -7.78 -18.17 -36.62 -132.11

Panel B: Return Forecasts based on Combination Forecasts

Mean 3.02 2.06 3.34 4.60 1.76 -18.36 -40.46

Median 2.01 0.72 0.83 3.13 1.72 -16.47 -28.49

Trimmed Mean 3.74 -0.31 2.18 5.28 1.16 -16.22 -37.43

DMSPE θ=0.9 7.87 4.37 7.53 9.55 5.34 -14.12 -23.74

DMSPE θ=1.0 4.23 3.26 5.67 5.99 3.02 -16.15 -38.99

Average 4.17 2.02 3.91 5.71 2.60 -16.27 -33.82
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Appendix D. Comparison of Investor Utility (γ=5) 

 
 

This table reports utility gains for an investor employing the competing forecast models rather 

than the sample estimate forecasts for the out-of-sample period from December 1977 to 

December 2012. The details and abbreviations for the economic variables are summarised in the 

data section of this study. The utility gain is the equivalent annual fee that a mean-variance 

investor with a risk-aversion co-efficient of 5 would be willing to pay to employ the forecast 

model. The average denotes the arithmetic average of utility gains across economic variable 

models for each risk-factor investment. Negative values indicate that the economic variable 

model reduces utility relative to the sample estimate forecast model. Panel A reports results for 

the single economic variable forecasts. The details and abbreviations for the variables are 

summarised in the data section of this study. Panel B reports results for the combination 

forecasting models. 

 

 

Annualised Utility Gains

Market Mom. Size Value Credit Term Diversified

Panel A: Return Forecasts based on Individual Economic Variables

D/P -0.50 -0.82 -1.25 0.03 0.27 -5.27 -39.75

D/Y -0.18 -0.62 -1.47 -0.01 0.15 -5.21 -41.41

E/P -0.92 0.50 -1.28 -1.34 -3.11 -4.46 -28.87

D/E -1.72 -6.72 -0.96 -4.04 -14.02 -8.81 -61.04

SVAR -10.72 1.79 -0.85 -5.50 -4.26 -2.91 -16.10

B/M -3.15 -2.79 -1.52 -1.06 -0.53 -2.29 -17.30

NTIS -0.24 -1.63 -0.66 -1.06 0.65 -2.86 -3.61

TBL -1.06 -3.65 -0.72 -0.71 -0.98 -27.28 -41.16

LTY -3.05 -5.69 -1.45 -4.10 0.14 -20.05 -61.16

LTR -1.05 -0.33 0.22 -0.25 -7.13 -4.06 -4.11

TMS -0.56 -1.32 0.02 -0.93 -1.34 -10.12 -13.75

DFY -2.88 1.29 0.76 -0.08 -10.48 -1.99 -11.95

DFR -2.14 -2.09 -1.50 -2.46 -8.62 -1.73 -17.00

INF -0.90 -1.83 -0.37 -0.10 -1.47 -5.12 -5.97

Average -2.08 -1.71 -0.79 -1.54 -3.62 -7.30 -25.94

Panel B: Return Forecasts based on Combination Forecasts

Mean 0.61 0.44 0.66 0.93 0.36 -3.65 -7.61

Median 0.40 0.16 0.16 0.65 0.34 -3.27 -5.33

Trimmed Mean 0.75 -0.04 0.43 1.07 0.24 -3.22 -7.08

DMSPE θ=0.9 1.57 0.90 1.49 1.91 1.08 -2.80 -4.47

DMSPE θ=1.0 0.85 0.68 1.12 1.21 0.61 -3.21 -7.46

Average 0.83 0.43 0.77 1.15 0.53 -3.23 -6.39
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Appendix E. Comparison of Portfolio Turnover 

 
This table presents monthly one-way portfolio turnover for the five combination forecasting 

techniques and the naïve forecasting model for the period December 1977 to December 2012.  

  

Weighting Scheme Market      Momentum Size Value Credit Term       Diversified

Naïve 0.025 0.034 0.037 0.045 0.107 0.055 0.199

Mean 0.107 0.156 0.157 0.184 0.674 0.240 0.759

Median 0.114 0.089 0.144 0.199 0.468 0.204 0.609

Trimmed Mean 0.087 0.127 0.138 0.159 0.555 0.207 0.637

DMSPE θ=0.9 0.110 0.160 0.170 0.186 0.693 0.218 0.769

DMSPE θ=1.0 0.108 0.163 0.169 0.191 0.711 0.233 0.787
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