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Abstract 

What factors explain the variation of returns of Public Private Partnerships (PPPs)?  

This question relating to infrastructure financing is important for governments, investors 

and public policy analysts.  However, prior research in the field of finance has paid 

scant attention to understanding this facet of PPPs.  By employing a ‘general to specific’ 

research approach this thesis addresses the paucity of work on the factors that explain 

the variation of returns for both debt and equity of PPPs in Australia.  

The ‘general to specific’ approach first identifies the factors that explain the variation of 

returns in Australia’s bond and equity markets.  After the systematic risk factors are 

identified, their ability to meaningfully capture the variation of PPP returns is examined.  

As a result, this thesis presents five empirical chapters, three examining the Australian 

market in general and two examining the specific risks and returns of PPPs to finance 

infrastructure.   

The first and second empirical chapters consider the systematic risks that may explain 

first, Australian bond market, and, second, PPP bond returns.  This study provides 

evidence that term, default and liquidity are systematic risk factors which are important 

in explaining the common variation of both Australian bond returns and PPP fixed 

interest securities.  The findings suggest that the term, default and liquidity systematic 

risk factors can be efficiently used for practical applications.  These include, calculating 

the cost of debt, performance evaluation, and the hedging of the underlying risks in 

bond portfolios. 

The third, fourth and fifth empirical chapters consider systematic risk factors and the 

role of liquidity first, in the Australian equity market and second, in PPP equity returns.  

The third empirical chapter explores the ability of conditional and unconditional asset 

pricing models to capture the cross-section of Australian equity returns.  This thesis 

finds that while the asset pricing models identified are able to explain a high proportion 

of the variation of equity returns historically, they provide poor predictions for future 

equity returns.  This finding has implications for calculating the cost of equity and 

allowable returns for investments.   
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The fourth empirical chapter examines the interaction between Australian equity 

returns, liquidity and idiosyncratic risk.  Asset pricing theory states that idiosyncratic 

risk possesses no pricing information.  However, empirical research has identified a 

negative relationship between idiosyncratic risk and returns.  The fourth empirical 

chapter discovers that liquidity biases are the transmission mechanism of the observed 

relationship between idiosyncratic risk and returns.  This finding highlights the 

importance of liquidity in explaining Australian equity returns.   

The fifth and final empirical chapter examines both the systematic and idiosyncratic risk 

of Australian PPPs listed on the Australian Securities Exchange (ASX).  The findings 

reveal that PPPs exhibit relatively high levels of idiosyncratic risk.  Furthermore, 

idiosyncratic risk of Australian PPPs is time-varying, with the lowest period of 

idiosyncratic risk occurring at the construction phase and the highest idiosyncratic risk 

being observed at the commencement of the operations phase.   

Overall, this thesis identified systematic risk factors that explain Australian bond and 

equity returns.  Furthermore, this thesis highlighted the importance of liquidity as the 

transmission mechanism of idiosyncratic risk in Australian equity returns.  This thesis 

contributes to our understanding of infrastructure financing by providing a framework 

to examine the asset returns of PPPs and, more generally, Australian stock and bond 

returns.  This thesis contributes empirical insights to the Australian asset pricing 

literature. 
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Chapter 1 Introduction 
 

1.1 Overview and Rationale 

What factors explain the returns of Public Private Partnerships (PPPs)?  This thesis 

seeks to answer this question.  A PPP is defined by Infrastructure Australia (2008a) as:  

“a long-term contract between the public and private sectors where 

government pays the private sector to deliver infrastructure and related 

services on behalf, or in support, of government’s broader service 

responsibilities.” [p.3] 

The first Australian PPP was the Sydney Harbour Tunnel in New South Wales, which 

began operations in 1992.1  The changing view of the appropriate role of government in 

the economy has resulted in several major policy shifts in Australia.  Giorno (2011) 

argues that since the 1980s these shifts include the privatisation of government owned 

enterprises and the contracting out of service provision in areas traditionally within the 

remit of Australian governments.  PPPs represent another component of this policy 

shift. 

Since the Sydney Harbour Tunnel PPP opened in 1992, a further 126 PPPs in all 

Australian jurisdictions have been entered into according to Infrastructure Australia 

(2013a).  Furthermore, Infrastructure Australia (2013b) identifies a further seven PPPs 

were seeking investors as at December 2012.  This evidence of the widespread adoption 

of PPPs in Australia indicates that they are generally accepted as a policy instrument to 

provide infrastructure and services.  However, since 2005 a number of large Australian 

PPPs have encountered construction difficulties, cost overruns and extremely poor 

investor returns.2  It is this recent history of high profile financial failure that exposes a 

1 Quiggin (2005). 
2 Some evidence of PPP failures in New South Wales, include the Cross City Tunnel, the Lane Cove Tunnel and 
Reliance Rail.  Barlow (2006) reports that the Cross City Tunnel entered receivership with debts of more than $560 
million.  O’Sullivan (2010) reports that the Lane Cove Tunnel entered into receivership with debts of $1.1 billion.  
Saulwick (2012) reported that the Reliance Rail project required the New South Wales Government to provide $175 
million in equity funding in order to prevent the project from collapsing.  In Queensland, Lee and Ahmed (2011) 
report that Rivercity Motorways entered receivership in February 2011 owing more than $1.1 billion.  In Victoria 
recent project failures include the Wonthaggi desalination project and Ararat Prison.  According to Schneiders 
(2012), the Wonthaggi desalination project was delivered one year late costing Leighton (the builders) A$500 
million.  Carter (2012) reports that after failing to secure $150 million in extra financing, the builder of the Ararat 
Prison PPP entered receivership.   

                                                           



lack of understanding of the risks and returns of PPPs.  This paucity of research 

motivates the empirical work in this thesis.   

To answer this thesis’ central research question, a general to specific approach is 

employed within the empirical studies of this thesis.3  This approach examines the 

ability of asset pricing models to explain the variation of returns generally within the 

Australian market first.  Once the ability of these models to explain the variation of 

Australian bond and stock returns is determined, this thesis then applies these asset 

pricing models to examine the variation of returns of PPPs.  This approach is adopted in 

this thesis as it allows the application of asset pricing theory to explain what drives 

Australian PPP debt and equity returns.  

The general to specific research approach employed in this thesis is a widely accepted 

approach in practice.  Studies employing this methodology include Fama and French 

(1997) and Ragunathan, Faff and Brooks (2000).  These studies apply the Fama and 

French (1993) three-factor model and the CAPM, respectively, to determine estimates 

for industry cost of capital.  The adoption of this methodology precipitates the 

development of five empirical studies in this thesis.  Three of these empirical studies 

examine the ability of asset pricing models to explain the variation of returns in 

Australian capital markets on a general basis.  Whilst, two empirical studies develop a 

specific PPP focus.   

A graphical summary of the general to specific research approach is presented in Figure 

1-1 below.  The three general research questions in this thesis (empirical chapters one, 

three and four) examine the Australian market as a whole.  These three empirical 

chapters provide a basis for the two PPP specific research questions (examined in the 

second and fifth empirical chapters).  The conclusions drawn in the second and fifth 

empirical chapters assist in developing our understanding of the factors that explain PPP 

returns in Australia.   

3 When this thesis employs the term ‘general to specific approach’, the use of this terminology does not refer to the 
methodology employed to determine the specification of econometric models.  For further information on the 
econometric approach, refer to Hoover and Perez (1999).  The general to specific approach in this thesis applies 
theoretical and empirical asset pricing models developed to explain portfolio returns to PPPs.   
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Figure 1-1 The general to specific approach research questions 

 

1.2 Key Research Questions 

Prior research on PPP risks and returns has ignored the application of asset pricing 

theory.  It is this paucity of research that motivates the empirical chapters of this thesis.  

As PPPs are commercial structures, their capital structure includes both debt and equity.  

For any study of the factors that explain the variation of PPP returns to be 

comprehensive, there is a need to examine the factors that explain the variation of 

returns of both debt and equity issued by PPPs.  However, difficulties arise in Australia, 

as there is a paucity of empirical studies that identify the systematic risk factors that 

explain the variation of Australian debt returns.  The first research question represents 

the first of the general research questions within this thesis and asks, what systematic 

risk factors explain Australian bond returns?  In order to answer this question, we 

examine the systematic risk literature of the U.S. bond market.   

The second research question examines the systematic risk factors that explain the 

variation of Australian PPP bond returns.  This second research question applies the 

systematic risk factors identified in a general Australian market context in the first 

empirical chapter and examines their ability to explain the returns of bonds issued by 

PPPs.  This research is important as it will highlight, for the first time, which factors 

explain the variation of returns of PPP debt.   
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The third research question shifts the focus from Australian debt markets to Australian 

equity markets.  This chapter will examine the ability of conditional and unconditional 

versions of asset pricing models to explain the variation of historical equity returns.  

Furthermore, no prior research has compared the ability of contemporary asset pricing 

models to predict future returns in an Australian setting.  This chapter will address this 

paucity of research by examining the ability of asset pricing models to predict equity 

returns one month ahead.  The empirical findings in this Chapter inform the debate as to 

the appropriate asset pricing model that the best explains Australian equity returns.   

The fourth research question of this thesis investigates the interaction between liquidity 

and the pricing ability of idiosyncratic risk in Australia.  The work of Ang, Hodrick, 

Xing and Zhang (2006, 2009) and Gharghori, See and Veeraraghavan (2011) 

demonstrate that there is a negative relationship between idiosyncratic risk and returns 

in Australia.  More recent research in the U.S. by Han and Lesmond (2011) suggests 

that this negative relationship may be the result of liquidity biases influencing the 

estimation of idiosyncratic risk.  This proposition has not been tested in Australia.  

Therefore, the fourth research question of this thesis is, does idiosyncratic risk possess 

pricing ability in Australia once liquidity biases are corrected? 

The fifth and final research question investigates PPP equity returns.  More specifically, 

this thesis examines the ability of systematic and idiosyncratic risk to explain PPP 

returns.  This research is a contribution to the literature as it quantifies for the first time, 

the risks that explain the variation of Australian PPP equity returns.  Furthermore, this 

empirical research identifies, for the first time, that the idiosyncratic risk is highest at 

the commencement of a PPP’s operations phase.  

1.3 Thesis Structure and Research Description 

This section of this chapter will outline the structure of the thesis.  Chapter Two begins 

with a review of the literature.  This chapter will provide the context for the empirical 

chapters in this thesis.  The literature review in Chapter Two will examine the existing 

body of work on asset pricing theory as well as include a discussion of the prior 

scholarly literature on Public Private Partnerships (PPPs).   

Chapter Three is the first empirical study which employs a three-factor bond pricing 

model to demonstrate that the term, default and liquidity systematic risk factors is able 
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to explain the common variation of Australian bond returns.  This is an original 

contribution as this study finds, for the first time, that the systematic risk factors in the 

three-factor model are robust in explaining the variation of bond returns regardless 

whether bond portfolio characteristics are formed by credit rating and/or duration.  

These findings confirm that systematic risk factors in U.S. bond returns are also 

important determinants in the empirical pricing of Australian bonds. 

Having determined that the term, default and liquidity systematic risk factors are 

important in explaining the common variation of Australian bond returns we then turn 

to specifically examine PPP bond returns.  Chapter Four is the second empirical chapter 

which examines the ability of term, default and liquidity systematic risk factors in 

explaining the variation of returns for bonds issued by Australian PPPs.  This study is 

an original contribution as it demonstrates, for the first time, that the term, default and 

liquidity systematic risk factors are robust in explaining the variation of returns of PPP 

bonds.  Furthermore, this chapter demonstrates that the systematic risk factors in the 

three-factor bond asset pricing model are robust in explaining the variation of bond 

returns regardless of where the PPP derives its revenue.4  The findings of this chapter 

demonstrate that there are no excess returns to be gained by purchasing Australian PPP 

bonds in the secondary market.   

Chapter Five presents the third empirical chapter which examines the ability of 

conditional and unconditional versions of asset pricing models to explain and predict 

the variation of Australian equity returns.  This chapter is a general analysis of 

systematic risk and Australian equity returns.  This study employs the Giacomini and 

White (2006) conditional predictive ability test and the Root Square Mean Forecast 

Errors, consistent with Simin (2008), to identify the best performing forecasting model.  

This chapter is an original contribution to the literature as the findings reveal for the 

first time, that Australian asset pricing models are efficient at explaining the variation of 

ex-post equity returns, however, they are poor predictors of future equity returns.  This 

finding has implications for pension funds, governments and public policy.  

Furthermore, this thesis identifies no excess return to be gained by purchasing PPP 

4 There are two main revenue sources for PPPs, in the first, PPPs charge the end users of the infrastructure, the most 
common example of this in Australia is a toll road.  The second major revenue source for a PPP is a government 
payment for the infrastructure facilities provided by the PPP.  In Australia hospitals, schools and roads have been 
provided in this manner.   
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equities in the secondary market.  This study has broad implications for capital 

budgeting in Australia.   

Chapter Six examines the interaction between liquidity, idiosyncratic risk and returns.  

This chapter is a general study of the pricing ability of idiosyncratic risk in the 

Australian equity market.  Asset pricing theory, which includes the Capital Asset 

Pricing Model (CAPM), Ross (1976)’s Arbitrage Pricing Theory (APT) and Fama and 

French (1993) all state that there is no reward for investors for bearing idiosyncratic 

risk.  The work of Ang, Hodrick, Xing and Zhang (2006, 2009) and Gharghori, See and 

Veeraraghavan (2011) challenge this notion and demonstrate that there is a negative 

relationship between idiosyncratic risk and returns in Australia.  More recent research in 

the U.S. by Han and Lesmond (2011) suggests that this negative relationship may be the 

result of liquidity biases influencing the estimation of idiosyncratic risk.  This 

proposition by Han and Lesmond (2011) has not been tested in Australia.  This chapter 

is an original contribution to the literature as it demonstrates for the first time, in an 

Australian context that when liquidity biases are accounted for, there is no relationship 

between realised idiosyncratic risk and subsequent returns.  This finding builds upon the 

growing body of literature on the important role of liquidity in Australian asset pricing.   

The fifth and final empirical chapter of this thesis, Chapter Seven, examines the 

systematic and idiosyncratic risk of Australian PPPs listed on the Australian Securities 

Exchange (ASX).  The study provides three major original contributions to the 

literature.  First, this chapter demonstrates that the Fama and French (1993) three-factor 

model can explain the variation of a portfolio of PPP equity returns in Australia.  

Second, this chapter isolates the time-varying idiosyncratic risk of Australian PPPs.  As 

a result, this chapter is able to document, for the first time, the time-variation of 

idiosyncratic risk of PPPs.  Finally, this chapter is the first to examine the whether the 

idiosyncratic risk of PPPs is driven by changes in project risk, or whether they are the 

result of changes in liquidity of the PPP’s share price.  Chapter Seven demonstrates that 

the idiosyncratic risk of PPPs is at its highest levels at the commencement of the 

operations phase which occurs immediately following the construction phase.   

Chapter Eight concludes this thesis.  This chapter provides a synopsis and presents the 

main conclusions of the thesis.  Furthermore, the limitations and suggested areas for 

further research are discussed.    
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Chapter 2 Literature Review 
 

2.1 Introduction 

This thesis aims to identify the factors that explain the returns of Public Private 

Partnerships (PPPs).  As such, this chapter provides a review of the PPP and asset 

pricing literature.  This review will be presented in four major sections.  The first will 

review the existing scholarly literature regarding PPPs.  This section identifies the 

current gaps in knowledge that motivate the approach of this study.  Furthermore, this 

section describes the general to specific research approach that is central to the analysis 

in this thesis.   

Following Section 2.2, Section 2.3 provides a review of the existing literature concerned 

with the factors that explain the variation of returns in the bond market.  This section 

identifies that there is little research attention given to the factors that explain the 

variation of returns in the Australian bond market.  This paucity of research needs to be 

addressed before any analysis of the factors that explain the variation of PPP returns can 

be conducted.  As such, Section 2.3 provides motivation for the first empirical chapter, 

a general examination of the factors that explain the variation of Australian bond 

returns.  Furthermore, the research in Section 2.3 guides the research for the second 

empirical chapter which is an analysis of the factors that explain the variation of PPP 

bond returns in Australia.   

Section 2.4 will shift the focus of the literature review from bond markets to the asset 

pricing of equity markets.  One of the central tenets of financial economics, the theory 

that endeavours to explain asset prices is, far from settled.  The diversity of asset pricing 

models, as well as how these models and supporting theories have developed is 

examined.  This section will develop the motivations for the research questions 

examined in the third and fifth empirical chapters.   

Section 2.5 will examine the prior research into the information content of idiosyncratic 

risk.  The research in this section will consider the contradictions between asset pricing 

theory and empirical evidence.  The review identifies that there is no Australian study 

that has examined the interaction between liquidity, idiosyncratic risk and returns, 

providing a motivation for the fourth empirical chapter of this thesis.  The general 
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analysis conducted in the fourth empirical chapter motivates the fifth and final empirical 

chapter of this thesis which examines the idiosyncratic risk of PPPs in Australia.   

The final section of this literature review, section 2.6 will provide a synthesis of the 

literature presented in this chapter.  This synthesis will summarise the key research 

questions and motivations of this thesis.    

2.2 Public Private Partnerships 

This thesis examines the factors that explain the variation of returns for Public Private 

Partnerships (PPPs).  To date, PPP research has examined the historical perspective of 

PPPs, the motivation of governments to procure infrastructure through PPPs, risk 

allocation between governments and the private sector, value for money considerations, 

and issues related to infrastructure procurement through PPPs and an examination of the 

interest rate profile of PPP loans.5, 6, 7, 8, 9, 10  To date, there is no study which has 

examined the systematic risk factors that explain the variation of returns for PPPs in 

Australia or around the world.  This gap in the literature motivates the research question 

of this thesis.   

In order to examine the returns of a PPP we must first review the capital structure of a 

PPP.  PPPs are private sector entities which are funded by a combination of debt and 

equity.  Spackman (2002) argues that the typical capital structure of a PPP comprises 

approximately 90% debt and 10% equity.  For smaller PPPs, according to Spackman 

(2002), the debt is provided by bank loans, some with a term of up to 25 years.  For 

larger PPPs, Spackman (2002) identified a move to finance the debt contribution by the 

issuance of bonds.   

It follows that in order to identify the factors that explain the variation of returns for 

PPPs, we need to understand the factors that explain the variation of returns for bonds 

and stocks issued by PPPs.  As PPPs represent a subset of available investment 

5 For a discussion on the history of PPPs refer to Spackman (2002) and Broadbent and Laughlin (2003).   
6 For discussion of risk allocation in PPPs see Quiggin (2005), Brown (2005) and Davis (2005). 
7 PPPs and Value for Money has been examined by Grimsey and Lewis (2005), Grout (1997), Hodge (2004) and 
Hodge and Greve (2007) and Burger and Hawkesworth (2011).  
8 For a review of the economic motivations for governments to enter into PPPs, refer to Hart, Shleifer and Vishny 
(1997) and Hart (2003).  Furthermore, the work of Hammami, Ruhashyankiko and Yehoue (2006) examine the 
factors that are common for governments that procure infrastructure through PPPs.   
9 Mustafa (1999), Zhang (2005) and Flyvbjerg (2009) review the practical implication of PPPs and discuss options 
for improvement in the process.   
10 Blanc-Brude and Strange (2007) and Sorge (2004) examine the interest rate profile of PPP loans and project 
finance loans, respectively.   
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opportunities we must turn our attention to one of the most hotly contested areas of 

finance theory, the study of the theory of asset pricing.  This literature review will 

examine the prior research on asset pricing and discuss how this literature is relevant to 

the development of our understanding of the factors that explain the variation of PPP 

returns.   

The next section will discuss the existing section of the literature review will examine 

the prior research on the factors that explain the variation of bond returns.  This is 

important for informing the research of the factors that explain the variation of PPP debt 

returns.  Furthermore, this review provides the motivation for the research conducted in 

the first empirical Chapter of this thesis.   

2.3 Bond Returns  

This section of the literature review is important for informing the research questions 

and motivation for Chapters Three and Four of this thesis.  Chapter Three of this thesis 

examines the systematic risk factors that explain the variation of returns of Australian 

bond portfolios.  Following the general to specific approach within this thesis, Chapter 

Four will then examine whether the systematic risk factors identified in Chapter Three 

are efficient in explaining the variation of returns of bonds issued by PPPs.  To provide 

a context for the research questions examined in Chapters Three and Four, this section 

will examine the asset pricing literature in bond returns.   

Determinants of Bond Returns 

The research on the determinants of expected bond returns is relatively recent, 

compared to the highly developed literature in equity markets.  According to Eom, 

Helwege and Huang (2004), this is due to the lack of reliable bond price data, which has 

only recently become available.  Despite the lack of testable data, two distinct 

competing theories have emerged to explain the determinants of expected bond returns.  

The first, comprises of structural debt models which assume debt can be priced as an 

option on the assets of the firm.  The second, assumes that systematic risk factors 

explain the variation of bond returns. 

 

Structural Debt Models 
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The first structural debt pricing model was developed by Merton (1974) which 

employed the contingent claims analysis of Black and Scholes (1973) to estimate the 

price of risky debt.  Further developments in structural debt models have been 

developed by Black and Cox (1976), Leland (1994) and Leland and Toft (1996).  

Despite the increasing realism of structural debt models, their ability to explain bond 

expected returns has not improved.  Furthermore, Collin-Dufresne, Goldstein and 

Martin (2001) found that changes in corporate bond yield spreads were influenced by a 

systematic risk factor.  Furthermore, the work of King and Khang (2005) discovered 

that after the structural debt factors are controlled for, systematic equity risks are weakly 

related to bond yields.  With evidence that systematic risk factors are able to explain the 

expected returns of bonds, it can be concluded that structural debt models exhibit an 

empirical weakness.  As a result, this thesis will follow the literature on systematic risk 

factors and bond returns to examine the factors that explain the variation of PPP bond.   

Systematic risk and bond returns 

Systematic risk factors have been employed in the literature to explain the yield spreads 

and the variation of bond returns.  These two very different applications (i.e. yield 

spreads versus bond returns) will be examined in this literature review which informs 

the research questions for Chapter Three and Chapter Four of this thesis.  We begin 

with the systematic risk literature which has been employed to explain bond yields.   

The first study to develop and operationalise the determinants of expected bond returns 

into a systematic risk model was the seminal work of Fama and French (1993).  The aim 

of Fama and French (1993) was to examine whether bond returns can be explained by 

five common factors.  The first three were Fama and French (1993)’s three-factor 

model, which were market, size and book-to-market factors.  In addition to the equity 

market factors, Fama and French (1993) included two bond market factors.  These were 

the term and default factors.  The term factor is the difference between the returns of a 

long-term government bond portfolio and short-term interest rates.  Term is a proxy for 

bond returns as a result of the changing shape and slope of the yield curve.  The default 

factor is the difference in returns of a portfolio of long-term corporate bonds and long-

term government bond return.  Fama and French (1993) described the default factor as a 
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proxy for the market’s default expectations.  Fama and French (1993) found that these 

two factors were effective at explaining the variation of U.S. bond portfolio returns.11   

The ability of the Fama and French (1993) bond factors to explain cross-sectional bond 

returns was examined in Gebhardt, Hvidkjaer and Swaminathan (2005).  The work of 

Gebhardt et. al., (2005) found that the Fama and French (1993) default factor exhibits 

explanatory power in the cross-section of returns.  This explanatory power remains after 

bond characteristics are controlled for in this study.  Gebhardt et. al., (2005) found that 

after controlling for default and term factors, the yield-to-maturity of the bond still 

retains some explanatory power of excess returns.  One of the determinants of bond 

expected returns which is not addressed in Fama and French (1993) and Gebhardt et. 

al., (2005) is the concept of liquidity.   

Liquidity is the ease in which an asset can be bought or sold easily at its current market 

price and at low cost.  Amihud and Mendelson (1991) first demonstrated that investors 

in illiquid securities demand a higher return than for an equivalent security which is 

more liquid.  Subsequent contributions from Warga (1992) and Kamara (1994) have all 

supported the proposition that investors demand a higher return for holding illiquid 

securities.  In the most comprehensive examination of liquidity in U.S. bond markets, 

Chen, Lesmond and Wei (2007) found that illiquid bonds exhibit a higher yield to 

maturity and the changes in their liquidity proxy explain some of the variations in yield 

spreads.12  However, Chen et. al., (2007) did not examine liquidity as a systematic risk 

factor in a bond asset pricing framework.   

The concept of liquidity as a systematic risk factor in bond markets was introduced in 

Lin, Wang and Wu (2011).  To examine the impact of systematic liquidity risk on bond 

prices, Lin et. al., (2011) employed the term and default factors of Fama and French 

(1993) and developed a third systematic risk factor based on liquidity.  To develop the 

systematic risk factor, Lin et. al., (2011) employed the Pastor and Stambaugh (2003) 

11 An alternative approach to examining whether systematic risk factors are able to explain the yield spreads of bonds 
originated from Elton, Gruber, Agrawal, and Mann (2001).  In their seminal study, Elton et. al., (2001) demonstrate 
that taxes and bond default risk mask the ability of researchers to detect the influence of systematic risk factors on 
yield spreads.  Once these effects are removed, Elton et. al., (2001), discover that the equity risk factors in the Fama 
and French (1993) three-factor model are able to explain the change in bond yield spreads over time.  Despite this 
finding, there remained a large percentage of the yield spread unexplained.  This large unexplained component in of 
bond yield spreads has motivated researchers to examine alternative asset pricing models to explain the variation of 
bond returns.  We now examine the prior research of the ability of systematic risk factors to explain the variation of 
returns of bond portfolios.   
12 Fleming (2002), Longstaff, Mithal and Neis (2005) and Dreissen (2005) have all identified a significant liquidity 
premium in bond yield spreads.   
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methodology to calculate the innovations in liquidity.  When examining U.S. bond 

returns, Lin et. al., (2011) found that the liquidity risk factor as well as the Fama and 

French (1993) term and default factors are significant in explaining the variation of U.S. 

bond returns.  The research of Lin et. al., (2011) is important in motivating the research 

questions examined in Chapters Three and Four of this thesis.  Chapter Three of this 

thesis follows the work of Lin et. al., (2011) and develops a three-factor model to 

explain the variation of Australian bond returns.  Chapter Four applies this three-factor 

model to explain the variation of bond returns issued by PPPs in Australia.   

In comparison to the U.S. literature, there is a paucity of Australian studies examining 

the systematic risks of bonds and fixed interest.  There is no Australian study that has 

examined the ability of systematic risk factors to explain the variation of Australian 

bond returns.  Instead, the empirical literature in Australia has concentrated on three 

areas of interest.  These are an examination of Australian bond fund returns, the 

information content of credit ratings and credit/swap spread modelling.   

The first strand of Australian bond literature has examined bond fund performance.  The 

examination of Australia’s actively managed bond funds was conducted by Gallagher 

and Jarnecic (2002). This study found that actively managed Australian bond funds, on 

average, do not outperform the market index, and this evidence is consistent with prior 

research in the U.S. market.  On the basis of this evidence, Gallagher and Jarnecic 

(2002) concluded that the performance of Australia’s bond market is consistent with the 

Fama (1970) efficient markets hypothesis.   

The second area of research interest in the Australian bond literature is the information 

content of credit ratings.  Creighton, Gower and Richard (2007) observed a positive 

share and bond price reaction when credit ratings agencies announced an upgrade, or 

positive outlook for a company’s debt.  This effect is reversed when credit ratings 

agencies announced a downgrade, or negative outlook for a company’s debt.  However, 

Creighton et. al., (2007) observed that the price reactions were small, leading to the 

conclusion that the credit rating agencies do not introduce any new or private 

information into the Australian bond market. 

The third and final strand of Australian bond literature is the modelling of swap spreads 

and credit spreads.  Brown, In and Fang (2002), found that the Australian swap spread 

can be explained by the level and slope of the risk-free term structure.  Batten and 
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Hogan (2003) found that the Australian risk-free rate and the Australian asset value 

factor are the most important factors in explaining Australian credit spreads.13  Finally, 

Lepone and Wong (2009) examined the determinants of Australian credit spreads and 

found that the most important factors that explain credit spreads are spot rates and 

changes in the slope of the Australian yield curve.   

The review of the Australian literature reveals a paucity in bond asset pricing studies 

which presents difficulties for the central research question of this thesis.  There is no 

literature which has developed an Australian bond asset pricing model of systematic 

risk factors to explain the variation of PPP debt returns.  Therefore, the first empirical 

chapter of this thesis will employ the Lin et. al., (2011) three-factor model to explain 

the variation of Australian bond returns.  This research will develop the term, default 

and liquidity systematic risk factors for the Australian market and assess their ability to 

explain the returns for bond portfolios sorted on credit rating and duration.  This 

empirical study provides us with new insights to the systematic risk factors that explain 

the general behaviour of Australian bond returns.  Following this empirical chapter, 

Chapter Four will next examine the ability of the Lin et. al., (2011) model to explain the 

variation of Australian PPP bond returns.  This specific analysis of PPPs in an asset 

pricing framework has not been considered in the PPP literature.  Furthermore, this 

analysis will enable us to answer the central research question of this thesis of what 

explains the variation of PPP returns in Australia?   

2.4 Asset Pricing Theory 

We now proceed to review the asset pricing literature that explains the variation of PPP 

equity returns.  Following the general to specific approach, this thesis will first examine 

the existing asset pricing literature that explains the common variation of equity returns.  

This section will discuss the development of asset pricing models from the 

unconditional Capital Asset Pricing Model, Arbitrage Pricing Theory, the Fama and 

French (1993) and Carhart (1997) asset pricing models and includes a discussion of 

conditional asset pricing models.  The review of equity asset pricing literature is 

important because it informs and motivates Chapters Five, Six and Seven which answer 

13 Longstaff and Schwartz (1995) find that corporate bond spreads are driven by two factors, the asset value factor 
and the interest rate factor.  Longstaff and Schwartz (1995) state that the asset value factor is the return on the 
underlying assets of the company and the interest rate factor is the underlying risk free interest rate. 
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central research question of this thesis, of what explains the variation of PPP equity 

returns in Australia?14 

2.4.1 Capital Asset Pricing Model 

The Capital Asset Pricing Model (CAPM) is based on the theory of portfolio choice 

developed by Markowitz (1952, 1959).  Markowitz (1952) focused on the optimal 

behaviour of an investor when selecting a portfolio of assets.  Markowitz (1952) 

introduced the idea that an investor is interested in maximising the expected value of a 

portfolio, subject to the variance of the portfolio.  This effectively allowed for the 

identification of mean-variance (MV) efficient portfolios, otherwise known as the 

efficient frontier.  This is constructed by analysing the expected means, variances and 

co-variances of the securities in the portfolio.  MV efficient portfolios are identified 

where there is no better combination of expected returns, variances and co-variances of 

assets that would result in the same expected return for the same variance. 

Markowitz (1952) stated that investors form their portfolios by minimising the expected 

variance of returns for a given level of expected return.  This means that investors will 

for a similar risk always select the portfolio with the higher expected return, and for 

similar expected return, the lowest risk.   

The work of Markowitz (1952, 1959) raises one major question.  If investors are 

rational, then why don’t they invest all their wealth in MV efficient portfolios?  Instead, 

it is observed that investors own large holdings of cash and risk-free assets which earn a 

low return compared to MV portfolios.  Tobin (1958) proves that risk averse investors 

will select assets whose returns are low when they desire to have their assets on call.  

Tobin’s (1958) research considers two assets, cash and government bonds.  Tobin 

(1958) showed that investors prefer to hold a risk-free cash asset even when the returns 

of this asset are low if this asset is more liquid than assets with a higher expected return.  

Tobin (1958) also shows that as returns on the risky asset increases, then so does the 

demand for the risk-free asset.   

Sharpe (1964) built on Markowitz’s and Tobin’s work of portfolio selection to develop 

a theory of asset pricing.  Sharpe (1964) developed a model that stated that an investor’s 

14 This thesis follows the traditional asset pricing literature in developing the research questions examining the 
systematic risk factors that explain PPP returns.  However, a more recent alternative approach has been developed 
that clusters firms together on the basis of their exposure to a common risk factors.  The work of Ross (1988) and 
Brown, Lajbcygier and Wong (2012) are examples of this approach.   
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utility was a function of their terminal wealth at a period in the future.  In a two-period 

model, the terminal wealth is a function of the expected return obtained from investing 

the initial wealth endowment in period one as well as the initial endowment.  If 

investors are rational utility maximisers, then they would seek to maximise their utility 

subject to their desired risk level.  This implies that economic agents invest in portfolios 

on the efficient frontier, as these are the MV efficient portfolios.   

Sharpe (1964) extended Markowitz (1952, 1959) by showing that if investors had 

access to a risk-free interest rate, then they could borrow and lend by setting a base rate 

of return in the economy.  Assuming that the market for investments is in equilibrium, 

then the inclusion of the risk-free asset collapsed the efficient frontier of investments to 

a straight line, creating the Capital Market Line, which represents the efficient 

investment frontier for investments with a risky portfolio and a risk-free interest rate or 

as Sharpe (1964) described it, the Pure Rate of Interest.   

Sharpe (1964) stated that if an investment offered a higher (lower) rate of return for a 

given level of risk than the Capital Market Line, then investors will invest in (sell) this 

asset, driving up (lowering) its price and lowering (increasing) its expected return until 

it is equal to the Capital Market Line.  Therefore, the Capital Market Line represents the 

returns available for given levels of systematic risk.  As a consequence, all 

compensation that is being received by investors is for the systematic risk borne as there 

is no compensation for non-systematic risk (i.e. idiosyncratic risk).   

A further contribution to the development of the CAPM came from the work of Mossin 

(1966).  In a general equilibrium model, with utility optimising investors, developed by 

Mossin (1966) showed that the slope of Sharpe’s Capital Market Line effectively 

represents the price to reduce investment risk.  Mossin’s (1966) work supports Sharpe’s 

postulation that the only risk investors are compensated for when investment markets 

are in equilibrium is systematic risk. 

The final piece of the CAPM puzzle was developed by Lintner (1965).  The work of 

Lintner (1965) demonstrated that investment markets in equilibrium exist when 

investors agree on both the expected returns and the variance of these returns at time t – 

1.  As a result, Lintner (1965) discovered that investment returns are governed by a risk-

free return and a risk premium.  The risk premium is determined by the correlation 

between the asset’s risk and the market’s risk.  Essentially, all risk is priced in 
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comparison to the total of other assets.  It is from this literature that the following 

CAPM equation was derived: 

  (2.1) 

where: 

 is the expected return of asset i; 

 is the expected risk-free rate; 

 is the measure of systematic risk of asset i; and, 

 is the expected market portfolio return. 

The CAPM proposed by Sharpe (1964), Lintner (1965) and Mossin (1966) was the first 

major step in explaining the behaviour of asset prices.  The CAPM assumes that 

investment markets are frictionless and asset returns are not affected by liquidity effects.  

Since its development in the 1960s, the CAPM has become the theoretical and empirical 

workhorse of asset pricing.  In subsequent sections of this study, evidence will be 

presented that will challenge this assumption, and require an empirical adjustment to 

asset pricing models to take these effects into account. 

2.4.2 Critique of the CAPM 

Ever since the CAPM was introduced there has been controversy whether it truly 

explains asset prices and returns.  One of the earliest studies by Black, Jenson and 

Scholes (1972) identified that CAPM regression tests of single stocks were inefficient.  

Furthermore, Black, Jenson and Scholes (1972) found that the residuals of the 

regressions are not cross-sectionally independent, which means that the combination of 

the estimated regression coefficients to obtain a ‘true’ estimate of the coefficient is a 

difficult procedure.  To resolve this problem Black, Jenson and Scholes (1972) tested 

the following CAPM equation employing portfolios of securities.   

 (2.2) 

where: 

 is the excess return of asset i; 
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 is the excess return of the market; 

 is the measure of systematic risk of asset i and, 

 is the regression intercept. 

The portfolios were devised by calculating the beta of the individual securities, then 

allocating these securities into decile portfolios on the basis of their beta.  After the 

allocation of the stocks, the beta of the portfolio is calculated using the same regression 

equation as above.15  Black, Jenson and Scholes (1972) were seeking to discover 

whether the  value was statistically insignificant, meaning that all returns are 

explained by the term  as postulated by the CAPM.  Instead Black, Jenson and 

Scholes (1972) found that values of  were consistently negative for portfolios where 

the estimated beta is greater than one and positive for portfolios where the estimated 

beta is less than one.  Whilst Black, Jenson and Scholes (1972) caution the use of the 

estimated t-statistics, due to the departure of the normality assumption in returns data, 

this work provides evidence that there are other factors not included in the CAPM that 

explain asset prices.  Fama and French (2004) highlight this research as one of the first 

empirical tests to demonstrate the limits of the CAPM, resulting in questions being 

asked as to its suitability to price assets. 

Further evidence of the CAPM’s limitations is provided by Basu (1977) and Banz’s 

(1981).  The work of Basu (1977) found that stocks with a low Price to Earnings (P/E) 

Ratio exhibit higher returns than expected given the underlying risk of the security.  

Banz (1981) discovered that companies with a small market capitalisation exhibited 

higher returns than what was predicted by the CAPM.   

The study of asset pricing anomalies was further extended in Fama and French (1992) 

which examined the ability of the CAPM to explain the cross-sectional variation in 

equity returns from 1941 to 1990.  Fama and French (1992) found that the size and the 

book-to-market value of equity are priced in the cross-section of equity returns.  

According to Fama and French (1996), this research suggests that other factors not 

correlated to the CAPM measure of systematic risk appear to have more explanatory 

power of average returns than market beta alone.  The evidence presented in these 

15 The methodology of sorting stocks into portfolios and estimating the systematic risk factor(s) of these portfolios 
introduced in Black, Jenson and Scholes (1972) is the methodological foundation of empirical asset pricing studies.  
As a result, this methodology is employed extensively in this thesis.   
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empirical studies has led to the conclusion that the CAPM performs poorly in 

explaining the variation of equity returns.   

Whilst many studies have challenged its empirical efficacy, a theoretical critique of the 

CAPM has been provided by Roll (1977).  The central question considered by Roll 

(1977) is what elements of the CAPM can be tested?  Roll (1977) argues that the CAPM 

assumes that that the market for investments includes every asset in the known universe.  

Furthermore, the CAPM assumes that the returns on these assets are observable.  

According to Roll (1977), this assumption is unrealistic.  As a result, investors are 

required to use samples of assets and assume that the behaviour of the sample represents 

the universe.  However, Roll (1977) contends that whilst a sample of assets can be MV 

efficient and consistent with the CAPM, there is no way of proving that the universe of 

assets is MV efficient.  Furthermore, Roll (1977) argues that any market portfolio proxy 

may not represent the true nature of the market portfolio.   

Essentially, the Roll (1977) critique questions whether the CAPM can be empirically 

test at all.  This does creates problems for researchers and practitioners seeking to 

employ the CAPM as a means to price risk.  However, Fama and French (2004) argue 

that research by Stambaugh (1982) on the market proxies tends to refute the Roll (1977) 

critique.  The work of Stambaugh (1982) found that the volatility of market returns is 

driven by the volatility of stock returns, even when increasing the definition of the 

market to include bonds and other investments.  This finding suggests that a market 

proxy based on observable stock market returns and variances is a representative sample 

of the total market.   

In the Australian setting, the anomalies identified by Basu, (1977), Banz (1981) and 

Fama and French (1992) have also been observed.  Brown, Keim, Kleidon, and Marsh, 

(1983) find the size effect exists in Australian equity returns.  The book-to-market and 

price earnings effects were first identified by Anderson, Lynch, and Mathiou (1990).  

Further work by Gharghori, Lee and Veeraraghavan (2009) has confirmed the existence 

of the size and book-to-market asset pricing anomalies in Australia as well as 

identifying the existence of the earnings-to-price and cash flow-to-price effect.  The 

existence of these asset pricing anomalies in Australia provides evidence that the 

CAPM is unable to efficiently explain the variation of Australian equity returns.   
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As a result, this thesis will examine more contemporary asset pricing models in order to 

answer the primary research question which is, what explains PPP returns?  The next 

section of this chapter will review arbitrage pricing theory as it is fundamental to the 

development of the asset pricing models examined in this thesis.   

2.4.3 Arbitrage Pricing Theory 

The empirical problems of the CAPM motivated Ross (1976) to propose a more 

representative model of asset pricing.  Ross (1976) proposed an asset pricing framework 

whereby asset prices fluctuate according to their sensitivity to various economic factors 

and random noise as shown below: 

 (i=1, 2, ... , n)  (2.3) 

where:  

 is the return of asset i; 

is the expected return of asset i; 

 is the sensitivity of asset i to the factor shock; 

 is the systematic factor that affects asset i’s return; and, 

 is the random noise affecting the price of asset i. 

Arbitrage Pricing Theory (APT) according to Roll and Ross (1980) is a very flexible 

model, in that it is valid in a static as well as intertemporal time setting.  APT is also 

able to be estimated in discrete or continuous time settings, which gives users 

tremendous freedom in the application of the model.  The robustness of the APT means 

it is capable of employing various factors to explain returns.  However, the primary 

shortcoming of the APT is the selection of factors employed to price assets as APT does 

not describe what factors to employ, as Ross (1976) does not identify the factors that 

explain asset returns.  Shanken (1992) views this as a problem, as there could be factors 

identified in the literature that exhibit mathematical significance but are not 

economically meaningful.   

The first attempt to empirically examine the pricing ability of Ross (1976)’s APT was 

performed by Roll and Ross (1980).  In an attempt to determine the number of 
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systematic risk factors that explain the variation of daily US security returns, Roll and 

Ross (1980) employ the principle components analysis methodology.  Interestingly, 

Roll and Ross (1980) found that there was a high probability that at least three factors 

explain U.S. security returns, with the possibility of a fourth explanatory variable.  

However, the Roll and Ross (1980) were unable to identify the factors, highlighting the 

major difficulty of the APT framework.   

Following from Roll and Ross (1980), the work of Chen, Roll and Ross (1986) sought 

to identify whether macroeconomic variables and their innovations can explain the 

variation of stock returns.  Chen et. al., (1986) employed five factors in an arbitrage 

pricing framework.  These factors were the monthly growth rate of industrial 

production, the change in expected inflation, unanticipated inflation, unanticipated 

change in the risk premium, the unanticipated change in the term structure and the 

yearly growth rate in industrial production.  Chen et. al., (1986) found that industrial 

production and changes in the risk premium were significant in explaining stock returns, 

but also noted that it is possible that other variables not tested could explain stock 

returns as well, if not better. 

APT has been examined in an Australian context in Faff (1988) and Groenewold and 

Fraser (1997).  The work of Faff (1988) found mixed support for the APT in the 

Australian equities markets.  Faff (1988) found that up to three factors are priced cross-

sectionally in the Australian market.  However, Faff (1988) argues it is impossible to 

confirm whether these factors outperform the CAPM in explaining Australian equity 

returns.  These findings by Faff (1988) were supported by the subsequent work of 

Groenewold and Fraser (1997).   

APT provides a theoretical basis for all asset pricing models that employ more than one 

factor to explain the variation of asset returns.  As a result, this theory is the basis of 

modern asset pricing models that explain the variation of returns more efficiently than 

the CAPM.  APT is important for this thesis as it provides a theoretical basis for the 

application of both unconditional and conditional models to Australian stock and bonds.  

Furthermore, APT provides a basis for examining the systematic risk factors that 

explain the variation of returns of PPPs.   

2.4.4 Fama and French Three Factor Model  
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Given the weak empirical support for the CAPM, Fama and French (1993) followed 

Chen, Roll and Ross (1986) and developed a three-factor arbitrage pricing model to 

examine the variation of equity returns.  However, the factors Fama and French (1993) 

introduced were significantly different.  Instead of employing economic variables as in 

Chen et. al., (1986), Fama and French (1993) developed factors from the size and book-

to-market equity asset pricing anomalies previously identified to exhibit pricing ability.   

Fama and French (1993) sorted stocks into portfolios to orthagonalise the size and 

book-to-market effects. The value-weighted returns of these portfolios are then 

calculated.  From these portfolio returns, Fama and French (1993) identified a return 

premium for the size anomaly (SMB) and the book-to-market premium (HML).16  

When these factors were combined with a market factor, Fama and French (1993) found 

that their three-factor model was efficient at explaining the variation of stock returns in 

the United States.  The functional form of the Fama and French (1993) three-factor 

model is shown below: 

- -  (2.4) 

where: 

 is the asset return; 

 is the return of the risk-free asset; 

 is the return of the market portfolio of assets; 

 is the difference between the returns of portfolios of small and big stocks; and, 

 is the difference in returns between high book-to-market value stocks and low 

book-to-market value stocks. 

16 The Fama and French (1993) factors are obtained by forming six portfolios by their market capitalisation and book-
to-market ratios.  First, the stocks are sorted into either a Small or a Large portfolio on the basis of their market 
capitalisation.  The breakpoint for this sort is the median market capitalisation.  Then, the two size portfolios are each 
sorted into three portfolios on the basis of their book-to-market ratio. The traditional Fama and French (1993) 
approach disregards all stocks with a negative book-to-market ratio.  However, more recent research by Brown, 
Lajbcygier and Li (2008) have devised a methodology that allows for these firms to be included on the basis of 
whether the firm can be classified as either “Value” or “Growth” portfolios on the basis of their characteristics.  The 
firms with the Highest 30% book-to-market ratio are consider the “Value” portfolios, the next 40% of the firms are 
classified as “Neutral” and the final 30% of the firms are placed in the “Growth” book-to-market portfolios.  The 
factors are then estimated from the following equations: 
SMB = 1/3(Small Value + Small Neutral + Small Growth) - 1/3(Large Value + Large Neutral + Large Growth) 
HML = 1/2(Small Value + Big Value) - 1/2(Small Growth + Big Growth). 
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The development of the Fama and French (1993) three-factor model from empirical 

investigation rather than developed from economic theory has provoked debate.  Fama 

and French (2004) state that they cannot explain why the additional two factors improve 

on the ability of the CAPM to explain the variation of returns.  This leads to the 

question, what are they measuring with their regressions?  As a result, several 

researchers have questioned whether the Fama and French (1993) model is a valid asset 

pricing framework.  Three major themes have emerged in these critiques.  Fama and 

French (1996) argue that these three themes are namely, data snooping, data bias and 

the failure of a market proxy to represent the total investment market.   

The data snooping critique argues that the CAPM cannot adequately explain the 

variation of asset returns due to anomalies in the data.  MacKinlay (1995) argues that if, 

as is the case of the CAPM, a theory is tested often enough, and with many different 

data samples then it would come as no surprise that exceptions to the theory are 

identified.  The major issue that needs to be resolved is whether the exceptions to the 

theory are as a result of the CAPM not explaining asset prices, or whether there are 

other factors explaining asset returns.  

The data bias argument was proposed as a reason for poor performance of the CAPM by 

Kothari, Shanken, and Sloan (1995).  According to Kothari et. al., (1995) the data 

employed to conduct the CAPM tests is biased towards survivors and as such, the 

results derived from the analysis are flawed.  As a consequence, any conclusions that 

the CAPM does not hold should be treated with caution. 

Finally, the Roll (1977) CAPM critique argues that as many asset prices are 

unobservable, a proxy needs to be developed to represent the market investment 

opportunity set.  However, the proxy most frequently employed as the investment 

opportunity set, the stocks listed on the share market, may not be truly representative of 

the real market returns.  Therefore, the empirical conclusions that the CAPM fails to 

hold may be due to the fact that the market proxy is not representative of the ‘true’ 

market proxy.  Therefore, it is possible that the CAPM does indeed hold.   

In the Australian context, the empirical efficacy of the Fama and French (1993) three-

factor model to explain returns is mixed.  Halliwell, Heaney and Sawicki (1999) 

conclude that the inclusion of the Fama and French (1993) factors does not improve the 

CAPM in explaining returns.  These results are challenged by Gaunt (2004) who 
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employs a longer sample period, and finds that the Fama and French (1993) three-factor 

model is more efficient at explaining asset returns in Australia than the CAPM.   

The primary factor limiting the examination of the Fama and French (1993) three-factor 

model in Australia is a lack of readily available estimates of the SMB and HML risk 

factors.  To solve this problem, Faff (2001) and Faff (2004) investigated the ability to 

construct the SMB and HML risk factors by employing commercially available indices.  

Faff (2001) found evidence that the Fama and French (1993) model holds in Australia.  

However, Faff (2001) revealed that the market and book-to-market factors are both 

positive and significant, however, the size factor is negative.  This finding is repeated in 

Faff (2004) which examines the Fama and French (1993) model with daily data.  The 

finding that the size factor’s returns are negative may be a result of the methodology 

employed to estimate the factors, as a more recent study by Gharghori, Chan and Faff 

(2007) finds that the size factor is positive and significant.  Gharghori et. al., (2007) 

examine whether the source of explanatory power of the Fama and French (1993) size 

(SMB) and book-to-market (HML) factors is due to these factors being proxies for firm 

default risk.  Gharghori et. al., (2007) conclude that the Fama and French (1993) factors 

do not proxy for default risk and that the Fama and French (1993) three-factor model is 

a significant improvement to the CAPM in Australian equity explaining returns.   

The weight of the empirical evidence suggests that the Fama and French (1993) three-

factor model is an improvement upon the CAPM in Australia.  For this thesis, the Fama 

and French (1993) asset pricing model will be employed to determine the systematic 

and idiosyncratic risks of Australian equities in Chapter Six and to examine the 

variation of PPP returns in Chapter Seven.  However, one asset pricing anomaly that 

cannot be explained by Fama and French (1993) is short term return persistence, 

otherwise known as momentum.  This existence of the momentum anomaly will be 

discussed in the next section of the literature review.  Furthermore, we will examine the 

manner in which it has been incorporated into asset pricing models both in Australia 

and in the U.S.   

2.4.5 Momentum and asset pricing 

The momentum asset pricing anomaly was first documented by Jegadeesh and Titman 

(1993) who found that stock returns exhibit persistence.  This persistence is unable to be 

explained by the CAPM.  Jegadeesh and Titman (1993) identified stocks which exhibit 
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a momentum factor, that is, poorly performing stocks tend to continue to perform 

poorly, and positive performing stocks, generally continue to perform well. By sorting 

stocks into decile portfolios on the basis of their prior 1, 2, 3 and 4 quarters of 

performance, Jegadeesh and Titman (1993) were able to identify the best and worst 

performing decile stock portfolios.  When the subsequent performance of the best and 

worst performing stocks is measured, controlling for systematic risk, a persistence effect 

can be observed that cannot explained by the CAPM.  This persistence effect or 

momentum can last for up to 36 months after the formation of these stock portfolios.   

Following the lead of Fama and French (1993) and Jegadeesh and Titman (1993), the 

contribution of Carhart (1997) developed a four-factor asset pricing model.  The Carhart 

(1997) model is an extension of the Fama and French (1993) three-factor model and 

includes a new term for the momentum asset pricing anomaly identified in Jegadeesh 

and Titman (1993).  The representation of the Carhart (1997) model is shown below: 

- -  (2.5) 

where: 

 is the asset return; 

 is the return of the risk-free asset; 

 is the return of the market portfolio of assets; 

 is the difference between the returns of portfolios of small and big stocks; 

 is the difference in returns between portfolios of high and low book-to-market 

value stocks; and,  

 is the difference in returns between a portfolio of firms with the highest return 

in the prior 12 months, and a portfolio of firms with the lowest return in the prior 12 

months. 

The work of Carhart (1997) revealed that the four-factor model is efficient at explaining 

the variation of mutual fund returns.  Furthermore, Carhart (1997) found the model is 

able to explain short-term persistence effects in returns.  This finding was an 

improvement over the Fama and French (1993) three-factor model which Fama and 
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French (1996) could not explain why.  As a result, the ability of the Carhart (1997) four-

factor model to explain return persistence represents an improvement in the Fama and 

French (1993) three-factor model.   

In the Australian context, there is conflicting evidence supporting the existence of the 

momentum anomaly.  Hurn and Pavlov (2003), Demir, Muthuswamy and Walter (2004) 

and Drew Veeraraghavan and Ye (2007) all find a significant momentum effect.  

Furthermore, Demir et. al., (2004) finds that the momentum strategy exists in Australia 

after transaction costs are included.  The existence of the momentum anomaly is 

disputed by the work of Durand, Limkriangkrai and Smith (2006) which found no 

evidence of momentum in Australia.   

The conflicting conclusions of Hurn and Pavlov (2003), Demir et. al., (2004), Drew et. 

al., (2007) and Durand et. al., (2006) may be the result of the sample employed in the 

analysis of each study.  Hurn and Pavlov (2003) employ a sample of the largest 200 

stocks from 1973 to 1998 whilst Demir et. al., (2004) analyse the momentum factor for 

stocks on the Australian Stock Exchange’s approved securities and the constituents of 

the All Ordinaries Index for the period September 1990 to July 2001.  These stocks are 

likely to be highly liquid than stocks outside the top 200 or not included in the equity 

indices.  Due to data limitations, Drew et. al., (2007) employ two different portfolio 

selection criteria resulting in 296 and 165 firms available for analysis, respectively.  In 

order to form the portfolios Drew et. al., (2007) require there to be one year worth of 

available information on past returns, trading volume, market capitalisation, and stock 

prices.  This requirement would limit the analysis to more liquid stocks that are traded 

infrequently.  In contrast, Durand et. al., (2006) found no momentum in Australian 

stocks which included all ASX listed firms in their sample from January 1980 to 

December 2001.  One reason for the inability to obtain consistent findings regarding the 

momentum finding in Australia may be that momentum is related to firm size or 

liquidity in Australia.  This idea is explored in the work of Brailsford and O'Brien 

(2008).   

Brailsford and O'Brien (2008) employ a sample from 1979-2005 that includes all ASX 

listed firms and they form portfolios based on size and momentum.  Brailsford and 

O'Brien (2008) conclude that momentum is present in Australian stock returns, 

however, this anomaly is present in the largest 500 firms only.  Brailsford and O'Brien 
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(2008) also show that the stocks in the top 201-500 or mid-sized firms exhibit the 

highest economically significant momentum effect.  Finally, research by Galariotis 

(2010) examined momentum for all stocks included in the S&P/ASX 200 from 2000-

2007 as well as momentum for all stocks listed on the Australian Stock Exchange.  

Galariotis (2010) found a statistically significant momentum effect in Australia and is in 

stark contrast to the findings of Durand et. al., (2006).  Therefore, the weight of 

empirical evidence from the literature leads us to the conclusion that momentum is 

present in Australian stock returns.   

With the presence of the momentum anomaly confirmed in Australian asset pricing 

returns, Kassimatis (2008) employed the Carhart (1997) model to examine the variation 

of Australian equity returns.  The work of Kassimatis (2008) compared the CAPM to 

the Carhart (1997) four-factor model and found that the Carhart (1997) four-factor 

model significantly improves upon the CAPM in explaining the variation of Australian 

equity returns.  For this reason, the ability of the Carhart (1997) four-factor model to 

explain the variation of returns of Australian equity portfolios will be examined in the 

third empirical chapter of this thesis.   

One inherent assumption of all asset pricing models is that the risk factors are stable 

over time.  However, Kassimatis (2008) demonstrates that the Australian Carhart (1997) 

four-factor model exhibits time-varying factor loadings.  The observation that factor 

loadings are time-varying has provoked researchers to examine whether risk is dynamic 

and whether this can be incorporated into asset pricing models.  The next section of this 

literature review will examine this strand of literature.   

2.4.6 Conditional Asset Pricing 

The literature review has thus far examined the unconditional asset pricing literature.  

Unconditional asset pricing models, according to Ferson and Schadt (1996), assume that 

risk factors are constant through time.  However, there is evidence that systematic risk 

factors are time-varying.  Kassimatis (2008), Faff, Lee and Fry (1992), Brooks, Faff and 

Lee (1992) and Groenewold and Fraser (2000) all provide evidence that risk factors are 

time-varying in Australia.  In the U.S. setting, Ang and Chen (2007) demonstrate that 

the Fama and French (1993) factor loadings are time-varying.  The observed dynamic 

nature of risk and returns led to the development of conditional asset pricing models.  
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The literature on conditional asset pricing models is important to inform the research 

question examined in Chapter Five of this PhD thesis.   

The finance literature has long accepted that asset returns vary through time.17  This 

time-variation poses difficulties for traditional asset pricing models which assume that 

factor returns are constant.  As a result, Ferson, Kandel and Stambaugh (1987) argue 

that asset pricing models and tests need to be developed that allow for the time-variation 

in risk and returns.   

One of the first theoretical dynamic risk models was developed by Hansen and Richard 

(1987).  The model assumes that payoffs to investments are inherently random 

variables.  However, these investment payoffs are influenced by the state of the 

economy.  As the payoffs are linked to the economy, an asset pricing model that 

incorporates information regarding the state of the economy (a conditional asset pricing 

model), can theoretically explain asset returns, whilst one that does not, (an 

unconditional model) may fail to explain asset returns.  Santos and Veronesi (2006) 

developed another model that assumes individuals have two sources of income, wages 

and investment returns.  Wages are assumed to vary with the economic conditions.  As a 

result of these assumptions, Santos and Veronesi (2006) find that the risk premium 

investors demand for holding stocks varies according to economic conditions.  The 

theoretical models developed by Hansen and Richard (1987) and Santos and Veronesi 

(2006) imply that by incorporating information regarding the state of the economy, an 

asset pricing model could perform better in explaining the variation of returns.  Despite 

this theoretical support, the empirical evidence of the efficacy of conditional asset 

pricing models is mixed.   

The first empirical study to examine a conditional CAPM was conducted by 

Jagannathan and Wang (1996).  A measure of human capital was employed as a 

conditioning or information variable by Jagannathan and Wang (1996) for the CAPM.  

The resulting pricing errors for beta and size sorted portfolios were insignificant 

meaning that the conditional model is efficient in explaining the variation of returns.  

Another application of conditional asset pricing models is the evaluation of investment 

manager performance.  Ferson and Schadt (1996) employ conditional asset pricing 

17 Ferson, Kandel and Stambaugh (1987) state that the combined work of Fama and Schwert (1977), Rozeff (1984), 
Campbell (1987), Hall (1989), Keim and Stambaugh (1986) and Fama and French (1988) provide evidence that 
expected returns vary through time with information.   
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models to examine the performance of U.S. mutual funds.  The conditional performance 

evaluation models, developed by Ferson and Schadt (1996), employ economic 

information variables to account for the time-variation in public information.  Ferson 

and Schadt (1996) conclude that when the conditional performance evaluation models 

enhance, the performance assessment of fund managers.  This is due to the ability of the 

conditional performance evaluation models to correct biases in market timing models.   

The ability of conditional asset pricing models to explain the cross-section of returns 

was examined in Ferson and Harvey (1999).  The work of Ferson and Harvey (1999) 

found that the factor loadings of these conditional information variables have significant 

ability to price the cross-section of equity returns.  Overall, this empirical evidence 

suggests that conditional asset pricing models can efficiently explain the variation of 

returns.18   

Despite the apparent success of conditional asset pricing models to explain the variation 

or returns, the theoretical and empirical basis of these models is not without its critics.  

Lewellen and Nagel (2006) critique the argument that the inclusion of time-varying 

betas in asset pricing models improves their ability to explain the variation of returns.  

To test the ability of the conditional CAPM, Lewellen and Nagel (2006) employ a short 

estimation horizon and high frequency data to estimate the alphas and betas for 

portfolios on a quarterly and semi-annual basis.  This methodology was employed as it 

allows the estimation of regression alphas and betas applicable for the time horizon.  

This allows the estimation of a time-varying beta without the requirement to specify 

information variables.  The estimated CAPM alphas and betas are found to vary over 

time, however, the estimated alphas are large and significant.  The large alphas indicate 

that the CAPM is poorly specified as other systematic risk factors are unaccounted for.  

Furthermore, Lewellen and Nagel (2006) state that the variation in the estimated betas 

are too small to explain the previously observed asset pricing anomalies.  Owing to the 

failure of the conditional CAPM to explain the book-to-market and momentum asset 

pricing anomalies, Lewellen and Nagel (2006) conclude that the conditional CAPM is 

no improvement on the unconditional CAPM.   

18 Another application of conditional asset pricing models has been the examination of asset pricing anomalies.  The 
information content of the book-to-market ratio was examined in Lewellen (1999) whilst the momentum anomaly 
was examined by Chordia and Shivakumar (2002).  The results of Lewellen (1999) indicate that, after controlling for 
changes in risk, the book-to-market ratio provides little explanatory power for expected returns.  The work of Chordia 
and Shivakumar (2002) found that the returns present for momentum strategies are time-varying and are positive 
during periods of economic growth.   
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In Australia, the empirical evidence to support conditional asset pricing models is not 

promising.  Durack, Durand and Maller (2004) replicated the Jagannathan and Wang 

(1996) methodology in an Australian setting.  Consistent with Jagannathan and Wang 

(1996), Durack et. al., (2004) found that the conditional CAPM performs better than the 

unconditional CAPM in explaining portfolio returns.  However, and most importantly, 

Durack et. al., (2004) showed that the human capital factor loading is negative, which is 

the opposite finding of Jagannathan and Wang (1996).  When comparing the 

Jagannathan and Wang (1996) to the Fama and French (1993) three-factor model, 

Durack et. al., (2004) found that the conditional CAPM is less efficient in explaining 

the variation of Australian stock returns.  Similar results were reported for the 

performance of the conditional Fama and French (1993) three-factor model by Nguyen, 

Faff and Gharghori (2007).  The evidence presented in Nguyen et. al., (2007) supports 

the conclusion that the conditional Fama and French (1993) three-factor does not 

significantly improve upon the unconditional version of the model in explaining the 

variation of returns.   

The review of the conditional asset pricing literature identifies several potential research 

questions for this thesis.  The review of the relevant literature demonstrated that the 

conditional CAPM is unable to explain the book-to-market and momentum asset pricing 

anomalies.  However, prior asset pricing models have been developed by employing 

these asset pricing anomalies as systematic risk factors resulting in improved 

performance of asset pricing models.19  It stands to reason therefore, that incorporating 

these asset pricing anomalies into a conditional asset pricing model may result in an 

asset pricing model that explains the variation of returns more efficiently.  However, to 

date, only a conditional version of the Fama and French (1993) three factor model has 

been examined in an Australian setting.  There has been no examination of the ability of 

a conditional Carhart (1997) asset pricing model to explain the variation of Australian 

equity returns.  Therefore, the third empirical chapter of this thesis will compare the 

general efficacy of conditional and unconditional versions of the CAPM and the 

Carhart (1997) asset pricing models in Australia.  This chapter will also analyse the 

ability of conditional and unconditional versions of the CAPM and the Carhart (1997) 

asset pricing models to explain the variation of Australian infrastructure and PPP 

returns.  This efficacy of asset pricing models to explain the variation of PPP and 

19 The Fama and French (1993) and Carhart (1997) asset pricing models are examples of asset pricing anomalies 
being employed to develop systematic risk factors.   
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infrastructure returns is a subject not considered in the PPP literature.  As a result, this 

analysis will assist in the answering one of the central research questions of this thesis 

which is what explains the variation of PPP returns in Australia?   

We now turn our attention to the literature which has explored the idiosyncratic risk of 

equities.  This is important as it informs the research questions in fourth and fifth 

empirical chapters of this thesis where the idiosyncratic risk of Australian equities and 

the idiosyncratic risk of Public Private Partnerships are examined, respectively.   

2.5 Idiosyncratic risk 

As a further examination of the factors that explain the risk and returns of PPPs in 

Australia, we now examine the existing literature on idiosyncratic risk.  This section 

briefly summarises the theoretical and empirical evidence on the information content of 

idiosyncratic risk both in Australia and overseas.  This review is important for 

informing the research questions in the fourth and fifth empirical studies as this thesis 

examines the idiosyncratic risk of Australian equities and PPPs.   

Idiosyncratic risk is traditionally ignored in the asset pricing literature.20  This is due to 

the CAPM assumption that capital markets function perfectly.  As a result, investors are 

able to diversify away the idiosyncratic risk of their portfolios.  This means investors 

are only rewarded for bearing systematic risk.  However, Merton (1987) demonstrated 

that if capital markets are not perfect, then investors may be rewarded for bearing 

idiosyncratic risk.  The finance literature has examined the information content of 

idiosyncratic risk.  The work of Campbell, Lettau, Malkiel, and Xu (2001) has 

demonstrated that the idiosyncratic risk of U.S. stocks has increased from 1962 to 1997.  

The major implication of rising idiosyncratic risk is investors are required to hold more 

stocks in a portfolio to obtain the benefits of diversification.   

Financial market frictions are cited as the cause for investors being unable to hold a 

fully diversified portfolio.  These frictions have been incorporated into asset pricing 

models developed by Levy (1978), Merton (1987), and Malkiel and Xu (1997).  As a 

consequence of these market frictions, these studies suggest that investors are rewarded 

for bearing idiosyncratic risk.  However, there is no consistent conclusion when these 

20 Miller (1977) and Merton (1987) are two asset pricing theories that examine the pricing ability of idiosyncratic 
risk.  However, these two models can be considered extensions of the CAPM as they relax assumptions underpinning 
the CAPM.  Miller (1977) relaxes the assumption that investors are in agreement of the price of the asset.  Whilst 
Merton (1987), introduces capital market frictions into a CAPM framework.   
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asset pricing models are empirically tested.  A positive relationship between 

idiosyncratic risk and returns was identified by Lehmann (1990), Malkiel and Xu 

(1997), Goyal and Santa-Clara (2003) and Fu (2009).  A negative relationship between 

idiosyncratic risk and returns was identified by Ang, Hodrick, Xing and Zhang (2006, 

2009).  Furthermore, Bali, Cakici, Yan and Zhang (2005) and Han and Lesmond (2011) 

find no relationship between idiosyncratic risk and returns.  As a result, there is no 

consensus view on whether idiosyncratic risk is priced in equity markets.  In order to 

identify common themes throughout the literature, we now will examine the empirical 

studies on idiosyncratic risk individually.   

A positive relationship was first identified between idiosyncratic risk and returns 

identified Lehmann (1990).  Subsequent research by Malkiel and Xu (1997) confirmed 

the results presented in Lehmann (1990).  Importantly, Malkiel and Xu (1997) found 

that idiosyncratic volatility is correlated with firm size.  In more recent research, Goyal 

and Santa-Clara (2003) discovered a significant positive relationship between the lagged 

equal-weighted average idiosyncratic variance and the return of the market.  

Significantly, Goyal and Santa-Clara (2003) found that this relationship also holds after 

controlling for macroeconomic variables.  This implies that the relationship between 

idiosyncratic risk and returns is not due to the business cycle.   

However, the conclusion of a positive relationship between idiosyncratic risk and 

returns is being challenged in the literature.  Following a re-examination of the findings 

of Goyal and Santa-Clara (2003), the work of Bali, Cakici, Yan and Zhang (2005) 

discovered no relationship between lagged value-weighted idiosyncratic variance and 

future market returns.  Bali et. al., (2005) state that the findings of Goyal and Santa-

Clara (2003) were driven by liquidity.  By excluding the least liquid firms from the 

analysis, Bali et. al., (2005) demonstrated that there is no relationship between lagged 

idiosyncratic risk and stock returns.   

The conclusion that there is no relationship between idiosyncratic risk and returns is 

also subject to conjecture.  A negative relationship between idiosyncratic risk and 

returns has been documented in Ang, Hodrick, Xing and Zhang (2006).  To estimate 

idiosyncratic volatility, Ang et. al., (2006) employed the monthly standard deviation of 

the daily residuals estimated from a Fama and French (1993) three-factor model 

regression.  After sorting firms on idiosyncratic volatility, Ang et. al., (2006) discovered 
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that a U.S. stock portfolio comprising firms with high idiosyncratic volatility exhibit 

significant negative returns.  These negative returns remain after controlling for 

systematic risk factors including size, book-to-market, momentum and liquidity.  In a 

subsequent study, Ang, Hodrick, Xing and Zhang (2009) confirmed that the low and 

negative returns of high idiosyncratic risk portfolios are not limited to the United States, 

but are also observed in international stocks.   

Several authors have sought to uncover the explanations for the findings of Ang et. al., 

(2006, 2009).  One criticism of the Ang et. al., (2006, 2009) methodology is that the 

study sorts stock portfolios based on realised idiosyncratic volatilities, not expected 

idiosyncratic volatility.21  Fu (2009) demonstrated that idiosyncratic volatility is not 

persistent, and as a result, realised volatility is not a good proxy for expected 

idiosyncratic volatility.  Therefore, any conclusions about the relationship between 

realised idiosyncratic volatility and returns are invalid.  The relationship between 

expected idiosyncratic volatility and returns has been examined in Fu (2009) and Chua, 

Goh and Zhang (2010).  Fu (2009) estimated expected idiosyncratic volatility with an 

EGARCH model and found a positive relationship between expected idiosyncratic 

volatility and returns.  The conclusion in Fu (2009) has been supported by the findings 

in Chua et. al., (2010).  As a result of this research, it is possible to conclude that the 

finding in Ang et. al., (2006, 2009) that idiosyncratic risk exhibits a negative 

relationship with returns is spurious.  However, both Fu (2009) and Chua et. al., (2010)  

were unable to explain the rationale behind the negative relationship between 

idiosyncratic risk and returns presented in Ang et. al., (2006, 2009).  In an attempt to do 

so, Han and Lesmond (2011) examine the interaction between liquidity, idiosyncratic 

risk and returns.   

The role of liquidity bias in asset pricing tests warrants close attention.  Han and 

Lesmond (2011) theorised that the bid-ask bounce in the daily data in Ang et. al., (2006, 

2009) could be influencing the estimation of idiosyncratic risk.  Therefore, liquidity 

biases may be influencing the observed returns for high idiosyncratic volatility stocks.  

To test this concept, Han and Lesmond (2011) employed two measures of idiosyncratic 

volatility. The first is a measure of idiosyncratic volatility estimated from the closing 

21 Fu (2009) argues that most asset pricing tests employ realised returns as a proxy for expected returns.  Realised 
returns are the sum of the expected return and some random error.  Fu (2009) employs this concept for idiosyncratic 
volatility.  Realised idiosyncratic volatility is idiosyncratic volatility that has been observed in previous time periods.  
Fu (2009) argues that investors are rewarded for bearing the risk associated with expected idiosyncratic volatility, 
only.   
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mid-point of the bid and ask prices each day, thereby eliminating the contamination 

from the bid-ask bounce.  Second, idiosyncratic volatility was made orthogonal to the 

measure of liquidity risk.  After controlling for liquidity, Han and Lesmond (2011) 

demonstrated that idiosyncratic risk has no power in predicting future returns.  

Interestingly, Han and Lesmond (2011) also find that the negative relationship between 

high idiosyncratic volatility and low subsequent returns decreases as a result of 

endogenous liquidity events.  This finding from Han and Lesmond (2011) suggests that 

liquidity is introducing a bias into results of Ang et. al., (2006, 2009).  This discovery 

by Han and Lesmond (2011) is significant as it suggests that idiosyncratic risk possess 

no information content.   

The idiosyncratic risk literature in the Australian setting is sparse in comparison to the 

U.S.  The work of Dempsey, Drew and Veeraraghavan (2001) examined idiosyncratic 

risk by employing the Malkiel and Xu (1997) methodology.  The findings in Dempsey 

et. al., (2001) support the conclusions in Malkiel and Xu (1997), that idiosyncratic risk 

is priced in Australian stock returns.  In another study, Bollen, Skotnicki and 

Veeraraghavan (2009) employed the Bali et. al., (2005) methodology and concluded 

that idiosyncratic volatility is not a priced factor in Australian stocks.  Furthermore, Ang 

et. al., (2009) included Australian stocks as part of their global study of idiosyncratic 

risk.  Consistent with Ang et. al., (2006), the new study by Ang et. al., (2009) 

discovered that idiosyncratic risk is priced in Australia.  As a result, the conclusion can 

be drawn that stocks with high idiosyncratic risk exhibit low subsequent returns in 

Australia.  This finding is supported by the recent research of Gharghori, See and 

Veeraraghavan (2011).   

The literature on idiosyncratic risk in Australia is consistent with empirical studies in 

the U.S. setting.  Currently, there is no agreement on whether idiosyncratic risk provides 

positive or negative returns, or more importantly, whether idiosyncratic risk is priced.  

The most recent findings by Gharghori et. al., (2011) demonstrate that idiosyncratic risk 

exhibits a negative relationship with returns.  However, no study in Australia has 

considered whether liquidity biases are responsible for this relationship.  The fourth 

empirical study of this thesis will examine the interaction between liquidity, 

idiosyncratic risk and returns in Australian equity returns and determine whether 

idiosyncratic risk is priced in Australian equity returns when we control for liquidity 

biases.  Following this general analysis of liquidity, idiosyncratic risk and returns, the 
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fifth and final empirical chapter will specifically examine the idiosyncratic risk of PPPs 

in Australia.  This final empirical chapter will assist in answering the general research 

question of this thesis, that is, what explains the variation of PPP returns in Australia?   

2.6 A Synthesis 

This PhD thesis seeks to understand the variables that explain the returns of Public 

Private Partnerships.  To answer the primary research question of this thesis, we will 

examine the factors that explain the variation of both PPP debt and equity returns.  

Whilst the review of literature included in this chapter is by no means exhaustive, it 

provides a fertile ground to develop research questions which have not yet been 

addressed in previous studies.  Inherent in this thesis is a general to specific approach to 

addressing the research question.  This approach involves first an examination of the 

factors that explain the variation of Australian bond and equity returns on a general 

basis.  The ability of these factors to specifically explain Australian PPP returns is then 

investigated.  This general to specific approach forms the basis of the five research 

question in this thesis.   

The literature review identified that no empirical study exists that has examined the 

factors that explain the variation of PPP debt returns.  Furthermore, the literature review 

identified that there is a paucity of existing literature examining the factors that explain 

the variation of Australian bond returns in general.  Therefore, before the factors that 

explain the variation of PPP bond returns can be examined, we must first examine the 

factors that explain the variation of Australian bond returns.  As a result, the first 

empirical chapter of this thesis will answer the question, what factors explain the 

variation of returns of Australian bonds in general?  The factors identified in the first 

empirical chapter will assist in the answering of the second research question.  The 

second empirical study will examine the research question, what factors explain the 

variation of returns for PPP bonds?  These two chapters will provide original 

contributions to the bond pricing literature in Australia.   

The review of the asset pricing literature identified that no study exists that identifies 

what factors explain the variation of PPP equity returns.  Despite this paucity of 

literature on PPP equities, there is a significant body of work examining the factors that 

explain the variation of returns of Australian equities.  However, no study exists that 

identifies which asset pricing models provides the most efficient explanation of the 
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variation of Australian equity returns.  Furthermore, all asset pricing models explain 

realised returns.  No study in Australia has identified which asset pricing model is the 

best predictor of future Australian equity returns.  Therefore, following the general to 

specific approach in this thesis, the third empirical study will answer the general 

research question, what explains and predicts the variation of returns of Australian 

equity returns?  This empirical chapter will provide an original contribution to the asset 

pricing literature within Australia.  

The literature review identified conflicting empirical evidence in regards to the 

information content of idiosyncratic risk in Australia.  The most recent research has 

identified a negative relationship between idiosyncratic risk and returns.  However, Han 

and Lesmond (2011) demonstrated that once the interaction between liquidity and 

idiosyncratic risk is accounted for, there is no relationship between idiosyncratic risk 

and returns.  This finding has not been examined in the Australian context.  As a result, 

the fourth empirical chapter will answer the research question, when liquidity biases are 

accounted for, does idiosyncratic risk possess information content in Australia?  This 

research will provide a new understanding of the interaction between liquidity and asset 

pricing tests in an Australian context.   

The research questions in the third and fourth empirical chapters are examined from a 

general Australian equity market perspective.  The fifth and final research question will 

employ the findings of these chapters to examine the factors that explain the variation of 

PPP returns.  This study examines both the systematic and idiosyncratic risk of 

Australian PPPs listed on the Australian Securities Exchange (ASX).  The specific 

analysis of PPP equity returns will answer the overarching research question posed in 

this thesis.   

A graphical illustration of the research approach developed in this thesis is presented in 

Figure 2.1.  The research questions for the first, third and fourth empirical Chapters are 

concerned with the Australian market in general.  The research questions for the second 

and fifth empirical chapters focus specifically on PPPs in Australia.  The research 

questions relating to PPPs in Chapters Four and Seven cannot be answered without the 

empirics discovered in Chapters Three, Five and Six.   
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Figure 2-1 The general to specific approach research questions 

 

The thesis will progress as follows.  Chapter Three will apply the three-factor model of 

Lin et. al., (2011) to examine the role of term, default and liquidity factors in explaining 

the variation of Australian bond returns.  Chapter Four will extend the analysis of the 

Lin et. al., (2011) three-factor bond pricing model to examine the returns on PPP bonds.  

Chapter Five will examine the asset pricing model which best explains historical 

Australian equity returns and the model which best predicts returns one month ahead.  

Chapter Six will examine the interaction between liquidity, idiosyncratic risk and 

returns in Australian equities.  The final empirical chapter, Chapter Seven will examine 

the risk factors that explain PPP equity returns.  Finally, Chapter Eight will provide 

concluding remarks and discuss potential avenues for future research.  
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Chapter 3 Systematic Risk Factors in the Returns 
of Australian Bonds 

 

3.1 Introduction 

Are the systematic risk factors identified in U.S. bond markets pervasive in explaining 

the variation of returns in global bond markets?  This question remains open in the 

context of the Australian setting.  Our understanding of asset pricing in bonds originates 

from the seminal work of Fama and French (1993) who demonstrate that two systematic 

risk factors (the term and default premium) capture a significant proportion of the 

variation of U.S. bond returns.  The term premium reflects the common risk factor 

associated with unexpected changes in interest rates whereby investors demand 

compensation for holding bonds with longer maturities in comparison to shorter 

maturity bonds.  The default (or credit) premium reflects compensation for holding 

bonds with a non-zero probability of default when there are changes in business 

conditions.  The default risk factor proxies the compensation demanded by investors for 

owning bonds that are of lower credit quality relative to bonds of higher credit 

worthiness.  More recently, emerging evidence from Liu (2006), Manhunt, Nashikkar, 

Sunbrahmanyam, Chacko and Mallik (2008), Chan, Lesmond and Wei (2007) and Lin, 

Wang and Wu (2011) suggest that liquidity is an additional systematic risk factor that 

can explain the behaviour of bond returns.  Despite numerous U.S. studies, it is our 

conjecture that a measure of the efficacy of an asset pricing model is whether it is robust 

out of sample, in another country with different institutional frameworks.  We are 

motivated in this study to contribute to the global debate regarding systematic risk 

factors in bond returns through an examination of an Australian setting. 

There is a paucity of bond asset pricing literature in Australia, which is somewhat 

surprising given the significance and sophistication of this market.  The World 

Economic Forum Financial Development Report (2009) ranks Australia as second (after 

the United Kingdom) in terms of the world’s leading financial systems and capital 

markets.  According to the Investment Company institute (ICI), Australia’s A$1.7 

trillion investment management industry is the largest in the Asia-Pacific region and is 

the fourth largest in the world.  In terms of the size of the debt market, Australian non-

government bonds outstanding represents approximately 94% of Australian gross 

 37 



domestic product (GDP) in comparison to the U.S. and Germany with 144% and 84% 

of their GDP, respectively (Debelle, 2011).   

The exploration of the Australian setting in this study makes four contributions to the 

debate.  First, we quantify a term risk premia in Australia of 0.126% per month over the 

period 1999 through 2010.  Second, we find a default risk premium of around 0.03% 

per month in the period preceding the Global Financial Crisis (GFC).  We report that 

investors experienced losses in attempting to garner the default premium over the 2007-

2009 period which caused the average monthly return for the default risk factor to be 

close to zero over the entire sample period.  Third, we estimate a monthly proxy for the 

Australian bond liquidity risk premium of 0.036% per month over the observation 

period.  Finally, we employ the term, default and liquidity risk premia as common 

factors in a multi-factor bond asset-pricing model. We find all three systematic risk 

factors are statistically and economically significant in explaining Australian bond 

returns sorted by credit rating, duration, or a combination of both. 

The remainder of this chapter is organised as follows.  Section 3.2 provides a brief 

survey of the key literature in the field.  Section 3.3 outlines the data investigated in the 

study, with section 3.4 detailing the methodological approach.  Section 3.5 presents the 

findings of the study, with concluding remarks provided in section 3.6. 

3.2 Related Literature  

The identification of systematic risk factors that explain the variation of bond returns 

has important practical implications for asset pricing, valuation and investments.  The 

seminal contribution in the bond asset-pricing literature from Fama and French (1993) 

revealed that term and default premia are two systematic factors that can capture the 

common variation of U.S. investment grade bond returns.  Moreover, Gebhardt, 

Hvidkjaer and Swaminathan (2005) show that yield to maturity is also a good proxy for 

explaining average bond returns which is consistent with the theory of the term structure 

of interest rates.  A further strand of related work has emphasised the importance of the 

expected default risk as a systematic risk factor in bond returns.  The work of Elton, 

Gruber, Agrawal and Mann (2001), Huang and Huang (2003) and Longstaff, Mithal and 

Neis (2005) confirm the importance of a credit (or default) risk premium.   
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Recent studies considering the cross-section of bond returns have explored the role of 

liquidity, and more specifically, whether liquidity risk can be regarded as a systematic 

risk factor.  Huang and Huang (2003), Longstaff et. al., (2005), Dressen (2005) and 

Houweling et al., (2005) find that the liquidity of a bond is important in explaining a 

proportion of bond yield spreads.  Amihud and Mendelson (1991) posit that investors 

demand a higher return for a less liquid security.  It then follows that a liquidity 

premium may be a systematic risk factor in explaining bond yield spreads and, 

therefore, bond returns.  Amihud and Mendelson (1991) measured the size of the bid-

ask bond spread and showed that illiquid U.S. Treasury Notes exhibit a higher yield and 

lower price than more liquid Treasury Note securities.  Similar findings by Kamara 

(1994) and Warga (1992) supported the notion of a U.S. bond liquidity premium.  

Furthermore, Chen et al., (2007) demonstrated that illiquid bonds exhibit a higher yield 

to maturity and the changes in the liquidity measure explain some of the variation in 

U.S. yield spreads.  Most recently, the work of Lin et al., (2011) employs liquidity as a 

systematic risk factor, along with the Fama and French (1993) term and default risk 

premia, to reveal that all three factors are significant in explaining the variation of U.S. 

bond returns.  The inclusion of liquidity as a systematic risk factor highlights its 

emerging significance in empirical asset pricing in bond securities. 

In the case of Australia, the analysis of a two-factor (term and default) or three-factor 

bond asset pricing model (term, default and liquidity) is untested.  Australian research 

has tended to focus on models that explain the variation of yield spreads (see Batten and 

Hogan, 2003; Brown, In and Fang, 2002; Lepone and Wong, 2009; Darwin et. al., 

2012) and the market efficiency of fixed interest markets (see Gallagher and Jarnecic, 

2002 and Creighton, Gower and Richards, 2007).  While these studies make important 

contributions around their respective research questions, there remains little evidence 

regarding the systematic (or otherwise) drivers of bond returns in Australia.22  An 

investigation of returns from the Australian bond market using an asset pricing 

framework is of interest for a number of reasons. Research contributions from Bilson, 

Brailsford, Sullivan and Treepongkaruna (2008) and Finlay and Chambers (2009) 

confirm the importance and pricing of the term structure of interest rates, however, there 

is no clear evidence whether one or all three of the systematic risk factors in U.S. bond 

asset pricing models are applicable in the Australian setting.  Second, the information 

22 Perhaps the closest study conducted to the issues considered in this study comes from Davis (2005) who finds 
evidence that Australian Commonwealth government bonds exhibit a non-zero beta with Australian stocks. 
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content from a multi-factor bond asset pricing model has important implications to all 

market participants including the private sector, government, the central bank (Reserve 

Bank of Australia) and regulatory agencies.   

3.3 Methodology 

We now turn to the research design employed in this study to consider the presence (or 

otherwise) of various risk premia (term, default and liquidity) in the Australian setting.  

Following the standard convention for studies in the field, we employ a market value-

weighted return for all bond portfolios to ensure investability of the bond returns 

estimated in the study.  Bond returns were calculated using price and yield data obtained 

on the last day of each month.  The return formula is given as: 

 (3.1) 

where the subscript  “i,t” refers to bond i at time t, tP  is the clean price of the bond at the 

end of month t; tAI  is the accrued interest for the bond at the end of month t; tC  is any 

coupon paid during month t; 1−tP  is the clean price of the bond at the end of month t-1; 

and, 1−tAI  is the accrued interest for the bond at the end of month t-1. 

3.3.1 Estimation of Term and Default Risk Premia 

Following Fama and French (1993), we calculate two common risk factors (term and 

default) in bond returns.  The proxy for the term risk factor is calculated as the 

difference between the monthly value-weighted returns of Australian Commonwealth 

government bonds with a maturity greater than ten years and the 90 day bank accepted 

bills.  The proxy for the default risk factor is calculated as the difference in monthly 

returns of a value-weighted portfolio of all semi-government and corporate bonds with a 

maturity longer than ten years and a value-weighted portfolio of Australian 

Commonwealth government bonds with a maturity greater than ten years. 

3.3.2 Estimation of Bond Liquidity 

To determine whether liquidity is a priced risk factor in Australian bond returns, we 

must first estimate the liquidity of every individual bond in the sample.  For the 

purposes of this analysis, we employ the Chen et al., (2007) liquidity measure adapted 
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for the Australian setting.23  Chen et al., (2007) assumes that bond returns follow a 

return generating process given as: 

 (3.2) 

where  is the ‘real’ unobserved return for bond j on day t that an investor would earn 

before transaction costs;  is the daily change in the 10 year risk-free interest rate; 

 is the daily return of the S&P ASX 200 Accumulation Index; and, 

 is the Macaulay duration of bond j at time t.  Chen et al., (2007) state that 

the observed return  is related to the unobserved return  by the following 

equation: 

-  (3.3) 

where  is the observed clean price bond returns and  is the effective liquidity cost 

for transacting in the instrument.  Chen et al., (2007) state that the effect of liquidity on 

bond prices can be modelled by employing the following system of equations: 

-  if  and  (3.4) 

0, =tjR  if jtjj R ,2
*
,,1 αα ≤≤  (3.5) 

jtjtj RR ,2
*
,, α−=  if jtjR ,2

*
, α>  and 0,2 >jα  (3.6) 

where j,1α  is the effective buy side cost involved in trading the bond instrument and 

j,2α  is the effective sell side cost involved in trading the bond instrument.  We derive 

estimates of , , , and  by maximising the following log-likelihood function.  

The following estimation technique follows Maddala (1983) and the bond literature of 

Lesmond et al., (1999) and Chen et al., (2007). 

23 The Chen et al., (2007) methodology employed in Eq. (3.2) assumes that bond returns are riskier than the risk-free 
rate but are less risky than stock market returns due to the conventional capital structure of a firm and the higher 
ranking of bonds over equity in the event of a corporate failure. 
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∆S&P ASX Index )2+2Ln1(2 2)1/2−212 2( + 2, − 1Duration ,  

×∆ , − 2Duration , ×ΔS&P ASX Index )2+0Ln(Φ2, −Φ1, ) (3.7) 

 

where  is the cumulative distribution function expressed as: 

 (3.8) 

represents the negative nonzero measured returns,  represents 

the positive nonzero measured returns, and   represents the zero measured 

returns.  As in Chen et al., (2007), the difference between the buy side and sell side 

costs )( ,1,2 jj αα −  is the estimation of bond liquidity employed in this study. 

3.3.3 Test of Bond Liquidity 

As a test of robustness regarding our estimates of bond liquidity, we examine whether 

the liquidity measure in the previous section can explain the changes in Australian bond 

yields.  Chen et al., (2007) hypothesise that the yield to maturity of a bond would be 

positively related to the liquidity of a bond, as investors demand a higher rate of return 

due to higher liquidity risk.  To test this, we follow Chen et al., (2007) and model yield 

spread changes with the following regression based on first differences: 

-  (3.9) 

where  is the change in yield spread,  is the change in the 

liquidity proxy,  is the change in the Moody’s credit rating,  

is the change in the 90 day bank accepted bill rate, and, –  is the 

change in the difference between the ten year and two year Australian Commonwalth 

government bond rates.  
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3.3.4 Test of Market-Wide Bond Liquidity 

After examining the ability of the liquidity measure to explain bond yield spreads, the 

next step tests whether there is a market-wide liquidity risk premium in the Australian 

bond market.  To measure liquidity as a priced risk factor in Australian bonds, we 

employ the approach of Liu (2006).  In investigating the systematic liquidity risk factor 

in stocks, Liu (2006) ranks firms according to their liquidity to form decile portfolios.  

In this study, we employ the same ranking and decile portfolio approach.  To determine 

whether liquidity is a market-wide risk factor in the Australian market, the returns of the 

highest liquidity decile and the lowest liquidity decile are calculated. 

Decile bond portfolios are formed based on the Chen et al., (2007) estimate of liquidity.  

To better understand the nature of the liquidity estimate, we extend the Chen et al., 

(2007) methodology by varying the formation period used in our estimation of the 

liquidity proxy.  We employ the Chen et al., (2007) 12 month formation period 

approach, however, we also calculate the liquidity proxy based on 1 and 6 month 

formation periods. 

3.3.5 Test of Bond Systematic Risk Factors 

To examine the explanatory power of the systematic risks in Australian bond returns, 

we form several bond portfolios and we follow Fama and French (1993), Gebhardt et 

al., (2005) and Lin et al., (2011) by including the systematic liquidity risk factor in the 

following regression: 

  (3.10) 

where  is the return of bond portfolio i at time t;  is the risk-free proxy which is 

the 90 day bank accepted bill rate;  is the difference between the monthly value 

weighted returns of Australian Commonwealth government bonds with a maturity 

greater than ten years and the 90 day bank accepted bill;  is the difference in 

monthly returns of a value-weighted portfolio of all corporate bonds with a maturity 

greater than ten years and a value-weighted portfolio of Australian Commonwealth 

government bonds with a maturity greater than ten years; and,  is the 
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systematic liquidity premium calculated earlier in this study orthogonalised to the term 

and default factors.24 

3.4 Data 

There is no centralised repository or exchange that stores historical information on 

Australian bonds, therefore, it is difficult to obtain reliable price data.  The bond data 

used in this study is drawn from the Union Bank of Switzerland (UBS) Australia and is 

cross-referenced with Datastream.  This study examines the individual bonds that are 

the constituents of the UBS Australia All Composite Bond Index.  Following Gallagher 

and Jarnecic (2002), the UBS Australia All Composite Bond Index (UBSAACBI) is the 

most widely used benchmark for Australian bond funds.  The extensive use of these 

bonds as constituents of this UBS benchmark index ensures that the bond price 

information assembled by UBS is the best and most accurate data available for the 

Australian bond market. 

Daily bond prices of the constituents of the UBSAACBI (excluding the Australian 

Commonwealth government bonds which are effectively the risk-free rate) are obtained 

to form a sample of 640 bond issues.  At the end of each month, the clean price, coupon 

rate and maturity for all semi-government, corporate and asset-backed bonds were 

collected from 1 January 1999 to 31 December 2010 and total monthly returns were 

calculated.  Furthermore, daily bond prices (and returns) are employed in this study to 

estimate liquidity in the Australian bond market.  The credit ratings for these bonds 

were obtained from Moody’s Investor Services, and Standard and Poor’s where bonds 

were not rated by Moody’s.  Where there was a conflict in the credit rating, the 

Moody’s Investor Services rating was selected, consistent with the work of Lin et. al., 

(2011). 

The short-term and long-term estimates of the risk-free rate employed in this analysis 

were sourced from the Reserve Bank of Australia.  We follow Brailsford, Handley and 

Maheswaran (2008) by employing the composite 10-year Australian Commonwealth 

government bond rate as the long-term risk-free rate and the Australian 90 day bank 

accepted bill (BAB) rate as the short-term risk-free rate.  This methodology by 

24 The liquidity factor exhibits a correlation with the term and default factors of 0.84 and 0.32, respectively. To 
remove potential collinearity effects between these variables, we estimate an orthogonalised liquidity risk factor.  
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Brailsford et. al., (2008) removes the need to estimate an Australian Commonwealth 

government risk-free rate for a significant period of the analysis.25 

 
Table 3-1 Summary Statistics 

We provide summary statistics of the bonds employed in the analysis sorted by their UBS bond issuer 
classifications from January 1999 to December 2010.  Avg. YTM denotes the average yield to maturity for 
all bonds within the industry group for the entire sample.  Avg. Cpn denotes the average coupon for all 
bonds within an industry classification within the sample period.  Avg. FV ($) denotes the average face 
value outstanding per A$10,000,000 on issue for all bonds within the industry classification.  Avg. FV (%) 
denotes the Avg. FV ($) expressed as a percentage of all bonds outstanding.  Mean Return denotes the 
equal-weighted average return for all bonds in the industry classification for the sample period.  ADF is the 
test statistic for the Augmented Dickey-Fuller test for stationarity and KPSS is the test statistic for the 
Kwiatkowski–Phillips–Schmidt–Shin test for stationarity.  *, ** and ^ denote statistical significance at the 
10%, 5% and 1% levels, respectively. 
 Avg.  

YTM 
Avg.  
Cpn 

Avg.  
FV ($) 

Avg 
FV (%) 

Mean 
Return 

Jarque-
Bera 
Statistic 

ADF KPSS 

Autos 6.17% 6.32% 138.1 1.77% 0.47% 82.20^ -11.30^ 0.28 
Bank Sub 8.50% 6.72% 271.7 3.49% 0.48% 64.83^ -9.31^ 0.22 
Banks 6.13% 6.29% 444.0 5.71% 0.48% 8.835** -9.68^ 0.08 
Capital Goods 6.59% 6.63% 227.5 2.92% 0.55% 7.43** -9.90^ 0.22 
CMBS 6.35% 6.19% 146.7 1.89% 0.52% 1.14 -3.70^ 0.10 
CMBS Call 5.99% 5.88% 290.0 3.73% 0.48% 61.75^ -4.39^ 0.20 
Commercial Services  6.81% 6.84% 229.7 2.95% 0.47% 9.56^ -9.59^ 0.07 
Diversified Financials 7.12% 6.28% 285.7 3.67% 0.50% 531.00^ -11.91^ 0.12 
Energy 6.82% 6.36% 127.0 1.63% 0.51% 0.42 -8.80^ 0.12 
Food Beverage & 
Tobacco 6.13% 6.75% 140.0 1.80% 0.50% 12.19^ -6.87^ 0.10 

Food & Drug Retailing 6.55% 6.07% 263.3 3.38% 0.55% 155.57^ -13.31^ 0.08 
Hotels Restaurants & 
Leisure 7.07% 6.50% 385.0 4.95% 0.53% 3.05 -7.34^ 0.17 

Insurance 6.26% 6.39% 232.3 2.99% 0.56% 42.04^ -10.55^ 0.13 
Materials 6.67% 6.56% 302.8 3.89% 0.56% 4.36 -9.85^ 0.12 
Media 6.99% 6.76% 200.7 2.58% 0.49% 1623.27^ -9.86^ 0.23 
Other 8.87% 6.71% 205.2 2.64% 0.18% 4.84* -5.73^ 0.11 
Other Abs 6.48% 6.33% 287.2 3.69% 0.45% 41.13^ -9.94^ 0.03 
Real Estate 6.61% 6.52% 171.1 2.20% 0.54% 0.38 -9.96^ 0.16 
RMBs Conf 5.99% 5.97% 290.2 3.73% 0.46% 14.30^ -4.89^ 0.25 
Semi-Government 5.65% 7.00% 1582.6 20.34% 0.47% 0.76 -11.18^ 0.06 
Supranational 
/Sovereign 5.81% 5.80% 719.2 9.24% 0.47% 1.68 -10.48^ 0.05 

Telecommunications  6.33% 8.59% 416.5 5.35% 0.52% 4.43 -10.05 0.09 
Transportation 6.98% 6.57% 208.3 2.68% 0.41% 323.89^ -11.40^ 0.15 
Utilities 6.61% 6.67% 215.8 2.77% 0.48% 40.63^ -9.02^ 0.11 
 

Table 3-1 reports the summary statistics of the data sample sorted by their bond issuer 

classifications as defined by UBS.  Table 3-1 confirms that the Australian semi-

government bond issuers are the largest constituents in the data sample and then 

25 Following the election of the John Howard Government in 1996, there was a policy choice to reduce federal 
government debt levels. Budget surpluses were produced and the Australian Commonwealth federal government debt 
was reduced resulting in Treasury notes no longer being issued by the government in 2003. 
http://www.aofm.gov.au/content/_download/Historical_tables/Historical_07_08/TableH14.pdf 
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followed by other bond issuers.  Of the corporate bond issuers, the Banks, 

Telecommunications and Hotel Restaurant & Leisure industries report the highest 

average amount of bonds outstanding in the sample.  Furthermore, Table 3-1 reports the 

results of the Jarque-Bera statistic, and the Augmented Dickey-Fuller (ADF) and the 

Kwiatkowski–Phillips–Schmidt–Shin (KPSS) tests for stationarity.  According to the 

test results for the ADF and the KPSS tests the bond returns for all industries examined 

are stationary.  From a credit ratings perspective, Table 3-2 presents the data sample 

sorted by their Moody’s credit rating.  Table 3-2 highlights that a large proportion of 

bonds in this sample exhibit an Aaa, Aa or A credit rating, and all bonds are investment-

grade in nature, which reflects the institutional requirement of the UBSAACBI.26 

Table 3-2 Bond Sample Sorted by Credit Ratings 
We provide the percentage of bonds in the data sample sorted by credit rating.  It is important to note that only 
Moody’s credit ratings are reported in this table. 

Aaa Aa A Baa Ba B 
44.01% 25.75% 24.27% 5.96% 0.00% 0.01% 

      
 

Table 3-3 Summary Statistics of Term and Default Risk Premia 
Panel A provides summary statistics for the Fama and French (1993) term and default risk premia in Australia.  
The term risk premium is the difference between the monthly value weighted returns of Australian Government 
bonds with a maturity greater than ten years and the 90 day bank accepted bill.  The default risk premium is the 
difference in monthly returns of a value weighted portfolio of all corporate bonds a maturity greater than ten 
years and a value weighted portfolio of Australian Commonwealth Government bonds with a maturity greater 
than ten years.  Panel B of this table reports the correlation coefficients for the Fama and French (1993) 
Australian term and default risk factors.  ADF is the test statistic for the Augmented Dickey-Fuller test for 
stationarity and KPSS is the test statistic for the Kwiatkowski–Phillips–Schmidt–Shin test for stationarity.  *, ** 
and ^ denote statistical significance at the 10%, 5% and 1% levels, respectively. 
 Term risk premium Default risk premium 

Panel A:Descriptive Statistics 
Mean 0.126% 0.010% 
Median -0.023% 0.047% 
Maximum 5.393% 1.646% 
Minimum  -5.517% -3.467% 
Standard Deviation 2.053% 0.597% 
Jarque-Bera Statistic 0.5784 539.08^ 
ADF -11.09^ -7.22^ 
KPSS 0.09 0.13 
   
Panel B: Correlation Coefficients 
Term  1.0000  
Default -0.0563 1.0000 
   

 
 

26 The description statistics for the Term and Default factor are presented in Table 3-3.  Both Term and Default 
exhibit positive average returns and the ADF and KPSS tests indicate that both variables are stationary.   
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Figure 3-1: Australian Term Risk Premium and Yield Differences 

 

Figure 3-2: Australian Default Risk Premium and Yield Differences 
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Figure 3-3: Cumulative Wealth of the Australian Default Risk Premium 

 

 
Table 3-4 Sub-Sample First Moments of the Australian Default Risk Factor 

This table reports the average monthly risk premium for the Australian Default risk factor across various 
sub-sample periods. Panel A reports the average monthly risk premium from 2000-2005 and from 2006-
2010. Panel B reports the average monthly risk premium from 2000-2006 and 2007-2010.  Panel C 
reports the average monthly risk premium from 2000-2007 and 2008-2010. 

First Sub-Sample Period Second Sub-Sample Period 
 
Panel A: 

 

January 2000 to December 2005 January 2006 to December 2010 
0.03% per month -0.04% per month 

  
Panel B:  

January 2000 to December 2006 January 2007 to December 2010 
0.03% per month -0.05% per month 

  
Panel C:  

January 2000 to December 2007 January 2008 to December 2010 
0.00% per month -0.01% per month 

 

3.5 Results  

To allow for a detailed exploration of the results of the study, we present the discussion 

across three sub-sections.  First, we report measures of the Australian term and default 

risk premia over the sample period.  Second, we explore the liquidity risk premium in 
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Australian bonds.  Finally, we consider the multi-factor asset pricing approach and 

questions regarding the systematic risk factors in Australian bond returns. 

3.5.1 Term and Default Risk Premia 

The findings presented in Table 3-3 summarise Australian term and default risk factors 

(with Figures 3-1 and 3-2 illustrating the time-varying nature of the premia).  The 

average risk premium for the Australian term factor is estimated at 0.126% per month, 

which is broadly consistent with the findings of Fama and French (1993), Gebhardt et 

al., (2005) and Lin et al., (2011) who report a U.S. term factor of 0.06%, 0.20% and 

0.36% per month, respectively.  The sharp increase in the term premium from 2008 to 

2009 is consistent with similar increases in the U.S. term premium reported by Gil-

Alana and Moreno (2012).  Table 3-3 also reports an average risk premium of virtually 

0.01% per month for the Australian default factor.  This negligible Australian default 

systematic risk premium differs to Fama and French (1993), Gebhardt et al., (2005) and 

Lin et al., (2011) who estimate the U.S. Default risk premium of 0.02%, 0.04% and 

0.12% per month, respectively, and therefore, warrants further investigation. 

Figure 3-3 illustrates the accumulated wealth of $100 invested in the Australian default 

risk factor for the full sample period and shows the time-variation of this risk premium.  

Figure 3-3 shows that an investor accumulated, on average, positive returns from the 

default risk premium from 2000 to mid-2007 and then proceeded to lose these gains 

from mid-2007 to the end of May 2009 with the emergence of the 2007 credit crisis and 

the GFC.  The investor then continued to garner a positive default risk premium from 

May 2009 to the end of the sample period.  Figure 3-3 demonstrates that a $100 

investment in January 2000 would have accumulated to a final-period wealth amount of 

$100.28 at the end of the sample period in December 2010, which reflects the average 

Australian Default risk premium of virtually zero reported earlier in Table 3-3.  This 

finding suggests that investors were compensated for holding lower credit-quality bonds 

relative to higher quality bonds until the emergence of the 2007 credit crisis and for the 

period subsequent to the GFC.  In the aftermath of the GFC, we can see that investors 

are again being compensated for the Australian default risk factor from mid-2009 to the 

end of our data sample (through to the end of 2010). 

A further investigation of the default risk premium in Australia is provided in Table 3-4, 

which reports the average risk premium over various sample periods.  Panels A and B 
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reveal that the Australian default risk premium is estimated at 0.03% per month for both 

2000-2005 and 2000-2006 sample periods.  These estimates of the Australian default 

risk factor corroborate those reported by Fama and French (1993) and Gebhardt et al., 

(2005) for the U.S. experience.27 

Figure 3-4: Value-Weighted Liquidity Measure 

 

3.5.2 Bond Liquidity Risk Premium 

To calculate whether Australian bond liquidity is a priced risk premium, we must first 

employ Equations (3.1) to (3.6) from Chen et al., (2007) to estimate the liquidity of all 

bonds within our sample.  Figure 3-4 illustrates the average annualised liquidity 

measure for all Australian bonds weighted by their amount on issue from January 2000 

to December 2010.  The long-term average liquidity proxy in Figure 3-4 is calculated at 

2.69% p.a. over the sample period.  The most significant spike in our estimate occurs 

during the period beginning December 2007, reaching its zenith in August 2009.  The 

average annualised liquidity estimate for our sample of Australian bonds from 2000 

27 Panel C of Table 3-4 reveals that as we include the data from the 2007 credit crisis and the GFC, the investor earns 
a negative return for their exposure to the Australian default risk premium.  However, despite the average default risk 
premium of zero over the entire sample period, the findings in Table 3-4 demonstrate the presence of an Australian 
default risk factor of 0.03% per month before the episodic events of 2007-2009. 
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through 2007 was 2.26% p.a., which subsequently increased to 3.85% p.a. over the 

period 2008 through 2010.  This corresponds with the emerging credit market crisis of 

2007, the collapse of Lehman Brothers in September 2008 and the subsequent GFC.  

We proceed to use the Chen et al., (2007) liquidity calculation in a variety of tests 

which allows us to examine whether bond liquidity is a determinant of changes in bond 

yield spreads and rates of returns.   

Table 3-5 Liquidity Regressions on Yield Spread Changes 
This table presents the results of the following regression: 

-
 where  is the change in the spread between the yield to maturity of the corporate bond and 

the closest matched maturity Australian Government bond.   is the change in the Chen e.t al., 
(2007) calculated liquidity proxy.  is the change in the Moody’s credit rating,  is 
the change in the 90 day bank accepted bill rate.  -  is the change in the difference 
between the composite 10 year and 2 year Australian government bond rate.  The analysis is for the period 
January 2000 to December 2010. *, ** and ^ denote statistical significance at the 10%, 5% and 1% levels, 
respectively. 

 
Intercept Liquidity Rating Treasury 

Rate 
10y – 2y  

Treasury 

Regression coefficient 0.0001 0.0464 0.0044 0.0314 0.0004 

Standard error 0.0000 0.0073 0.0003 0.0201 0.0003 

t-statistic 2.1818^ 6.3567^ 12.8705^ 1.5581 1.3237 

      
Adjusted r-squared 0.01551     
F-statistic 53.7974     
      

 

The first of our robustness tests employs Eq. (3.7) which allows us to examine whether 

the liquidity measure in Figure 3-4 can explain changes in Australian bond yields.  

Table 3-5 presents the regression results of Eq. (3.7) and shows that changes in liquidity 

and credit ratings exhibit a significant positive relation with changes in bond yield 

spreads.  The positive signs in these regression coefficients are consistent with finance 

theory and the findings of Chen et al., (2007).  Interestingly, the  and 

-  variables are insignificant and in contrast with the U.S. findings 

from Chen et al., (2007).  From the regression results, it is possible to conclude that a 

one basis point increase in the liquidity proxy will result in an increase in Australian 

yield spreads of 4.6 basis points.  Table 3-5 also shows that a change in a major credit 

rating causes the yield spread to increase by 0.4 basis points.  Overall, from a liquidity 

perspective, the regression results demonstrate that the liquidity measure of Chen et al., 
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(2007) is statistically significant in explaining the change in yield spreads of Australian 

bonds. 

We now proceed to test whether there is a market-wide liquidity premium in Australian 

bond returns.  We employ the approach of Liu (2006) that ranks on the basis of liquidity 

to form decile portfolios.  To determine whether liquidity is a market-wide risk factor in 

the Australian bond market, the returns of the highest liquidity decile and the lowest 

liquidity decile are calculated.  We hypothesise that liquidity is a priced risk factor in 

Australian bonds when the lowest liquidity decile portfolio earns a higher rate of return 

than the highest liquidity decile portfolio. 

Decile bond portfolios are formed based on the liquidity estimates of Chen et al., (2007) 

which have been calculated in the previous section of this study.  This study differs to 

Chen et al., (2007) by estimating the market-wide liquidity premium estimate using 1, 6 

and 12 month formation periods.  Table 3-6 presents the decile bond portfolio returns 

based on these various formation periods. 

Table 3-6 reports that the returns for the low liquidity portfolio (L) for all the formation 

periods and all the holding periods exhibit a higher mean than the highest liquidity 

portfolio (H).  Panel A shows that this liquidity effect is most pronounced in the one 

month formation and holding period, however, it is not statistically significant.  

Nevertheless, it is interesting to note that for all formation periods, there is statistically 

significant differences between the returns of the low and high liquidity deciles for the 6 

and 12 month holding periods.  This market-wide liquidity premium is most pronounced 

in the 1 and 6 month formation periods with the difference in decile returns statistically 

significant at the 5% level for the 6 and 12 month holding periods.  For the 12 month 

formation period, the difference between the low liquidity and high liquidity deciles for 

the 6 and 12 month holding periods is significant at the 10% level.  In summary, the 

estimates provided in the final column (right) in Table 3-6 suggests that the market-

wide liquidity premium can be estimated at between 0.09% to 0.15% per month.  

 

 

 

 52 



Table 3-6 Returns by Liquidity Sorted Deciles 
This table presents the monthly holding period returns for the period January 2000 to December 2010 for bond decile portfolios 
sorted by liquidity as determined by the Chen et al., (2007) methodology.  All returns are reported as monthly equivalents.  Panel A 
reports decile portfolio returns using a one-month formation period to calculate the liquidity estimate.  Panel B presents decile 
portfolio returns using a six-month formation period to calculate the liquidity estimate. Panel C report decile bond portfolio returns 
using a twelve-month formation period to calculate the liquidity estimate.  The bond portfolio with the lowest levels of liquidity is 
the L decile and the bond portfolio with the highest levels of liquidity is the H decile.  L-H is the difference between the lowest and 
highest decile portfolio returns.  t-statistics are presented in parentheses.  *, ** and ^ denote statistical significance at the 10%, 5% 
and 1% levels, respectively. 

L D2 D3 D4 D5 D6 D7 D8 D9 H L-H 
 
Panel A: 1 Month Formation Period 
1 month holding period         

0.622% 0.570% 0.543% 0.533% 0.547% 0.551% 0.525% 0.528% 0.493% 0.470% 0.152% 

(3.883)^ (5.008)^ (5.746)^ (6.887)^ (7.912)^ (9.550)^ (11.402)^ (14.458)^ (17.418)^ (18.465)^ (1.019) 

6 month holding period         

0.610% 0.581% 0.540% 0.539% 0.533% 0.542% 0.532% 0.518% 0.494% 0.487% 0.123% 

(10.015)^ (12.823)^ (13.926)^ (15.463)^ (17.530)^ (20.432)^ (22.448)^ (26.563)^ (30.016)^ (30.397)^ (2.139)** 

12 month holding period         

0.593% 0.548% 0.517% 0.523% 0.520% 0.537% 0.525% 0.513% 0.499% 0.487% 0.107% 

(14.151)^ (16.967)^ (19.147)^ (22.628)^ (24.301)^ (27.463)^ (29.757)^ (34.115)^ (38.069)^ (36.336)^ (2.680)^ 
 
Panel B: 6 Month Formation Period 
1 month holding period         

0.578% 0.593% 0.559% 0.561% 0.548% 0.551% 0.551% 0.519% 0.503% 0.455% 0.122% 

(3.526)^ (4.8522)^ (6.338)^ (7.386)^ (7.945)^ (9.614)^ (12.634)^ (14.615)^ (20.540)^ (20.221)^ (0.782) 

6 month holding period         

0.619% 0.546% 0.546% 0.554% 0.546% 0.561% 0.534% 0.522% 0.498% 0.482% 0.137% 

(9.484)^ (12.752)^ (14.433)^ (16.533)^ (17.445)^ (19.721)^ (22.650)^ (26.025)^ (31.445)^ (33.559)^ (2.099)** 

12 month holding period         

0.593% 0.549% 0.528% 0.536% 0.539% 0.545% 0.529% 0.522% 0.506% 0.486% 0.108% 

(12.662)^ (17.112)^ (19.096)^ (21.839)^ (24.381)^ (28.209)^ (29.552)^ (33.812)^ (37.893)^ (39.864)^ (2.225)** 
 
Panel C: 12 Month Formation Period 
1 month holding period         

0.566% 0.557% 0.550% 0.578% 0.556% 0.550% 0.528% 0.523% 0.491% 0.440% 0.126% 

(3.293)^ (5.159)^ (6.313)^ (7.535)^ (8.219)^ (9.850)^ (12.326)^ (15.258)^ (21.209)^ (21.404)^ (0.756) 

6 month holding period         

0.595% 0.527% 0.535% 0.564% 0.556% 0.537% 0.523% 0.519% 0.497% 0.468% 0.127% 

(9.084)^ (12.541)^ (13.524)^ (15.521)^ (17.897)^ (18.147)^ (22.615)^ (25.035)^ (31.832)^ (38.312)^ (1.904)* 

12 month holding period         

0.556% 0.512% 0.515% 0.539% 0.547% 0.541% 0.514% 0.511% 0.503% 0.465% 0.091% 

(12.363)^ (16.994)^ (17.917)^ (22.396)^ (24.199)^ (27.666)^ (29.260)^ (34.147)^ (38.543)^ (44.317)^ (1.910)* 
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Table 3-7 Average Credit Rating by Liquidity Sorted Deciles 
We report the Moody’s credit ratings in each liquidity decile.  The liquidity sorted decile portfolios are calculated using the 
Chen et al. (2007) methodology with a twelve month formation period.  The bonds with the highest liquidity costs are in the 
Low Liquidity (L) decile and the bonds with the lowest liquidity costs are in the High Liquidity (H) decile.   
 L D2 D3 D4 D5 D6 D7 D8 D9 H 
Aaa 33.33% 32.92% 31.43% 31.06% 29.73% 28.97% 29.89% 31.40% 29.02% 29.66% 
Aa 24.87% 25.19% 28.10% 29.29% 27.03% 27.34% 29.20% 30.19% 28.12% 29.21% 
A 25.13% 25.94% 25.00% 25.00% 25.68% 28.27% 25.98% 24.64% 27.21% 26.97% 
Baa 16.14% 15.71% 15.48% 15.48% 17.57% 15.42% 14.94% 13.77% 15.65% 14.16% 
Ba 0.26% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 
B 0.26% 0.25% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 

 

Of particular interest is whether the market-wide liquidity premium represents a genuine 

liquidity effect, or whether the observed results are related to influences from credit.  

Table 3-7 reports the average percentage of bonds classified by their Moody’s credit 

rating for each liquidity decile portfolio based on a 12 month formation period.  We find 

that the low liquidity (L) decile portfolio holds the largest proportion of AAA rated 

bonds.  Table 3-7 also reveals that the low liquidity portfolio (L) exhibits a similar 

proportion of bonds with commensurate credit ratings as the other nine deciles.   The 

overall evidence presented in Table 3-7 provides us with some confidence that there are 

minimal credit rating effects on these liquidity sorted decile portfolios examined in the 

study. 

The next step in the analysis is to estimate a proxy for the Australian liquidity risk 

factor.  To estimate a liquidity risk factor proxy, we calculate the difference in monthly 

returns between the 30% most illiquid bonds and the 30% most liquid bonds.  The 

twelve month formation period is used to determine the liquidity of the bonds which is 

consistent with the Chen et al., (2007) methodology.  Similar methodologies have been 

applied in the equity liquidity literature in both the Australian and U.S. markets by 

Limkriangkraia et al., (2008) and Liu (2006), respectively.  Monthly returns were 

selected to reflect the transitory nature of liquidity, therefore, a one month holding 

period is employed in the analysis. 

Table 3-8 reports the summary statistics for the liquidity risk factor.  Over the sample 

period, the average monthly liquidity factor returns 0.036% per month with a median 

return of 0.045% per month.  An interesting observation is that the mean, maximum, 

minimum and standard deviation of the liquidity risk factor proxy are all larger in 

magnitude than the default risk premium but are less risky than the term risk premium 
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(see Table 3-3).  Despite the differences in research methodology and country setting, a 

large proportion of the summary statistics reported in Table 3-8 corroborate with the 

Amihud liquidity factor estimated in Lin et. al., (2011).  Figure 3-5 illustrates the 

monthly returns of the market-wide liquidity risk factor from 2000 to 2010.  In the 

interest of brevity, Figure 3-5 illustrates the graph of the 12 month formation period 

with a one month holding period only.  The returns of the liquidity risk factor in Figure 

3-5 are particularly noisy with sharp upturns and downturns.  Again, a point of interest 

is the large dispersion of returns that correspond with major events such as the collapse 

of Lehman Brothers and the GFC in 2008.  We now proceed to the central research 

question considered in this study, the matter of whether the term, default and liquidity 

risk premia are systematic risk factors that can explain the common variation of 

Australian bond returns.28 

Table 3-8 Summary Statistics of the Liquidity Risk Factor Proxy 
This table presents the summary statistics of the market value-weighted liquidity 
risk factor for the period January 2000 to December 2010.  The monthly returns are 
calculated as the difference between the monthly returns of the 30% least liquid 
bonds and the 30% most liquid bonds using a 12 month formation period.  ADF is 
test statistic for the Augmented Dickey-Fuller test for stationarity and KPSS is the 
test statistic for the Kwiatkowski–Phillips–Schmidt–Shin test for stationarity.  *, ** 
and ^ denote statistical significance at the 10%, 5% and 1% levels, respectively. 
 Value-Weighted 
Mean 0.036% 
Median 0.045% 
Standard Deviation 1.080% 
Maximum 2.661% 
Minimum -3.752% 
Jarque-Bera 3.6035 
ADF -12.27^ 
KPSS 0.3017 

28 Table 3-8 presents the ADF and KPSS test results for stationarity.  According to these tests, the liquidity risk factor 
is stationary.   
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Figure 3-5: Value-Weighted Liquidity Risk Premium 

 

3.5.3 Systematic Risk Factors in Bond Returns 

Our examination of whether term, default and liquidity premia are potential systematic 

factors commences by estimating regressions on bond portfolios formed by credit 

ratings.  We construct market value-weighted bond portfolios sorted by their Moody’s 

major credit rating from Aaa to Baa.29  In the data sample employed in this study, there 

is limited information for Baa rated bonds before February 2005.  For this reason, the 

Baa sample is limited to returns since February 2005.  All other bond portfolios are 

analysed over the period from January 2000 to December 2010.  Following the 

construction of these portfolios, Table 3-9 provides regression estimates of the three-

factor asset pricing model of Eq. (3.10). 

Table 3-9 shows that the term, default and liquidity betas are all positive and significant 

over our observation period.  These regression coefficients for Australian bond returns 

are consistent with the findings from Lin et. al., (2011) for the U.S. setting.  The 

estimated betas imply that increases in these independent variables are associated with 

increases in bond returns across all bond portfolios sorted by credit rating.  We report 

29 Again, it is important to note that the lack of data for non-investment grade debt meant that lower rated bonds are 
excluded from the analysis.   
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insignificant intercepts of the Aaa, Aa and Baa bond portfolios.  However, it is 

interesting to observe that the intercept of the A-rated bond portfolio is positive and 

significant which suggests that, perhaps, some non-risk based explanations (biases in 

the methodology, market frictions, or market inefficiencies) may be a source of possible 

mispricing in this bond portfolio. 

Table 3-9 Regressions on Bond Portfolios Sorted by Credit Rating 
This table presents the results for Aaa, Aa and A rated bond returns from January 2000 to December 2010.  The 
Baa portfolio regression is for the period February 2005 to December 2010. The regression is 

 where  is the return of the portfolio of bonds formed on 
credit rating at time t,  is the risk-free rate,  is the difference between the monthly value weighted 
returns of Australian Commonwealth Government bonds with a maturity greater than ten years and the 90 day bank 
accepted bill.   is the difference in monthly returns of a value weighted portfolio of all corporate bonds a 
maturity greater than ten years and a value weighted portfolio of Australian Commonwealth Government bonds 
with a maturity greater than ten years.   is the value-weighted systematic liquidity risk premium 
calculated earlier in this paper orthogonalised to the Term and Default factors.  The final two columns report the 
term to maturity and Macaulay duration of the respective bond portfolios.  *, ** and ^ denote statistical 
significance at the 10%, 5% and 1% levels, respectively. 

 Intercept Term Default Liquidity Adj-R2 Term to 
Maturity 

Duration 

        
Panel A: Regression Coefficients 
Aaa 0.0003 0.3987 0.4137 0.1963 0.8785 5.10 4.15 
Aa 0.0003 0.2303 0.2891 0.4325 0.6730 3.57 3.03 
A 0.0009 0.2132 0.4333 0.9111 0.6406 3.15 2.74 
Baa 0.0005 0.1956 0.3843 0.6891 0.5049 3.02 2.64 
        
Panel B: Standard Errors 
Aaa 0.0003 0.0141 0.0470 0.0668    
Aa 0.0003 0.0164 0.0548 0.0780    
A 0.0004 0.0208 0.0695 0.0989    
Baa 0.0005 0.0229 0.0766 0.1090    
        
Panel C: t-statistics 
Aaa 1.0682 28.3410^ 2.1307* 8.8067^    
Aa 1.0260 14.0291^ 4.9924^ 5.2728^    
A 2.1906* 10.2465^ 8.4020^ 6.2352^    
Baa 1.1101 8.5231^ 5.2199^ 5.0157^    
 

Panel A of Table 3-9 reports that the largest and smallest term betas are related to the 

AAA and Baa bond portfolios, which exhibit the longest and smallest portfolio 

durations, respectively.  We report positive and significant default betas, however, they 

do not consistently increase with lower credit ratings.  This result is a function of the 

shorter durations associated with the lower credit ratings portfolio which masks the 

expected monotonic rise in the default beta.  We address this issue in the proceeding 

analysis where we perform a double-sort of these portfolios based on credit rating and 

duration.   
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Table 3-10 Regressions on Bond Portfolios Subdivided by Credit Rating and Duration 

We report the results of the following regression for bond returns between 31 January 2000 and 31 December 2010 (again, the Baa portfolio regression is for the period February 2005 to December 2010):  
 where  is the return of the portfolio of bonds formed on credit rating at time t,  is the risk-free rate,  is the difference between the monthly value weighted returns of Australian 

Commonwealth Government bonds with a maturity greater than ten years and the 90 day bank accepted bill.   is the difference in monthly returns of a value weighted portfolio of all corporate bonds a maturity greater than ten years 
and a value weighted portfolio of Australian Commonwealth Government bonds with a maturity greater than ten years.   is the value-weighted systematic liquidity risk premium calculated earlier in this paper orthogonalised to the 
Term and Default factors.  Panel A reports the regression coefficients for each regression.  Panels B and C report the standard errors and t-statistics for the coefficients, respectively.  Panel D presents the portfolio monthly mean, median, 
standard deviation, term to maturity (in years) and Macaulay duration (in years).  *, ** and ^ denote statistical significance at the 10%, 5% and 1% levels, respectively. 
Credit Rating Aaa Aaa Aaa Aaa Aa Aa Aa Aa A A A A Baa Baa Baa Baa 
Duration (years) 0 to 1 1 to 3 3 to 5 > 5 0 to 1 1 to 3 3 to 5 > 5 0 to 1 1 to 3 3 to 5 > 5 0 to 1 1 to 3 3 to 5 > 5 
Panel A: Coefficient             
Intercept 0.0003 0.0005 0.0005 0.0003 0.0003 0.0007 0.0005 -0.0005 0.0008 0.0012 0.0011 0.0018 0.0005 0.0014 0.0027 0.0009 
Term 0.0546 0.1909 0.4082 0.7400 0.0178 0.1757 0.3599 0.5729 0.0177 0.1490 0.3311 0.6120 -0.0016 0.2096 0.3637 0.5974 
Default 0.0432 0.2302 0.4685 0.7313 0.1130 0.2259 0.4877 0.6788 0.0725 0.3555 0.6663 0.9321 0.1541 0.2904 0.5465 0.5058 
Liquidity 0.0159 0.0889 0.2040 0.1243 0.0949 0.2619 0.6332 1.9596 0.2907 0.7117 1.4944 1.3449 -0.1084 0.9072 0.7765 1.0371 
Panel B: Standard Error             
Intercept 0.0002 0.0003 0.0004 0.0002 0.0002 0.0004 0.0005 0.0008 0.0002 0.0004 0.0006 0.0011 0.0010 0.0008 0.0010 0.0024 
Term 0.0107 0.0161 0.0206 0.0106 0.0118 0.0172 0.0237 0.0390 0.0108 0.0219 0.0308 0.0519 0.0464 0.0409 0.0489 0.1152 
Default 0.0283 0.0538 0.0689 0.0354 0.0348 0.0574 0.0790 0.1303 0.0352 0.0730 0.1029 0.1734 0.1241 0.1116 0.1335 0.3140 
Liquidity 0.0439 0.0765 0.0980 0.0503 0.0521 0.0817 0.1125 0.1854 0.0521 0.1038 0.1464 0.2468 0.1922 0.1719 0.2057 0.4842 
Panel C: t-statistic                
Intercept 1.3494 1.4365 1.1722 1.3164 1.3779 1.8385 0.9318 -0.6417 3.7951^ 2.6778^ 1.7006 1.7131 0.4825 1.6406 2.6366* 1.3494 
Term 5.0931^ 11.8542^ 19.7814^ 69.8634^ 1.5000 10.2179^ 15.2043^ 14.6827^ 1.6370 6.8194^ 10.7467^ 11.7811^ -0.0342 5.1253^ 7.4343^ 5.0931^ 
Default 1.5252 4.2814^ 6.7986^ 20.6772^ 3.2523^ 3.9350^ 6.1698^ 5.2096^ 2.0583* 4.8714^ 6.4762^ 5.3738^ 1.2416 2.6027* 4.0944^ 1.5252 
Liquidity 0.3617 1.1621 2.0811* 2.4696* 1.8190 3.2064^ 5.6299^ 10.5701^ 5.5772^ 6.8553^ 10.2083^ 5.4498^ -0.5638 5.2775^ 3.7755^ 2.1418* 
                 
Adjusted R2 0.2827 0.5622 0.7824 0.9775 0.1275 0.5142 0.7124 0.7528 0.3374 0.4912 0.6867 0.6184 -0.0181 0.4285 0.5146 0.2903 

Panel D: Portfolio Statistics                
Mean 0.46% 0.50% 0.49% 0.47% 0.47% 0.51% 0.48% 0.38% 0.51% 0.55% 0.53% 0.65% 0.49% 0.48% 0.72% 0.47% 
Std. Dev. 0.21% 0.56% 1.00% 1.60% 0.23% 0.56% 0.98% 1.72% 0.25% 0.66% 1.18% 1.87% 0.73% 0.86% 1.09% 2.35% 
Median 0.44% 0.44% 0.45% 0.55% 0.46% 0.48% 0.47% 0.52% 0.50% 0.52% 0.58% 0.57% 0.53% 0.52% 0.62% 0.69% 
Maturity 0.52 2.06 3.98 7.99 0.53 2.09 3.89 7.18 0.53 2.03 3.92 6.99 0.52 2.00 3.93 6.26 
Duration 0.44 1.93 3.52 6.23 0.47 1.95 3.43 5.70 0.47 1.90 3.46 5.57 0.48 1.87 3.45 5.10 



Furthermore, the Baa portfolio represents 5.97% of the data sample (i.e. 4 bonds only), 

therefore, caution is warranted before we make strong inferences in relation to this 

relatively small bond portfolio.   

The results presented in Table 3-9 exhibit liquidity betas that generally increase as the 

credit rating decreases.  This finding is consistent with Lin et al., (2011) who show that 

low-quality bonds are generally more sensitive to fluctuations in the liquidity risk 

factor.  Finally, Table 3-9 reports high adjusted-R2s for the AAA portfolio, which 

decrease with lower quality bond portfolios and this is also consistent with Lin et al., 

(2011).  Overall, the central finding in Table 3-9 suggests that all three systematic risk 

factors matter in explaining the variation of Australian bond returns when they are 

grouped into portfolios sorted by credit ratings. 

As a final test of robustness, we further subdivide each credit rating category into four 

portfolios sorted by Macaulay duration.  We estimate the three-factor asset pricing 

model in Eq. (3.10) on these 16 bond portfolio returns and the results are reported in 

Table 3-10.  The estimates from the regression analysis presented in Table 3-10 confirm 

that the term, default and liquidity risk premia are positive and significant for a large 

proportion of these bond portfolios (with 13 out of the 16 bond portfolios reporting 

insignificant intercepts).  We find that 13 out of 16 portfolios have significant Term 

betas.  Unsurprisingly, the bond portfolios with the longest Macaulay durations exhibit 

the largest term betas, reflecting their sensitivity to the term structure of interest rates.  

Moreover, 13 out of 16 portfolios reported significant default betas.  Apart from the Baa 

portfolios, Table 3-10 shows that default betas generally increase within each credit 

rating category which reflects the higher credit risk associated with changing economic 

conditions in each credit rating category.  A total of 12 out of 16 portfolios are 

characterised as having significant liquidity betas.  These results continue to show that 

liquidity betas are negatively correlated with credit ratings, which again is consistent 

with Lin et al., (2011).  

Finally, the Aaa rated portfolios exhibit the highest adjusted-R2s in each duration 

category and the coefficient of determination usually decreases with lower credit 

ratings.  This finding suggests that Aaa rated bond returns are more closely priced to the 

three systematic risk factors while lower credit rated bond returns tend to fluctuate more 

due to non-risk based factors.  As with previous international findings, we report that all 
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bond portfolios in the 0 to 1 year duration category exhibit the lowest adjusted-R2s 

across all credit rating categories, which suggests that bonds trading at the short end of 

the yield curve are exposed to idiosyncratic or non-risk based pricing factors that are not 

captured by the term, default and liquidity systematic risk factors. 

3.6 Conclusion 

The robustness of systematic risk factors in capturing the cross-section of bond returns 

is an important issue for practitioners and academe alike.  Using the extant literature in 

the U.S. setting, we have explored a largely under-researched institutional framework, 

namely, the Australian bond market, to provide further insights into the debate.  We 

provided new evidence on bond liquidity and employed this as an information variable 

to estimate a market-wide liquidity risk premium in Australia.  We then employed term, 

default and liquidity premia as proxies for systematic risks factors in bond returns. 

Given the small sample of bonds employed in the analysis, care must be taken in 

generalising the findings of this study to the Australian bond market as a whole.  

However, our findings are largely consistent with studies of systematic risks faced by 

US bond investors. The estimation of an Australian bond liquidity risk factor has 

allowed the time-variation of this systematic risk to be captured.  We document that a 

three-factor model approach to the asset pricing for bonds seems robust regardless of 

whether bonds are sorted by credit rating or duration portfolios.  The pervasiveness of 

the three systematic risk factors identified both in the U.S. and Australia has important 

implications for practice.  Our findings suggest that an empirical asset pricing model 

with the three systematic risk factors of term, default and liquidity factors can be 

efficiently used for practical applications such as calculating the cost of debt, 

performance evaluation of active bond fund managers, and the hedging of the 

underlying risks in bond portfolios. 

This chapter has demonstrated that three systematic risk factors explain the majority of 

the variation of returns for Australian bonds.  In the next chapter we will examine the 

ability of these factors to explain the variation of returns of bonds issued by PPPs in 

Australia.   
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Chapter 4 Systematic Risk Factors in the Returns 
of Australian PPP Bonds 

 

4.1 Introduction 

Chapter Three demonstrated that the systematic risk factors of term, default and 

liquidity explain a significant proportion of the variation of Australian bond returns.  In 

Chapter Four, we extend this analysis by specifically examining the ability of the 

systematic risk factors to explain the returns of bonds issued by Public Private 

Partnerships (PPPs).  Prior research on PPPs by Grimsey and Lewis (2002), Quiggin 

(2005) and Alonso-Conde, Brown and Rojo-Suarez (2007) has focused on project 

specific risks and how these are allocated between parties.  In light of the proposals to 

employ PPPs to provide economic infrastructure in Australia, an analysis of the 

systematic risk factors that determine their returns is warranted.  This will help in 

understanding the relative advantages and investment merits of the ownership of PPP 

bonds.   

If increased adoption of PPPs in the provision of infrastructure is to be achieved, the 

systematic risk factors that explain the variation in PPP bond returns is important 

information for investors.  A review of the PPP literature reveals that previous studies 

have examined how the contractual structure of a PPP impacts on the pricing of debt.  

However, no research has considered whether PPP debt returns can be explained by 

systematic risk factors or idiosyncratic risks.  As such, this chapter represents an 

original contribution to the body of knowledge of the determinants of PPP bond returns.   

This study finds that the three systematic risk factors identified in Chapter Three, that is, 

term, default and liquidity can explain the variation of Australian PPP bond returns.  

Furthermore, this study supports the hypothesis advanced in Dailami and Hauswald 

(2007) and Blanc-Brude and Strange (2007) that investors in project finance and PPPs 

value residual risk as well as systematic risk.30   

This study demonstrates that systematic risk factors are efficient in explaining the 

variation of PPP bond returns.  This finding is important, as for the first time, the risk 

30 Dailami and Hauswald (2007) define residual risks as risks not explicitly managed through interlocking contracts 
in the context of project finance. 
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factors that explain the majority of the variation of returns for PPPs have been 

quantified.  This study represents an original contribution to the literature as prior 

studies on PPPs have only examined the pricing of contractual risks and have not 

considered the systematic risks that explain the common variation of PPP bond returns.   

The rest of the study is organised as follows.  Section 4.2 provides a brief review of the 

related literature.  Section 4.3 reviews the methodology employed in this study.  Section 

4.4 describes the data used in this study followed by Section 4.5 which reviews the 

results of the analysis.  Finally, Section 4.6 provides concluding remarks.   

4.2 Related Literature 

The existing research on PPP returns is rooted in the project finance literature.  This is 

understandable as Spackman (2002) and Blanc-Brude and Strange (2007) all state, that 

PPPs are a subset of the project finance industry.  Project finance is defined by Esty 

(2004) as: 

“creation of a legally independent project company financed with 

equity from one or more sponsoring firms and non-recourse debt for 

the purpose of investing in a capital asset” [p. 213] 

Esty (2004) argues that the study of project finance companies can provide tremendous 

insights into areas including capital structure, agency theory and asymmetric 

information.  When the valuation of project finance investments is considered, previous 

research has followed the work of Jensen and Meckling (1976), who stated that a firm is 

a nexus of contracts.   

Esty (2002) employs this approach to examine both the risk and returns of project 

finance investments.  Esty (2002) first examines the risks of the project and how these 

risks are mitigated through contractual structures.  As a result of this analysis, Esty 

(2002) finds that the upside returns of a project finance investment are limited.  Esty 

(2002) argues that this is due to the nature of the asset being financed and the 

contractual structures employed to reduce the risk of the project.   

The approach of Esty (2002) is employed by Dailami and Hauswald (2007) to identify 

and examine the risks being priced by investors in project finance investments.  Dailami 

and Hauswald (2007) hypothesise that investors only demand a return for ‘residual 
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risks’ in project finance companies.  ‘Residual risks’ according to Dailami and 

Hauswald (2007), are risks borne by investors because these exposures are not being 

allocated to parties through contractual arrangements.  An example provided by Dailami 

and Hauswald (2007) is the risk associated with a default of the primary customer of a 

25 year energy supply contract.  The project examined was the Ras Gas project in Qatar 

which issued U.S. dollar denominated bonds.  Dailami and Hauswald (2007) identified 

that investors in the bonds adjust their return expectations as a result of changing 

expectations of counterparty risk arising from a 25 year sales and purchase agreement.  

Dailami and Hauswald (2007) demonstrate that investors are unable to enter into a 

contract to ensure completion of the sales and purchase agreement if the counterparty 

enters bankruptcy, and as a result, this exposure is referred to as a residual risk.   

Blanc-Brude and Strange (2007) draw similar conclusions when examining a large 

cross-section of infrastructure projects from PPPs in the United Kingdom, to toll roads 

in Europe.  Blanc-Brude and Strange (2007) seek to explain the determinants of the 

interest rates charged on bank loans to PPPs.  The model Blanc-Brude and Strange 

(2007) present assumes that PPPs, as a project finance investment, can be represented as 

a nexus of contracts.  As a result, Blanc-Brude and Strange (2007) state that banks will 

only price risks that are uncontrolled by contracting arrangements within the PPP.  To 

examine this hypothesis, Blanc-Brude and Strange (2007) conduct a cross-sectional 

regression of the loans’ interest rate spread on several systematic and project specific 

risk proxies.  Blanc-Brude and Strange (2007) find that the term to maturity, seniority, 

type of loan facility and whether the purpose of funds (i.e. either to refinance previous 

borrowings or as a new financial commitment for the infrastructure project) impacted on 

the cost of funds.  Furthermore, Blanc-Brude and Strange (2007) also find that the size 

of the project’s capital spend as well as the riskiness of the revenue also impacted on the 

pricing of the loans.   

The review of the literature relating to project finance bonds and PPP loans raises two 

significant questions.  First, despite the wide development of Australian infrastructure, 

there is a paucity of empirical research on project finance and PPPs in Australia.  As 

discussed in Chapter Two of this PhD thesis, the current Australian PPP literature is 

concerned with policy and risk allocation.  To the author’s knowledge, no research 

exists which examines Australian PPP bond returns in an asset pricing framework.  This 

scarcity of research attention is evident despite the fact that a large number of PPP 
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transactions have been entered into in Australia in recent years.31 Second, prior studies 

on the returns of project finance have focused on contractual arrangements and residual 

risk.  The focus on the role of residual risk in the explanation of the variation of returns 

of project finance investments by Dailami and Hauswald (2007) and Blanc-Brude and 

Strange (2007) appears inconsistent with asset pricing theories such as the CAPM.  

Whilst undoubtedly the contractual arrangements are important, no literature has 

examined the role that systematic risk factors play in the pricing of PPPs.  Blanc-Brude 

and Strange (2007) provides some evidence that systematic risk factors play a role in 

explaining the pricing on PPP loans.  However, Linklaters (2011) states that subsequent 

to the Global Financial Crisis and the implementation of Basel III, from 2013 the ability 

of banks to provide this funding will be limited and expensive.  As a result, there are 

moves to develop an infrastructure bond market to provide debt funding for PPPs.  This 

creates a need to understand what factors explain the returns of these bonds.  

Furthermore, the Infrastructure Finance Working Group of the Council of Australian 

Governments 2012 report into Infrastructure Finance Funding Reform states that 

Australian Government should ease the restrictions on the use of bonds to finance 

infrastructure.  However, there has been no examination of the ability of systematic risk 

factors to explain the variation of PPP bond returns.  The work of Fama and French 

(1993), Gebhardt, Hvidkjaer, Swaminathan (2005) and Lin, Wang and Wu (2011) and 

Chapter Three of this thesis all demonstrate that the variation of Australian bond returns 

can be explained by three systematic risk factors.  It is only now that sufficient data is 

available that allows the examination of the systematic risk factors of bonds issued by 

PPPs in Australia.  As a result, this study will provide a first look at the systematic risk 

factors identified in Chapter Three and whether they can explain the variation of returns 

of Australian PPP bonds.   

4.3 Methodology 

The methodology employed in this study is identical to the techniques employed in 

Chapter Three which examine the systematic risk factors that explain Australian bond 

returns.  Consistent with the methodology employed in Fama and French (1993), 

Gebhardt et. al.,. (2005) and Lin et. al.,. (2011), the following regression for the PPP 

bond portfolio returns is estimated: 

31 Since 2005 Infrastructure Australia (2013a) reports that more than $34 billion has been invested in 51 PPPs in 
Australia.   
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-  (4.1) 

where: 

 is the return of the PPP portfolio bond i at time t; 

 is the risk-free proxy which is the 90 day bank accepted bill rate sourced from the 

Reserve Bank of Australia; 

 is the difference between the monthly value weighted returns of Australian 

Commonwealth government bonds with a maturity greater than ten years and the 90 day 

bank accepted bill; 

 is the difference in monthly returns of a value-weighted portfolio of all 

corporate bonds a maturity greater than ten years and a value-weighted portfolio of 

Australian government bonds with a maturity greater than ten years; and, 

 is the systematic liquidity premium calculated earlier in this study 

orthogonalised to the Term and Default factors.32 

4.4 Data 

The data employed in this study is a subset of the dataset employed in Chapter Three of 

this thesis.  As such, this study employs the sample of bonds which are the constituents 

of the UBS Australia All Composite Bond Index.  As stated in Chapter Three, Gallagher 

and Jarnecic (2002) note that there is extensive use of the UBS index in Australia as a 

benchmark. This provides some comfort that this index and the bond information from 

UBS is assembled using the best available price data and is accepted as the bell-weather 

portfolio for the Australian bond market.  As a result, there is some comfort that the 

bonds included in the index are accurate and the price data is not stale.   

As with Chapter Three, in order to identify the systematic risk factors for this study, the 

daily bond prices of the UBS Australia Composite Bond Index constituents were 

obtained from Datastream.  Where the bond was a constituent of the UBS Australia 

32 As discussed in Chapter Three, there is a high correlation between the liquidity, term and default factors.  To 
remove the term and default factor effects from the systematic liquidity factor, we estimate an orthogonalised 
systematic liquidity factor.  The value-weighted systematic liquidity factor exhibit a correlation with the term and 
default factors of 0.84, and 0.32, respectively.  
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Composite Bond Index but no data record was present in Datastream, the bond was 

excluded from the analysis.  As a result, this study consists of 640 bonds in the sample.   

At the end of each month, the clean price, coupon rate and maturity for all semi-

government, corporate and asset-backed bonds were obtained from 1 January 1999 to 

31 December 2010.  In the interests of obtaining reliable and indicative market prices 

for Australian bonds, these prices were obtained from UBS Australia, the provider of 

the UBS Australia All Composite Bond Index.  These bond prices are employed in the 

calculation of returns and the estimation of the systematic risk factors.   

Similar to Chapter Three, credit ratings for the bonds were obtained from Moody’s 

Investor Services.  Where bonds were not rated by Moody’s, Standard and Poor’s credit 

rating were employed.  The Moody’s Investor Services rating was selected where there 

was a conflict in the credit rating, consistent with Lin et. al.,. (2011).  Table 4-1 shows 

the percentage of bonds in the data sample classified by their Moody’s credit rating. 

Table 4-1 Sample Credit Ratings 
This table displays the percentage of bonds by credit rating included in the data sample.  Only 
Moody’s major credit ratings are employed in the analysis. 

Aaa Aa A Baa Ba B 
44.01% 25.75% 24.27% 5.96% 0.00% 0.01% 

      

Bond returns were calculated using price and yield data obtained on the last day of each 

month.  The return formula is given as: 

 (4.2) 

where: 

 is the clean price of the bond at the end of month t; 

 is the accrued interest for the bond at the end of month t; 

 is any coupon paid during month t; 

-  is the clean price of the bond at the end of month t-1; and, 

-  is the accrued interest for the bond at the end of month t-1. 
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The 90 day bank accepted bill rate was sourced from the Reserve Bank of Australia and 

is employed as the proxy for the risk-free rate.  This data was employed to be consistent 

with Brailsford, Handley and Maheswaran (2008) and removes the need to estimate a 

risk-free rate for a significant period of analysis.33   

The systematic risk factors employed in this study are the same factors employed in 

Chapter Three of this thesis.  The systematic default and term risk factors employed in 

this study are estimated as per the methodology described in Fama and French (1993).  

The term risk premium is the difference between the monthly value-weighted returns of 

Australian Commonwealth government bonds with a maturity greater than ten years and 

the 90 day bank accepted bill rate.  The default risk premium is the difference in 

monthly returns of a value-weighted portfolio of all corporate bonds a maturity greater 

than ten years and a value-weighted portfolio of Australian Commonwealth government 

bonds with a maturity greater than ten years.  The Australian Commonwealth 

government bond returns are calculated from prices obtained from the Reserve Bank of 

Australia website.   

As described in Chapter Three of this thesis, the systematic liquidity proxy is estimated 

by calculating the difference in monthly returns between the 30% most illiquid bonds 

and the 30% most liquid bonds.  The liquidity of individual bonds is estimated using the 

Chen, Lesmond and Wei (2007) methodology.  Following the methodology described in 

Chapter Three of this thesis, a 12 month formation period is used to determine the 

liquidity of the bonds.  This approach is consistent with the Chen et. al., (2007) 

methodology.  Once the liquidity of bonds is estimated, the subsequent one month 

return is employed to estimate the liquidity factor.   

Table 4-2 reports the summary statistics for the term, default and liquidity systematic 

risk factors.  As reported in Chapter Three, the average term factor risk premium in 

Australia during the sample period was 0.126% per month.  Table 4-2 also reports that 

the average Australian default factor risk premium was 0.01% per month and a median 

of 0.05% per month.  As stated in Chapter Three, the term risk factor of 0.126% per 

month in Australia is largely consistent with other studies such as Fama and French 

(1993) and Lin et. al., (2011) who estimate a term premium in the U.S. at 0.06% and 

33 Following the election of the John Howard federal Government in 1996, there was a policy choice to reduce 
Government debt levels. Budget surpluses were produced and the Australian federal government debt was reduced 
resulting in Treasury notes no longer being issued by the Australian federal government in 2003. 
http://www.aofm.gov.au/content/_download/Historical_tables/Historical_07_08/TableH14.pdf 
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0.36% per month, respectively.  The Australian default risk factor of 0.01% per month 

is in line with U.S. studies including Fama and French (1993) and Lin et. al., (2011) 

who estimate a U.S. default risk factor of 0.02% and 0.12% per month, respectively. 

Finally, the U.S. studies by Fama and French (1993) and Lin et. al., (2011) measure the 

correlation between the term factor and default factor at -0.69 and -0.46, respectively.  

The liquidity factor reported in Table 4-2 has a mean return of 0.036% per month and a 

median return of 0.045% a month.  Panel B of Table 4-2 reports the correlation 

coefficients for the three factors employed in this analysis.  The small negative 

correlation between the term and default factors leads to the conclusion that these two 

variables are uncorrelated.  However, the high correlations between the liquidity factor 

and the term and default factors violate the Ordinary Least Squares assumptions of 

independence.  In order to reduce the collinearity in the regressions, the liquidity factor 

is orthagonalised to both the term and default factor.34   

Table 4-2 Summary Statistics of Systematic Risk Factors 
Panel A of this table presents the summary statistics of the Fama and French (1993) Australian 
term, default and liquidity systematic risk factors for the period 31 January 2000 to 31 December 
2010.  The Term factor is the difference between the monthly value weighted returns of 
Australian Government bonds with a maturity greater than ten years and the 90 day bank 
accepted bill.  Default is the difference in monthly returns of a value weighted portfolio of all 
corporate bonds a maturity greater than ten years and a value weighted portfolio of Australian 
Government bonds with a maturity greater than ten years.  The Liquidity factor is the difference 
between the monthly returns of the 30% least liquid bonds and the 30% most liquid bonds 
employing a twelve month formation period.  Panel B of this table presents the correlation 
coefficients for the Fama and French (1993) Australian term, default and liquidity systematic 
risk factors.  All correlations are for the period 1 January 2000 to 31 December 2010.  ADF is 
the test statistic for the Augmented Dickey-Fuller test for stationarity and KPSS is the test 
statistic for the Kwiatkowski–Phillips–Schmidt–Shin test for stationarity.  *, ** and ^ denote 
statistical significance at the 10%, 5% and 1% levels, respectively. 
 Term Factor Default Factor Liquidity Factor  
Panel A: Descriptive Statistics 
Mean 0.126% 0.010% 0.036% 
Median -0.023% 0.047% 0.045% 
Maximum 5.393% 1.646% 2.661% 
Minimum -5.517% -3.467% -3.752% 
Standard Deviation 2.053% 0.597% 1.080% 
Jarque-Bera statistic 0.5784 539.08^ 3.6035 
ADF -11.09^ -7.22^ -12.27^ 
KPSS 0.092 0.13 0.30 
Panel B: Correlation Coefficients 
Term 1.0000   
Default -0.0563 1.0000  
Liquidity 0.8409 0.3280 1.0000 
    

34 It is interesting to note that the ADF and KPSS test results presented in Table 4-2 indicate that all variables are 
stationary. 
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This study examines the ability of systematic risk factors to explain the variation of 

returns of three portfolios of PPP bonds.  PPPs in Australia have access to a variety of 

debt funding options, and as a result, not all PPPs in Australia use nominal bonds to 

provide debt finance.  In this sample period (from 1 January 2000 to 31 December 

2010), there are only six PPP nominal bonds issued in Australia which are included in 

the UBS Australia All Composite Bond Index.  As a result, these six PPP bonds will be 

combined into market value-weighted portfolios.  Market value-weighted portfolios are 

employed in this study, so as to create genuine investable portfolios for the analysis.  

The five PPP bond issuers are Civic Nexus, Lane Cove Tunnel, Praeco, Royal Women’s 

Hospital Finance and Southbank TAFE.  This next section of this chapter will examine 

the individual PPPs separately and provides a brief background of each project.  The 

first PPP examined is Civic Nexus.   

Civic Nexus 

According to Partnerships Victoria (2012), the Victorian Government entered into an 

arrangement with Civic Nexus to design, build, finance and maintain the Spencer Street 

Station (now Southern Cross Station) for a period of 30 years on 2 July 2002.  Civic 

Nexus was led by ABN Amro Australia which also financed the PPP.  Other members 

included Leighton Contractors, Honeywell and Delaware North Australia whose roles 

were to construct and operate the PPP.  According to the Victorian Auditor General 

(2007) completion was scheduled to occur in April 2005, with the station entering the 

operations phase of the PPP.  However, as a result of construction delays practical 

completion occurred in July 2006 (Partnerships Victoria (2012)).  The delays in 

construction resulted in a dispute between Leighton Contractors and the Victorian 

Government.  According to the Victorian Auditor General (2007) the dispute was 

settled following a $32.25 million payment from the State to the concessionaire and the 

developer.   

In order to finance the development of the station, three lines of bonds were issued.  

Moody’s (2003) identifies two lines of bonds issued in October 2002.  The details of the 

bonds are a $157.9 million issue of nominal bonds maturing on 15 September 2014 and 

a $135 million issue of CPI Linked bonds maturing on 15 September 2032.  

Subsequently, in April 2003, a third line of bonds of US$73.9 million of nominal bonds 

69 
 



maturing on 15 September 2014 was issued.  For the purposes of this study, we examine 

the $157.9 million issue of nominal bonds maturing on 15 September 2014 only. 

Lane Cove Tunnel 

On 1 October 2003 the Lane Cove Tunnel Consortium was announced as the winner of 

a bidding process to finance, design, construct, operate and maintain the Lane Cove 

Tunnel for 30 years after construction according to RTA (2007).  The members of the 

Lane Cove Tunnel Consortium, according to RTA (2007), were Thiess John Holland, 

Transfield Holdings Pty Limited, and ABN AMRO.  According to RTA (2007), the 

Lane Cove Tunnel itself is a tolled 3.6 km dual tunnel motorway beneath Sydney.  

Construction was completed and operations began on 25 March 2007.  Herbert (2010) 

details that subsequent to its opening, traffic revenue failed to meet expectations, and as 

a result the Lane Cove Tunnel Consortium entered into receivership in January 2010.   

Moody’s (2009) reports that the original financing of the Lane Cove Tunnel included 

approximately $1,140 million worth of bonds that were issued in six tranches and were 

insured by MBIA Insurance Corporation.  Tranche 1 was $127 million of CPI indexed 

bonds maturing in December 2028.  Tranche 2 was $113 million of CPI indexed bonds 

scheduled to mature in September 2022.  Tranche 3 was $259 million of nominal bonds 

scheduled to mature in December 2015.   

Tranche 4 was $192 million of floating rate bonds scheduled to mature in December 

2015.  Tranches 5 and 6 comprised of $150 million of guaranteed fixed rate bonds due 

December 2013 and $301 million of guaranteed fixed rate bonds due December 2013, 

respectively.  Not all data is available for every tranche.  The only information available 

is for tranches 3 and 5, therefore only these tranches are included in this sample.  These 

tranches will be denoted Lane Cove 1 for tranche 3 and Lane Cove 2 for tranche 5.  

Furthermore, owing to the poor performance of the toll road, the bonds issued by the 

Lane Cove Tunnel were removed from the UBS Australia All Composite index in 

March 2009.  Given the exclusion from the index at this time, it is highly likely that 

accurate price and return data is lacking.  As a result, from March 2009 the bonds are 

excluded from the sample in this study.   
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Praeco 

According to the Australian National Audit Office (ANAO) (2009), Praeco Pty Limited 

was awarded a 30 year contract to design, construct, finance, operate and maintain 

Australia’s Joint Operations Command facilities in May 2006.  According to ANAO 

(2009), in return for the provision of the facilities, Praeco Pty Limited were to receive 

an availability payment.  The members of the Praeco Pty Limited consortium were 

Leighton Contractors, Leighton Services and Boeing Australia Limited, which was later 

replaced by ABN AMRO.  Construction was completed and the facilities entered 

service in July 2008.  Once the contract is completed in July 2036, according to ANAO 

(2009) the facilities will revert to Australian Government ownership.   

In order to finance the development of the facilities, Moody’s (2007a) identified two 

lines of bonds issued by Praeco.  These bonds were issued with a guarantee from 

Financial Guaranty Insurance Company.  The first tranche of nominal bullet bonds had 

a maturity of July 2022 and a face value of $215.69 million.  The second tranche of 

bonds were CPI linked with a face value of $52 million and a July 2020 maturity.  For 

the purposes of this study, only the nominal bonds of Praeco will be included in the 

sample.35   

Royal Women’s Hospital Partnership (RWHP) 

According to Infrastructure Partnerships Australia (2009) the Royal Women’s Health 

Partnership was awarded a concession in 2005 to design, build and provide support 

services for the women’s hospital in Melbourne. The hospital began operations on 22 

June 2008 and the concession is set to expire in June 2033.  Partnerships Victoria 

(2011) identifies the members of the Royal Women’s Health Partnership as Bilfinger 

Berger Project Investments, Baulderstone Hornibrook, Design Inc, Woodhead 

International, United Group Services, ANZ and Macquarie Bank.   

To finance the hospital, Moody’s (2005) identifies   two lines of bonds that were issued.  

The first nominal bond has a maturity of 26 March 2017 with a face value of $148 

million.  The second line of bonds are CPI index bonds with a maturity of 2 June 2033 

and a face value of $145 million.  Only the nominal bonds of the Royal Women’s 

Hospital Partnership are included in the sample.   

35 All PPP bonds examined in this study are nominal bullet bonds.  This is to be consistent with the prior research of 
Fama and French (1993) and Lin et. al., (2011) that only examine nominal bonds.   
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Axiom Education Queensland (AEQ) 

The Queensland Premier Peter Beattie (2005) announced the Axiom Education 

Queensland Consortium had been awarded the contract to redevelop the Southbank 

Institute of TAFE site in Brisbane.  Axiom Education Queensland, according to Ernst 

and Young (2008), comprised ABN Amro, John Holland and Spotless Facilities 

Management.  Once the site is redeveloped, the Axiom Education Queensland 

consortium is then responsible for the operations and maintenance for a period of 30 

years.  According to Queensland Treasury (2012), the project reached practical 

completion on 31 October 2008.   

To finance the facilities of the PPP, Moody’s (2007b) identified three lines of bonds 

issued by Axiom Education Queensland.  The first line was $95 million of CPI Indexed 

Bonds issued in June 2005.  The second line were $127.76 million of nominal bullet 

bonds issued in June 2006.  Finally, the third line of $19.65 million of nominal annuity 

bonds was issued in January 2007.  For the purposes of this study, the $127.76 million 

of nominal bullet bonds are included in the analysis.  The summary statistics for the 

bonds included in this study are presented in Table 4-3.   

Panel A Table 4-3 demonstrates that four of the six PPP bonds included in the sample 

exhibit positive average returns.36  The two bonds that exhibit negative average returns 

are issued by the Lane Cove Tunnel PPP project.  This negative return can be explained 

by the financial troubles experienced by the Lane Cove Tunnel when traffic revenue 

failed to meet expectations.  The highest average returns are exhibited by Civic Nexus.  

It is interesting to observe a high degree of correlation in returns, in Panel B of Table 4-

3, for bonds issued by Civic Nexus, Praeco, Royal Women’s Hospital Partnership and 

Axiom Education Queensland.  This correlation may be due to these PPPs not entering 

receivership like Lane Cove Tunnel or, as a result of the revenue support mechanism 

which is common across these PPPs (see Panel C of Table 4-3).37   

 

 

36 Furthermore, Panel A of Table 4-3 reports the ADF and KPSS test statistics for stationary.  These test statistics 
indicate that for all individual bonds in the study, the returns are stationary.  
37 Infrastructure Australia (2008c) states that for PPPs where governments provide revenue support, the private sector 
partner receives payments from government once operation of the infrastructure has commenced.  These payments 
are contingent on the private sector’s performance in supplying the services to an agreed standard.   
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Table 4-3 Descriptive Statistics of PPP Bonds 
Panel A of this table presents the mean, standard deviation, median, maximum and minimum value 
for the individual PPP bond returns included in the sample.  Panel B of this table presents the 
correlations of the bond returns in this study.  Panel C of this table presents the revenue support 
mechanisms for each of the PPPs.  Availability Payment is a revenue mechanism where the 
government pays the PPP firm for providing the infrastructure.  Market Demand is a revenue 
mechanism where the private users of the infrastructure are the revenue source of the PPP firm.  The 
analysis periods are as follows: Civic Nexus November 2002 to December 2010, Lane Cove Tunnel 1 
December 2006 to February 2009, Lane Cove Tunnel 2 December 2006 to February 2009, Praeco 
December 2007 to December 2010, RWHP July 2005 to December 2010 and AEQ August 2006 to 
December 2010.  ADF is the test statistic for the Augmented Dickey-Fuller test for stationarity and 
KPSS is the test statistic for the Kwiatkowski–Phillips–Schmidt–Shin test for stationarity.  *, ** and 
^ denote statistical significance at the 10%, 5% and 1% levels, respectively. 

 
Civic 
Nexus 

Lane Cove 
Tunnel 1 

Lane Cove 
Tunnel 2 Praeco RWHP AEQ 

 
Panel A: Descriptive Statistics 
Mean 0.49% -1.08% -1.11% 0.09% 0.36% 0.31% 
Median 0.66% 0.14% -0.03% 0.17% 0.15% 0.28% 
Maximum 5.02% 9.16% 10.63% 5.10% 4.63% 5.39% 
Minimum  -3.65% -31.64% -32.45% -6.63% -3.23% -5.53% 
Standard Deviation 1.74% 6.52% 6.92% 3.31% 1.69% 2.13% 
Jarque-Bera 0.63 255.52^ 285.65^ 1.77 0.79 1.47 
ADF -9.92^ -9.08^ -9.07^ -5.73^ -6.58^ -5.73^ 
KPSS 0.04 0.61 0.510 0.19 0.07 0.06 
 
Panel B: Correlation Matrix 
Civic Nexus 1.00      
Lane Cove Tunnel 1 0.24 1.00     
Lane Cove Tunnel 2 0.33 0.96 1.00    
Praeco 0.55 0.60 0.70 1.00   
RWHP 0.77 0.24 0.32 0.69 1.00  
AEQ 0.64 0.37 0.42 0.77 0.87 1.00 
 
Panel C: Revenue Support 
Availability 
Payment Y N N Y Y Y 

Market Demand  N Y Y N N N 
       

 

The nominal bullet bonds examined in this study are employed to form three value-

weighted bond portfolios and three equal-weighted bond portfolios.  The first portfolio 

named ‘Value-Weighted PPPs’ includes all PPP bonds in the UBS Australia All 

Composite index.  The second portfolio includes every bond except the Lane Cove 

Tunnel bonds, otherwise described as the ‘All ex-LCT’ portfolio.  The third portfolio 

comprises of the Lane Cove Tunnel bonds, otherwise described as ‘LCT’.  The rationale 

behind these portfolios is simple.  First, the inclusion of all bonds issued by PPPs in the 

first portfolio allows us to test whether the systematic risk factors can explain the 

variation of PPP bond returns.  The subsequent subsets of this portfolio into two other 
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portfolios is due to two reasons.  Firstly, the Lane Cove Tunnel obtained the majority of 

its revenue from customer charges (market demand).  This is different to the other PPP 

bonds examined which all have in some form of government availability payment as a 

revenue source.  As a result, investors may price the Lane Cove Tunnel bonds 

differently to the other PPP bonds as they are exposed to greater residual risks.  To test 

this, this Chapter will examine whether these residual risks impact on the factor 

loadings.  Secondly, the Lane Cove Tunnel is the only PPP within the sample that 

entered receivership.  As a result, we separate the Lane Cove Tunnel bond from the 

remaining PPP bonds in the portfolio in order to better understand the conventional 

pricing of PPP bonds without the impact of financial insolvency.  Table 4-4 reports the 

mean month return, standard deviation and median for all three PPP portfolios 

examined in this study.   

Table 4-4 Descriptive Statistics of PPP Bond Portfolios 
Panel A of this table presents the mean return, standard deviation, median, maximum and minimum 
value for the value-weighted PPP, all ex-LCT and the LCT PPP bond portfolios between 30 November 
2002 and 31 December 2010.  The value-weighted LCT PPP portfolio returns are for the period 28 
February 2005 to 31 March 2009.  Panel B of this table displays the correlation coefficients for all PPP 
portfolios.   The correlations between the value-weighted PPP and all ex-LCT are for the period 1 
November 2002 to 31 December 2010.  For all correlations that include the LCT PPP portfolio, the 
period for analysis is from 1 February 2005 to 28 February 2009.  ADF is the test statistic for the 
Augmented Dickey-Fuller test for stationarity and KPSS is the test statistic for the Kwiatkowski–
Phillips–Schmidt–Shin test for stationarity.  *, ** and ^ denote statistical significance at the 10%, 5% 
and 1% levels, respectively. 
 Value-Weighted PPPs All ex-LCT PPPs LCT PPP portfolio 
 
Panel A: Descriptive Statistics 
Mean 0.205% 0.391% -1.093% 
Standard Deviation 2.225% 1.783% 6.697% 
Median 0.380% 0.615% 0.006% 
Maximum 5.408% 3.811% 10.097% 
Minimum -9.901% -3.805% -32.155% 
Jarque-Bera statistic 138.50^ 1.41^ 996.95^ 
ADF -9.49^ -9.59^ -11.21^ 
KPSS 0.20 0.05 0.62 
 
Panel B: Correlation Coefficients 
Value-Weighted PPPs 1.000   
All ex-LCT PPPs 0.857 1.000  
LCT PPP portfolio 0.913 0.484 1.000 
    

 

The mean returns presented in Table 4-4 show that the average monthly return of the 

value-weighted PPP portfolio is 0.21%.  This low return appears to be driven by the 

Lane Cove Tunnel bonds, which on average, provided a return of -1.09% per month.  

The negative return on the Lane Cove Tunnel bond portfolio is understandable given 
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that it entered receivership in January 2010.38  Having provided a brief description of 

the data employed in this sample, the next section of this chapter will employ asset 

pricing models to explain these PPP returns.   

Figures 4-1 to 4-3 display the cumulative returns for each of the portfolios examined in 

this study.  Figure 4-1 displays the cumulative returns for the “All PPP bond portfolio” 

from November 2002 to December 2010.  Figure 4-2 illustrates the cumulative returns 

for the All PPP except LCT portfolio from November 2002 to December 2010.  Finally, 

Figure 4-3 displays the cumulative returns for the LCT bond portfolio from February 

2005 to February 2009 which represents the last month before the Lane Cove tunnel’s 

bonds were removed from the UBS bond index.   

Figure 4-1: Cumulative Returns All PPPs Portfolio 

 

Figure 4-1 shows that from November 2002 to March 2008, the All PPP bond portfolio 

increases steadily.  From April 2008 until July 2009, the bond portfolio reports negative 

returns except for a sharp jump in January 2009.  Finally from July 2009 to December 

2010, the bond portfolio exhibits positive returns until the final two months in the 

sample period.  The major decrease in value from April 2008 to July 2009 is due to two 

factors.  The first factor was the Global Financial Crisis and the second was the decrease 

38 Furthermore, the ADF and KPSS test statistics indicate that all the portfolio returns reported in Table 4-4 are 
stationary.   
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in value of the Lane Cove Tunnel bonds due to its ongoing financial difficulties.  The 

financial difficulties of the Lane Cove Tunnel resulted in a negative impact on the bond 

portfolio returns as demonstrated by the strong performance of the ‘All ex-LCT’ PPP 

portfolio in Figure 4-2. 

The cumulative portfolio returns illustrated in Figure 4-2 show that the portfolio 

increases steadily until July 2007.  From July 2007 until June 2008, returns are flat or 

slightly negative.  This is followed by a sharp increase in value from June 2008 until 

January 2009.  This increase in value is followed by an almost equal decrease in value 

from January 2009 until July 2009.  Following this period, the bond portfolio exhibits 

positive returns until November and December 2010.  Figure 4-2 shows that the 

significant negative returns observed in Figure 4-1 for the All PPP portfolio for the 

period April 2008 to July 2009 are mostly the result of the Lane Cove Tunnel.  We now 

proceed to examine the Lane Cove Tunnel portfolio in Figure 4-3.   

Figure 4-2: Cumulative Returns All ex-LCT PPPs Portfolio 

 

The cumulative returns for the Lane Cove Tunnel Portfolio presented in Figure 4-3 

show a slight increase in returns until May 2008.  From June 2008 there are significant 

negative returns for the Lane Cove Tunnel.  As previously mentioned, the Lane Cove 

Tunnel opened in March 2007 and the traffic figures were significantly lower than 

expected.  This information drove the large negative returns observed from June 2008 to 
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February 2009.  The major negative returns were precipitated by a credit rating down 

grade issued by Moody’s (ABC 2008). 

The details of every PPP bond issue in the UBS bond index have been described in this 

section of this study.  This section has also detailed the evolution of $100 invested in 

various portfolios of PPP bonds.  We now proceed to employ the three-factor asset 

pricing framework to determine whether it can explain the variation of PPP bond 

returns.   

Figure 4-3: Cumulative Returns LCT Portfolio 

 

4.5 Results 

This section will present the results of the analysis conducted to determine whether 

systematic risk factors can explain the variation of PPP bond returns.  The analysis is 

presented in two parts, namely the first examines the ability of the systematic risk 

factors to explain the variation of individual PPP bond returns in Australia.  The second 

part of the analysis examines the ability of the systematic risk factors to explain the 

variation of PPP bond portfolio returns.  We report both procedures as prior asset 

pricing literature has demonstrated that regressions on individual assets are inefficient, 

and as a result, portfolios are employed to examine the pricing ability of systematic risk 
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factors.39  The regression described in Eq. (4.1) was estimated for the six bonds 

examined in this study and the results are presented in Table 4-5.  The results for the 

PPP bond portfolio regression analysis are reported in Table 4-6.   

Table 4-5 shows that the Term systematic risk factor is positive and statistically 

significant for all six individual bonds examined in this study.  With the exception of 

the two Lane Cove Tunnel bonds, the longer the maturity of the bonds, the larger the 

term beta.  This finding is consistent with the previous findings reported in Chapter 

Three.  The default beta is positive and statistically significant in five of the six bonds 

examined.  The default factor is statistically insignificant for the bond issued by Axiom 

Education Queensland.  Interestingly, the two bonds issued by the Lane Cove Tunnel, 

(the only PPP that entered receivership) exhibit the largest coefficients for the default 

premium.40  Finally, the systematic liquidity factor is only statistically significant for the 

bonds issued by Praeco and Axiom Education Queensland.  The adjusted r-square 

values imply that the three systematic risk factors explain between 37% to 84% of the 

variation of individual PPP bond returns.  The lowest r-square values reported are for 

the Lane Cove Tunnel bonds which eventually were subject to financial insolvency and 

entered receivership.   

One important observation is that the ability of the three-factor model to explain the 

variation of PPP bond returns is highest for bonds with the availability payment as the 

revenue mechanism.  For Civic Nexus, Praeco, Royal Women’s hospital partnership 

and Axiom Education Queensland, the adjusted r-square values range between 65% and 

84%.  Where the PPP is exposed to demand risk, as is the case of the Lane Cove 

Tunnel, the ability of the three-factor model to explain the variation of bond returns is 

reduced as evidenced by the adjusted r-square values for the Lane Cove Tunnel Bonds 

of 37% and 44%, respectively.  Whilst this may be the result of investors pricing a 

higher probability of default in these securities, the high default risk is a result of the 

demand risk of the PPP project.  This finding is an original contribution to the literature.  

Previous work by Dailami and Hauswald (2007) and Blanc-Brude and Strange (2007) 

have examined the pricing of securities as a result of residual risks.  These studies 

however, have not considered the ability of systematic risk factors to explain the 

variation of returns of PPPs or project finance.   

39 Black, Jensen and Scholes (1972) were one of the first studies to adopt this approach for the reasons described. 
40 This finding is consistent with the knowledge that Lane Cove Tunnel was in financial distress in the months 
preceding its removal from the UBS bond index.   
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Table 4-5 PPP Individual Bond Portfolio Regressions 
This table presents the regression results for individual bond returns employing the following equation: 

-  where  is the return of the portfolio of bonds at time t, 
 is the risk-free rate.   is the difference between the monthly value weighted returns of Australian 

Commonwealth government bonds with a maturity greater than ten years and the 90 day bank accepted bill.  
 is the difference in monthly returns of a value weighted portfolio of all corporate bonds a maturity 

greater than ten years and a value weighted portfolio of Australian Commonwealth government bonds with a 
maturity greater than ten years.   is the value-weighted systematic liquidity premium calculated in this 
study orthogonalised to the Term and Default factors.  Panel A reports the regression coefficients, Panel B presents 
the regression standard error estimates, Panel C reports the coefficient t statistic, Panel D presents the regression 
adjusted r-square values and Panel E presents the bond maturity dates.  The analysis periods are as follows: Civic 
Nexus November 2002 to December 2010, Lane Cove Tunnel 1 December 2006 to February 2009, Lane Cove 
Tunnel 2 December 2006 to February 2009, Praeco December 2007 to December 2010, RWHP July 2005 to 
December 2010 and AEQ August 2006 to December 2010.  *, ** and ^ denote statistical significance at the 10%, 
5% and 1% levels, respectively. 
 Intercept Term Default Liquidity 

Panel A: Regression Coefficient     
Civic Nexus 0.0004 0.7055 0.7945 0.0358 
Lane Cove Tunnel 1 -0.0077 0.9936 4.8602 1.4333 
Lane Cove Tunnel 2 -0.0071 1.2104 5.4324 1.6789 
Praeco -0.0073 1.1199 0.9209 1.9759 
RWHP -0.0004 0.7615 0.3269 0.3461 
AEQ -0.0017 0.8532 0.1797 1.1613 
 
Panel B: Standard Error  
Civic Nexus 0.0012 0.0571 0.1727 0.2527 
Lane Cove Tunnel 1 0.0078 0.3829 0.9830 1.4492 
Lane Cove Tunnel 2 0.0078 0.3838 0.9852 1.4525 
Praeco 0.0040 0.1503 0.3377 0.5234 
RWHP 0.0010 0.0453 0.1125 0.1763 
AEQ 0.0018 0.0793 0.1878 0.2971 
 
Panel C: t-statistic    
Civic Nexus 0.309 12.349^ 4.602^ 0.142 
Lane Cove Tunnel 1 -0.986 2.595** 4.944^ 0.989 
Lane Cove Tunnel 2 -0.910 3.154^ 5.514^ 1.156 
Praeco -1.834 7.450^ 2.727^ 3.775^ 
RWHP -0.367 16.795^ 2.906^ 1.963 
AEQ -0.944 10.756^ 0.957 3.909^ 
 
Panel D: Adjusted R2    
Civic Nexus 0.6550    
Lane Cove Tunnel 1 0.3744    
Lane Cove Tunnel 2 0.4410    
Praeco 0.7287    
RWHP 0.8471    
AEQ 0.7544    
 
Panel E: Bond Maturity Dates     
Civic Nexus September 2014 
Lane Cove Tunnel 1 December 2013 
Lane Cove Tunnel 2 December 2015 
Praeco July 2022 
RWHP March 2017 
AEQ June 2018 
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Table 4-6 PPP Bond Portfolio Regressions 
This table presents the following regressions for bond the ‘All PPPs’ and ‘All ex-LCT PPPs’ portfolios between 
November 2002 and December 2010.  The LCT PPP portfolio returns are for the period February 2005 to March 
2009.  The regression is -  where  is the return of the 
portfolio of bonds at time t,  is the risk-free rate.   is the difference between the monthly value 
weighted returns of Australian government bonds with a maturity greater than ten years and the 90 day bank 
accepted bill.   is the difference in monthly returns of a value weighted portfolio of all corporate bonds 
a maturity greater than ten years and a value weighted portfolio of Australian government bonds with a maturity 
greater than ten years.   is the value-weighted systematic liquidity premium calculated in this study 
orthogonalised to the Term and Default factors.  Panel A reports the Ordinary Least Square regression results.  
Panel B reports the bootstrap statistics for each PPP portfolio regression based on 10,000 Efron (1979) 
simulations of the original data.  Panel B-I reports the bootstrapped regression coefficients at the 5th, 50th and 
95th percentiles. Panel B-II reports the adjusted R2 statistics from the bootstrap simulations at the 5th, 50th and 
95th percentiles.  Panel B-III reports the number of significant versus insignificant regression coefficients in the 
10,000 bootstrap simulations.  *, ** and ^ denote statistical significance at the 10%, 5% and 1% levels, 
respectively.   
 Intercept Term Default Liquidity 

Panel A: Empirical OLS Regression Statistics 
     
I: Regression Coefficients     
All PPPs -0.0024 0.8055 1.5040 1.0084 
All ex-LCT PPPs -0.0008 0.7807 0.6901 0.6243 
LCT PPPs -0.0073 1.1317 5.2143 1.5888 
     
II: Standard Errors     
All PPPs 0.0015 0.0706 0.2134 0.3123 
All ex-LCT PPPs 0.0008 0.0410 0.1240 0.1816 
LCT PPPs 0.0076 0.3721 0.9552 1.4082 
     
III: t-statistics     
All PPPs -1.622 11.409^ 7.049^ 3.229^ 
All ex-LCT PPPs -0.939 19.023^ 5.564^ 3.438^ 
LCT PPPs -0.963 3.042^ 5.459^ 1.128 
     
IV: Adjusted R2     
All PPPs 0.6686    
All ex-LCT PPPs 0.8195    
LCT PPPs 0.4266    
     

Panel B: Bootstrap Simulation Statistics 
     
I: Regression Coefficients (5th/50th/95th percentiles) 
All PPPs -0.00/-0.00/0.00 0.61/0.74/0.86 0.02/0.84/1.66 0.03/0.86/1.40 
All ex-LCT PPPs -0.00/0.00/0.00 0.69/0.75/0.81 -0.06/0.33/0.81 0.10/0.56/0.89 
LCT PPPs -0.02/-0.01/0.01 0.14/1.01/1.81 0.01/4.36/8.11 -2.99/1.45/3.00 
     

II: Adjusted R2 (5th/50th/95th percentiles) 
All PPPs 0.54/0.68/0.81    
All ex-LCT PPPs 0.74/0.80/0.85    
LCT PPPs 0.06/0.24/0.37    
     

III: Number of Significant vs Insignificant Coefficients 
All PPPs 0 / 10,000 9,322 / 678 9,288 / 712 9,485 / 515 
All ex-LCT PPPs 0 / 10,000 9,617 / 383 7,768 / 2,232 9,415 / 585 
LCT PPPs 0 / 10,000 8,137 / 1,863 9,797 / 203 8,760 / 1,240 
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Having examined the ability of the systematic risk factors to explain the variation of 

individual bond returns, we now turn our attention to portfolio returns.  This analysis is 

performed as prior research by Black, Jensen and Scholes (1972) identified that asset 

pricing tests on single asset tests are inefficient.  As a result, they recommend such 

analysis should be performed on portfolios of assets.  For this section, the three bond 

portfolios described in the Data section will now be examined.   

The regression results of the bond portfolios in Table 4-6 reveal that term, default and 

liquidity are priced systematic risk factors in PPP bond returns for the entire sample and 

for the value-weighted All ex-LCT PPP portfolio.  For the financially distressed LCT 

PPP portfolio, the liquidity risk factors is found to be insignificant in explaining the 

variation of bond returns.  For all portfolios, the term and default factors are positive 

and statistically significant in explaining the variation of returns.41  Furthermore, the 

intercept terms are statistically insignificant, suggesting that there are no omitted 

systematic risk factors in the model.  These findings are broadly consistent with Lin et. 

al., (2011).    

As a measure of robustness, Table 4-6 also employs the Efron (1979) bootstrap 

simulation to evaluate the small sample properties of the empirical data in this analysis.  

The bootstrapped regression estimation in Table 4-6 employs OLS standard errors as 

previous works by Britten-Jones, Neuberger and Nolte (2011), Goetzmann and Jorion 

(1993) and Nelson and Kim (1993) show that  the White (1980) and Newey and West 

(1987) standard errors are subject to small sample biases.  To avoid these biases, the 

Efron (1979) bootstrap employs conventional standard errors in the analysis. 

The bootstrap simulations in Table 4-6 Panel B show that the point estimates for the 

‘All PPP’ and ‘All ex-LCT PPP’ portfolios are within the expected range of the 

bootstrapped simulations.  This suggests that the small sample in this study is not 

biased.  The only exception is the ‘LCT PPP’ portfolio.  Panel A-IV reports the 

empirical R2 for the LCT PPP portfolio of 0.4266 which is outside the bootstrapped 

expected range of 0.06 to 0.37 reported in Panel B-II.  This finding reflects the fact that 

the goodness-of-fit for the LCT PPP (which went into voluntary administration, etc) is 

not as robust as suggested by the OLS regression of the empirical data on LCT returns.  

This finding relates to the LCT only and also reflects the time-varying dynamics of 

41 In untabulated results, similar findings are produced with an equal-weighted liquidity factor and equal-weighted 
PPP portfolios. 
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equity behaviour when a firm (such as LCT) enters into voluntary administration.  

Overall, we can conclude that the regression point estimates from the more diversified 

PPP portfolio returns (ie. All PPPs and All ex-LCT PPPs) are not biased in our analysis 

whilst we must be cautious with the interpretation of the point estimates being deduced 

from the LCT PPP portfolio returns. 

This section has demonstrated that the Australian bond three-factor model presented in 

Chapter Three explains approximately 82% of the variation in returns of the ‘All ex-

LCT’ PPP bond portfolio and 42% of the variation in returns of the ‘LCT’ PPP bond 

portfolio.  The evidence in this study suggests that the systematic risk factors of term, 

default and liquidity can explain the variation of PPP bond returns.  Furthermore, the 

insignificance of the intercept term suggests that there are no excess returns to be gained 

for owning PPP bonds in the secondary market.   

4.6 Conclusions  

This study examined whether the systematic risk factors of term, default and liquidity 

can explain the variation of PPP bond returns.  The analysis presented in this study 

suggests that these three systematic risk factors do indeed explain the variation of 

returns of PPP bonds and PPP bond portfolios.  As this study employs only six bonds 

issued by PPPs in Australia, the results should be interpreted with caution.  However, as 

this study is the first examination of whether systematic risk factors can explain the 

variation of PPP bond returns and therefore, it represents an original contribution to the 

literature.   

Prior studies of project finance and PPP investments, have examined whether investors 

price debt according to their exposure to the residual risk of the project.  This study’s 

unique approach examines whether systematic risk factors can explain the returns of 

PPP bond investments.  This study found that the ability of the systematic risk factors to 

explain the variation of PPP bond returns is highest when the bonds are issued by PPPs 

with government revenue support and which do not enter receivership.  When investors 

are exposed to risks that are not managed through the contractual structure of the PPP, 

as evidenced by the lack of traffic demand in the Lane Cove Tunnel, the ability of the 

systematic risk factors to explain the variation in returns decreases as the idiosyncratic 

risk of a failing PPP dominates the pricing of its debt.   
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The findings of this study provide several avenues for future research.  First, this study 

of PPP bonds and systematic risk factors is limited to six Australian PPPs.  Performing 

a similar analysis on a broader sample of international PPPs would confirm whether 

these results hold or whether they are an Australian specific phenomenon.  Second, this 

study included a single Australian PPP (i.e. Lane Cove Tunnel) where revenue was not 

supported by government.  This is also the sole PPP in the sample that failed financially.  

It would be informative to increase this sample size to include other PPPs where the 

revenues are not supported by government.  This will determine whether the lower 

adjusted r-square values observed for the Lane Cove tunnel bonds (compared to the 

adjusted r-square values of the other bonds in this study) is common for all PPPs that 

obtain revenue from user payments or whether it is a result of the tunnel’s financial 

insolvency.  Finally, this study concentrated on examining the systematic risk factors 

that explain nominal bond returns.  However, several PPPs issued other forms of bonds 

such as floating rate bonds and CPI linked bonds.  Given that these debt issues have 

been employed to provide financing for PPPs, further research is required to examine 

whether systematic risk factors can explain the variation of returns of these bond issues 

also.   
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Chapter 5 Conditional Asset Pricing and Predictive 
Returns: Australian Evidence 

 

5.1 Introduction 

Chapters Three and Four demonstrated that systematic risk factors can explain the 

variation of Australian bond returns.  This Chapter continues the examination of 

systematic risk factors in the Australian market, however, the focus of our attention will 

now shift to equity markets.  More specifically, we examine the ability of systematic 

risk factors in conditional and unconditional asset pricing models to explain Australian 

equity returns.  This chapter will consider the ability of conditional and unconditional 

asset pricing models to predict one period ahead returns. 

Asset pricing models are one of the most important tools in finance.  Graham and 

Harvey (2001), McLaney, Pointon, Thomas and Tucker (2004), and Truong, Partington, 

and Peat (2008) find that asset pricing models are extensively used to determine the cost 

of equity capital in the U.S., the United Kingdom and Australia, respectively.  Truong, 

Partington, and Peat (2008) found that Australian asset pricing models are employed for 

project feasibility analysis and to set allowable rates of return for regulated industries.  

Truong, Partington, and Peat (2008) found that the most common asset pricing model in 

Australia is the Capital Asset Pricing Model (CAPM) developed by Treynor (1961, 

1962), Sharpe (1964), Lintner (1965a, 1965b) and Mossin (1966).  Despite the 

importance of the CAPM, and subsequent asset pricing models, little research attention 

has been dedicated to their empirical ability to predict future returns.  Furthermore, to 

the best of the author’s knowledge, no research has examined which asset pricing model 

best predicts infrastructure project returns.  This chapter of the PhD thesis seeks to 

provide answers to these important questions.   

This study provides two major contributions to the literature.  First, this study seeks to 

determine whether conditional and unconditional asset pricing model can explain the 

variation in Australian equity returns ex post.  This study achieves this by examining the 

systematic risk factors that explain the variation of returns of several Australian equity 

styles and industries including infrastructure and a portfolio of Public Private 

Partnerships (PPPs).  The primary contribution to the literature is the empirical 

84 
 



examination of a variety of Australian unconditional and conditional asset pricing 

models before and including the tumultuous events of the 2008 Global Financial Crisis 

(GFC).  This study finds that conditional asset pricing models perform poorly in 

explaining the variation of Australian style and industry returns.  For infrastructure 

equity returns, this study finds that the conditional version of the Carhart (1997) four-

factor model does improve upon the unconditional version in explaining the variation of 

asset returns. 

The second original contribution of this study is the empirical assessment of Australian 

asset pricing models to predict one month ahead excess returns.  This study extends the 

study of Simin (2008) to examine the ability of asset pricing models and fixed excess 

returns to predict the returns of Australian style, industry and infrastructure indices.  To 

the best knowledge of the author, this study is the first to empirically evaluate the 

predictive performance of both conditional and unconditional asset pricing models in 

Australia.  This study found that the Global Financial Crisis had a significant impact on 

the ability of all asset pricing models to predict future excess returns.  This study finds 

that no one asset pricing model is able to predict the future returns for all the different 

types of equity portfolios examined.  For Australian style and industry returns, this 

study finds that unconditional versions of the CAPM provide is the best predictor of 

asset returns.  Whilst for infrastructure and PPP equity returns, a fixed excess return of 

six percent per annum is a more successful predictor of returns than any conditional or 

unconditional asset pricing model in this study.   

When the Global Financial Crisis is included in the sample, the best performing asset 

pricing model for Australian style equity returns is the unconditional versions of the 

CAPM and Carhart (1997) models.  For industry returns, a fixed excess return of five 

per cent per annum is found to outperform all available asset pricing models examined 

in this study.  For infrastructure and PPP equity returns examined, a fixed excess return 

of six percent per annum is the best predictor of asset returns.  These empirical findings 

in Australia are broadly consistent with the previous work of Simin (2008) in the U.S. 

setting.  The work of Simin (2008) and the empirical findings in Australia in this 

Chapter cast a shadow on the efficacy of asset pricing models in predicting asset 

returns.  The findings in this study have major implications for finance practitioners in 

terms of project evaluation, and the allowable rates of return on regulated assets in 

Australia.   
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The rest of this Chapter is organised as follows.  The relevant asset pricing literature is 

reviewed in Section 5.2 and Section 5.3 will provide a brief description of the 

methodology employed in this study.  The data sample is discussed in Section 5.4.  

Section 5.5 presents the empirical analysis and finally Section 5.6 presents the 

conclusions and implications of this study.   

5.2 Related Literature 

The Capital Asset Pricing Model (CAPM) is widely employed to estimate the cost of 

equity to set allowable returns and to evaluate finance projects.  However, the CAPM 

has been shown to be poor at explaining the variation of returns.  The Fama and French 

(1993) three-factor model was subsequently developed in response to the size and book-

to-market asset pricing anomalies identified by Banz (1981) and Basu (1977).  Carhart 

(1997) extended the Fama and French (1993) three-factor model by including a 

momentum factor to account for the momentum anomaly identified by Jegadeesh and 

Titman (1993).  These models have been shown to provide a significant improvement 

over the CAPM in explaining the variation of asset returns.   

However, despite the development of asset pricing models with a greater ability to 

explain the variation of returns, these asset pricing models do not provide more accurate 

predictions of the equity cost of capital.    Fama and French (1997) found that despite 

measuring the same returns, the CAPM and the Fama and French (1993) three-factor 

models calculated cost of capital estimates that differed by up to two per cent per year.  

Fama and French (1997) conclude that this difference in cost of capital estimates is due 

to two reasons.  The first is that the risk loading estimates are imprecise.  Fama and 

French (1997) state that if the risk loadings were constant through time then it is 

reasonable to conclude that the estimation is accurate.  However, Fama and French 

(1997) found significant time-variation in factor loadings for industry cost of equity 

calculations in the asset pricing models they examined.  The second problem identified 

by Fama and French (1997) is the lack of precision of systematic risk factor premia.  

Fama and French (1997) cite that the market risk factor in their study has a two standard 

deviation distribution of possible returns from zero percent per annum to more than 10 

per cent per annum.  Overall, this research highlights the difficulties in estimating the 

cost of capital for industries.   
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Nagel, Peterson and Prati (2007) provide evidence that the Fama and French (1993) 

three-factor model and the Carhart (1997) model perform poorly in the estimation of the 

cost of equity capital compared to naïve models.  Nagel et. al., (2007) show that models 

with an increasing number of factors, such as the Fama and French (1993) three-factor 

model and Carhart (1997) four-factor model, perform worse than the single factor 

CAPM in predicting the cost of capital for individual firms.  Nagel et. al., (2007) 

discovered similar findings for equity portfolio returns.  The best performing model in 

the Nagel et. al., (2007) study is a naive market model.  This is the sum of the excess 

market return and the risk-free rate.  Nagel et. al., (2007) state that the poor 

performance of the Fama and French (1993) three-factor model and Carhart (1997) 

four-factor model may be the result of the additional asset pricing factors.  The more 

risk factors in an asset pricing model necessitates the estimation of a greater number of 

risk factors and risk loadings.  The increase in the number of risk factors increases the 

likelihood of incorporating errors in the forecast.   

The models employed in Fama and French (1997) and Nagel et. al., (2007) rely on 

historical return data to predict the future cost of equity capital.  This approach, 

according to Elton (1999) is misplaced, especially when empirical evidence shows that 

risky assets earn a lower return than the ‘risk-free’ asset for long periods of time.  Elton 

(1999) mentions that time-varying or conditional asset pricing models may explain 

these observations.  These empirical challenges in asset pricing have motivated the 

development of the conditional asset pricing literature.   

Research by Harvey (1989), Ferson and Harvey (1991, 1993), Ferson and Korajczyk 

(1995) demonstrate that beta, the measure of systematic risk, is time-varying.  

Conditional asset pricing models were developed in response to these findings.  

According to Bauer, Cosemans and Schotman (2010), conditional asset pricing models 

assume that systematic risk is a dynamic process.  Asset pricing models developed by 

Hansen and Richard (1987) and Santos and Veronesi (2006) state that asset returns are 

dynamic and are a function of the state of the economy.  These models include 

macroeconomic information variables with the intention of improving upon traditional 

asset pricing models.  Bauer et. al., (2010) also identifies research where firm specific 

information variables such as the book-to-market ratio are employed as information 

variables.  We now turn our attention to the literature on the identification of 

information variables for conditional asset pricing models.   
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According to Simin (2008) conditional asset pricing models have been developed which 

include information variables that have been identified to possess predictive ability for 

asset returns.  The intuition is that these models may provide superior estimates for the 

equity cost of capital than that produced by other asset pricing models.  The main 

problem with employing information variables with predictive ability is identifying 

which ones are the most accurate.  This is considered in Welch and Goyal (2008), where 

a range of predictive variables were tested for their ability to predict excess returns in 

U.S. equities.  Welch and Goyal (2008) found that most models fail to predict excess 

returns within-sample, let alone out-of-sample.  The best performing predictive variable 

identified by Welch and Goyal (2008) was the historical average excess return.   

The conclusions drawn in Welch and Goyal (2008) are challenged by Campbell and 

Thompson (2008).  According to Campbell and Thompson (2008), forecast models can 

provide more accurate predictions of excess returns that the historical average if 

restrictions on the signs of coefficients in predictive regressions are imposed.  Whilst 

the subsequent explanatory power is small, Campbell and Thompson (2008) find that 

the results are economically significant.   

The question whether conditional asset pricing models can provide more accurate 

predictions of the cost of equity is examined by Simin (2008).  The work of Simin 

(2008) compares the predictive performance of unconditional and conditional asset 

pricing models to the performance of four naive predictors.  The naïve predictors 

examined were the mean asset return from the training period, a fixed return of six 

percent per annum, the mean of the value-weighted index from the training period and 

the conditional market mean.  The conditional market mean is obtained by conditioning 

the value-weighted index with information variables.  Simin (2008) finds that 

conditional asset pricing models perform poorly in predicting market returns when 

compared to both the unconditional asset pricing models and the naïve predictors.  The 

most fascinating finding in Simin (2008) is that a six percent per annum naïve excess 

return is the best predictor of asset returns in the U.S.  This empirical evidence suggests 

that asset pricing models are unable to provide accurate estimates for the cost of capital.  

The work of Simin (2008) suggests that a naïve estimate be considered in the Chapter as 

it may produce a more accurate forecast over time.    
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In an Australian context, prior research has examined the predictability of the CAPM 

beta.  Growenweld and Frasier (2000) examine the ability to forecast the CAPM beta of 

Australian industry portfolios.  Interestingly, Growenweld and Frasier (2000) find that 

the forecasted CAPM beta performs worse than CAPM betas estimated from five years 

of historical return data.  A similar result was produced by Gray, Hall, Klease and 

McCrystal, (2009).  The work of Gray et. al., (2009) examined whether the five year 

arbitrary cut off practiced by Growenweld and Frasier (2000) improves upon the 

estimation of the CAPM beta.  Gray et. al., (2009) found that by including all available 

return data, the ability of the CAPM beta to predict future returns increases.  This 

finding was improved further when the Vasicek (1973) error correction model was 

applied.  However, Gray et. al., (2009) found that the best performing forecast for the 

cost of capital estimation is the assumption that the CAPM beta equals one.   

The review of the asset pricing literature raises a number of questions.  Firstly, prior 

research of conditional asset pricing models in Australia performed by Durack, Durand 

and Maller (2004) and Nguyen, Faff and Gharghori (2007) has focused on the 

conditional versions of the CAPM and Fama and French (1993) three-factor model.  To 

date, no research has assessed the performance of a conditional Carhart (1997) four-

factor model to explain the variation of equity returns in an Australian setting.  Prior 

research by Kassimatis (2008) has found that the unconditional Carhart (1997) four-

factor model performs better than the unconditional Fama and French (1993) three-

factor model in explaining Australian equity returns.  This Chapter makes an original 

contribution to the literature by examining a conditional version of the Carhart (1997) 

four-factor model and its ability to explain the variation of Australian equity returns ex-

post.   

The second original contribution of this Chapter is the evaluation of the predictive 

performance of various asset pricing models in Australia.  To the best knowledge of the 

author, no literature has evaluated the predicative ability of a multitude of asset pricing 

models in Australia.  Gray et. al., (2009) examined whether a CAPM forecast can be 

improved but ignored the question whether it is the best model to employ?  Given the 

role that asset pricing plays in investment decisions for projects, asset valuations and 

setting the allowable rates of return for regulated industries, it is important to 

understand the accuracy of forecast returns estimated from these asset pricing models 

ex-ante.   
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The third and final original contribution of this study is the examination of Australian 

systematic risk factors and whether they can explain the variation of PPP equity returns.  

Furthermore, this chapter will also examine the ability of asset pricing models to 

forecast future equity returns of PPPs.  To the best of the author’s knowledge, no 

literature exists which has evaluated whether Australian systematic risk factors can 

describe the variation in equity returns in Australian PPPs.  The research presented in 

this Chapter is important to inform public policy with regards to PPPs.   

5.3 Methodology 

This study tests the ability of conditional asset pricing models to explain the variation of 

asset returns, however, in order to apply conditional asset pricing models, information 

variables need to be identified.  This study employs the methodology of Wang (2003) to 

select the information variables.  Wang (2003) performs an Ordinary Least Squares 

regression to identify which information variables exhibit a statistically significant 

relationship with future market returns.  This takes the form of the following regression: 

-  (5.1) 

where: 

 is the ASX All Ordinaries accumulation index monthly return; and, 

-  is the information variable of interest. 

Once the information variables with a statistically significant relationship with future 

returns are identified, we then employ these variables in the conditional asset pricing 

frameworks in this study.   

Simin (2008) describes a general form for conditional asset pricing models return 

generating for a firm or portfolio i as: 

  (5.2) 

  

  

where: 
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 is the expected return in period t+1 given the information set at time t; 

 is the conditional information set at time t; 

 is a scalar; 

 is for both the CAPM and Carhart (1997) model a L × 1 matrix; 

 is in the case of the CAPM a 1 × 1 matrix and in the Carhart (1997) model a 4 × 1 

matrix; 

 is in the case of the CAPM a L × 1 matrix and in the Carhart (1997) model a L × 4 

matrix; 

L is the number of instrumental variables; and, 

 is in the case of the CAPM a 1 × 1 vector and in the Carhart (1997) model a 4 × 1 

vector of systematic risk factors. 

In unconditional asset pricing models,  is set equal to 0.  To move from the CAPM to 

the Carhart (1997) model requires an increase in the number of systematic risk factors 

or  and the size of the vectors for ,  and .   

The final examination of conditional models in this study considers their ability to 

predict one month returns.  Consistent with Simin (2008), conditional and unconditional 

versions of the CAPM and the Carhart (1997) four-factor models are examined and their 

performance is compared against a fixed benchmark.  Following Simin (2008), for the 

tests of the asset pricing models’ predictive ability, only the information variable in 

levels is employed in this section.  In order to maximise the number of observations, 

only monthly conditional models are examined.  Following Simin (2008), we employ 

the fixed benchmark of six per cent per annum however, the performance of various 

other fixed benchmarks is also included.   

Following Simin (2008), the Root Mean Square Forecast Error (RMSFE) is employed 

as a measure of forecast accuracy.  According to Simin (2008), the advantage of the 

RMSFE is that it can disaggregate a measure of forecast bias to allow for the 

differentiation in forecasting models.  The equation below shows how the forecast bias 

can be disaggregated from the Mean Square Forecast. 
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-  (5.3) 

where: 

 is the Mean Square Forecast Error for the model under consideration; 

 is the actual return of the portfolio under examination at time t; 

 is the forecast return of the portfolio under examination at time t; 

 is the variance of the difference between the actual and forecast returns of the 

portfolio under examination; and, 

 is the measure of forecast bias. 

By identifying the sign of the forecast bias, it is possible to identify the tendency of 

models to over or under predict subsequent returns.   

As a final test of model performance, the Giacomini and White (2006) conditional 

predictive ability test is employed.  The Giacomini and White (2006) test enables the 

best performing forecast model to be identified.  The Giacomini and White (2006) test 

involves two steps.  The first step examines whether there is a difference between two 

sets of forecast errors.  The null hypothesis for this test is given as:  

-  (5.4) 

where:  

 is the forecast error (or the difference between actual and forecast) for model i at time 

t.   

Giacomini and White (2006) show that for one period ahead forecasts, the test statistic 

is given by .  Where n is the number of forecasts examined and  is the un-centred 

multiple correlation coefficient from the regression of  on .  Giacomini and 

White (2006) define   as the difference between the forecast error functions, or 

-  where m observations are employed as the estimation window.  The term  

is defined by both Giacomini and White (2006) and Simin (2008) as the vector 

.   
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The null hypothesis is rejected at the α test level when the test statistic is greater than 

the )1( α−  quartile of the 2χ  distribution.  For the purposes of this study, the chosen α  

of significance is ten percent, consistent with Simin (2008).  Once the two forecast 

series are proven to be statistically different, the next step is to determine which forecast 

model performs better.  Giacomini and White (2006) suggest a decision rule based on 

the fitted values of the regression of  on .  The number of times the fitted 

values are positive determines which forecasting model performs better.  This decision 

rule is employed in this study. 

The predictive power of the following Australian asset pricing models is examined in 

this analysis:  

• Unconditional CAPM; 

• Unconditional Carhart (1997); 

• Unconditional CAPM with intercept suppressed;  

• Unconditional Carhart (1997) with intercept suppressed; 

• Conditional CAPM; 

• Conditional CAPM with intercept suppressed; 

• Conditional CAPM with conditional intercept; 

• Conditional Carhart (1997); and, 

• Conditional Carhart (1997) with intercept suppressed. 

When estimating the coefficients, the methodology employed in this study follows the 

previous literature.  Fama and French (1997) show that removing the intercept term, 

after the regression is performed, in cost of capital estimation improves forecast 

accuracy.  Simin (2008) demonstrates that the suppression of the intercept when 

estimating the asset pricing model factors, results in an increase in the precision of the 

regression coefficient estimates.  However, the increase in precision of the coefficient 

estimates is at the cost of increasing forecast bias.  This study will include both types of 

regressions.  This will allow for a comparison of the findings in Simin (2008) in an 

Australian setting. 

The derivation of the forecasted returns follows the methodology of Simin (2008).  

Asset pricing parameters are estimated over a 60 month training period and are then 
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multiplied by the average factor returns during the training period.42  These are then 

used to predict the returns in the subsequent month.  The expected conditional risk 

factor is obtained by regressing rp,t on Zt-1 and then multiplying the regression 

coefficient by Zt, which is consistent with Simin (2008).   

5.4 Data 

This study employs industry portfolio index returns as they are commonly used to 

estimate required returns for equity capital for project evaluation and regulation.  

Following Groenewold and Fraser (2000), it was decided to obtain industry index 

returns from Datastream.  The Datastream industry indices were selected over the 

Australian Standard and Poors industry indices due to an extra nine years of data that is 

available.  The Australian Standard and Poors indices only began in April 2000 

(Australian Financial Review, 2000) whereas values are available for the Datastream 

industry indices from 1991.  Only major indices with returns for the period January 

1991 to December 2010 are included in the analysis, resulting in 21 indices examined in 

this analysis. 

There are no readily available estimates of the Australian versions of the Fama and 

French (1993) SMB and HML factors and the Carhart (1997) Momentum factor, 

therefore, they must be estimated in this study.  To do so, on the last trading day of each 

December from 1991 to 2010, the top 300 companies by market capitalisation listed on 

the ASX are obtained.  The daily returns, turnover, price and market capitalisation are 

all obtained from Datastream on companies with fully paid shares.  Companies that do 

not exhibit a record in each of the data fields were excluded from the analysis.  This 

resulted in a total of 778 companies included in the analysis for this study.   

The decision to focus only on the top 300 companies by market capitalisation is 

motivated by Australia’s market being dominated by a small number of large firms.  

The top 300 firms cover approximately 81% of the total market capitalisation on the 

ASX as at 30 December 2010.  As the sample covers a significant majority of the 

market capitalisation, the findings can be applied to the Australian stock market as a 

whole.  Whilst this filter does limit the number of stocks included in the sample, similar 

filters have been applied in previous Australian studies.  Demir, Muthuswamy and 

42 The ‘term training’ period is employed to remain consistent with the terminology in Simin (2008).   
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Walter (2004) limit their sample to all securities on the approved list of the Australian 

Securities Exchange and stocks that are included in the All Ordinaries Index.  Hurn and 

Pavlov (2004) limit their sample to securities in the top 200 stocks by market 

capitalisation.  Both studies state that their samples are limited in order to remove 

liquidity effects and problems caused by infrequently traded firms.  It is for this reason 

that the sample in this Chapter is limited to the top 300 stocks by market capitalisation 

each year from 1991 to 2010. 

The SMB and HML factors employed in the analysis are calculated in a manner 

consistent with Fama and French (1993).  In December of each year, the firms for the 

subsequent year’s analysis are ranked by size and separated into two portfolios, Small 

and Big.  At the same time, the book value from the Worldscope database was obtained 

for all companies included in the sample.43  The book-to-market ratio is obtained by 

dividing the book value by the market value.  Companies with negative book-to-market 

ratios are excluded from the analysis.44  The Small portfolio is divided into three 

portfolios based on the ranking of the book-to-market ratio with the spilt of 30/40/30 

and the value-weighted returns of each portfolio are obtained.  This process is repeated 

for the Big portfolio.  The SMB factor is the simple average of the daily returns for all 

the Small firm portfolios less the simple average of the daily returns for all Big firm 

portfolios.  The HML factor is obtained by taking the simple average of the returns for 

the Small and Big portfolios with a High book-to-market ratio.  This average is then 

subtracted from the simple average of the returns for the Small and Big portfolios with a 

Low book-to-market ratio.   

The momentum factor, (WML) is estimated by employing the Fama and French (2007) 

methodology.  Each month, the sample is ranked by size and divided into two portfolios 

namely, Small and Big.  The returns for the each of the firms are then calculated for the 

periods t-12 to t-2.  Fama and French (2007) state that the period t-1 is dropped due to 

the return reversal effect documented in Jegadeesh (1990).  The Small portfolio is 

divided into three portfolios based on the ranking of the returns ratio with the spilt of 

30/40/30 and the value-weighted returns of each portfolio are obtained.  This process is 

repeated for the Big firm portfolio.  The WML factor is the simple average of the return 

43 Following Han and Lesmond (2011), the book value is equal to the Total Assets - Total Liabilities + Deferred 
Taxes + Preferred Stock.  In Worldscope, the Preferred Stock line is null for the companies examined. 
44 This thesis follows the traditional approach of Fama and French (1993) to estimate the SMB and HML factors.  
However, a more recent approach developed in Brown, Lajbcygier and Wong (2008) allows for the inclusion of 
stocks with a negative book-to-market ratio in the development of the SMB and HML factors. 
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for the high return small portfolio and the high return big portfolio less the simple 

average of the return for the low return small portfolio and the low return big portfolio.   

Table 5-1 Descriptive Statistics 
This table presents the descriptive statistics for the factors included in this study for the period 1 February 
1992 to 31 December 2010.  Panel A displays the mean, median, standard deviation, maximum and 
minimum observations and skewness for monthly returns whilst Panel B displays the mean, median, standard 
deviation, maximum and minimum observations and skewness for quarterly returns.  Rm-Rf is the difference 
between the monthly All Ordinaries Accumulation index return and the effective monthly 90 day bank 
accepted bill rate.  The monthly SMB and HML factor returns are calculated following Fama and French 
(1993).  The WML factor is estimated following the Fama and French (2007) methodology.  ADF is the test 
statistic for the Augmented Dickey-Fuller test for stationarity and KPSS is the test statistic for the 
Kwiatkowski–Phillips–Schmidt–Shin test for stationarity.  *, ** and ^ denote statistical significance at the 
10%, 5% and 1% levels, respectively. 

 Rm-Rf SMB HML WML 
Panel A: Monthly Returns 
Mean 0.01% -0.12% 0.21% 1.61% 
Median 0.60% -0.05% 0.23% 1.51% 
Standard Deviation 3.91% 2.71% 3.46% 4.17% 
Maximum 7.45% 6.02% 12.07% 13.78% 
Minimum -15.57% -15.29% -16.55% -12.39% 
Skewness -0.87 -0.97 -0.20 -0.18 
Jarque-Bera statistic 41.11 126.00^ 84.52^ 11.98^ 
ADF -13.77^ -13.08^ -15.13^ -12.76^ 
KPSS 0.06 0.10 0.12 0.17 

Panel B: Quarterly Returns  
Mean 0.00% -0.23% 0.74% 4.91% 
Median 0.79% -0.48% 0.31% 5.80% 
Standard Deviation 7.16% 5.30% 6.23% 7.93% 
Maximum 17.43% 11.74% 20.44% 28.16% 
Minimum -24.65% -22.06% -16.27% -25.46% 
Skewness -0.84 -0.86 0.33 -0.60 
Jarque-Bera statistic 14.90^ 29.73^ 9.67^ 22.95^ 
ADF -7.20^ -8.22^ -7.62^ -7.41^ 
KPSS 0.06 0.11 0.09 0.16 

 

Table 5-1 presents the summary statistics of the Australian equity systematic risk 

factors estimated in this study.  Panel A presents the returns with a monthly frequency 

whilst Panel B presents the quarterly returns.45  The small average market excess (Rm – 

Rf) monthly and quarterly return is surprising.  However, as the median return is large 

and positive, this suggests that the low returns are driven by extreme negative return 

observations.  The negative mean and median return for the SMB factor warrants further 

attention.  A similar negative estimate for the SMB factor is presented in Faff (2001).  

The average SMB factor return in Faff (2001) was -0.3163% per month.  The period for 

analysis in Faff (2001) was from January 1991 to April 1999.  The Australian Fama and 

French (1993) factors were constructed in Faff (2001) from market indices.  This 

45 Recall that this study employs both monthly and quarterly returns as some information variables have monthly 
frequencies while others exhibit quarterly frequencies.  Therefore, we have need to estimated systematic risk factors 
for both frequencies. 
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suggests that the negative monthly mean return for the SMB in Table 5-1 is consistent 

with the findings in Faff (2001).46   

Table 5-2 MSCI Style and Infrastructure Portfolios Descriptive Statistics 
This table presents the mean, median, standard deviation, maximum and minimum observations and skewness for the 
MSCI style and infrastructure portfolios examined in this study.  LCG is the MSCI Large Cap Growth portfolio, LCV is 
the MSCI Large Cap Value portfolio, MCG is the MSCI Mid Cap Growth portfolio, MCV is the MSCI Mid Cap Value 
portfolio, SCG is the MSCI Small Cap Growth portfolio, SCV is the MSCI Small Cap Value portfolio, MI is the MSCI 
Infrastructure Portfolio, ASXUT is the ASX Utilities portfolio, ASXTra is the ASX Transport portfolio and PPP refers 
to the PPP portfolio.  The descriptive statistics are for the period 30 May 1994 to 31 December 2010 for the Large 
Growth, Large Value, Mid Growth and Mid Value portfolios.  For the Small Growth and Small Value portfolios the 
sample period is 30 May 1997 to 31 December 2010.  The descriptive statistics for the MSCI Infrastructure portfolio are 
for the period January 1999 to December 2010.  The S&P/ASX 200 Utilities and S&P/ASX 200 Transport descriptive 
statistics are for the period March 2000 to December 2010 and the PPP portfolio statistics are for the period January 
1995 to December 2010.  Panel A displays the descriptive statistics for the monthly returns whilst Panel B presents the 
results of the quarterly returns.  ADF is the test statistic for the Augmented Dickey-Fuller test for stationarity and KPSS 
is the test statistic for the Kwiatkowski–Phillips–Schmidt–Shin test for stationarity.  *, ** and ^ denote statistical 
significance at the 10%, 5% and 1% levels, respectively. 
  LCG LCV MCG MCV SCG SCV MI ASXUT ASXTra PPP 
Panel A: Monthly Returns  
Mean 0.43% 0.47% 0.15% 0.38% 0.65% 0.17% -0.35% 0.75% 0.75% 1.18% 
Median 0.89% 1.16% 0.93% 1.19% 1.83% 1.08% 0.17% 1.09% 0.86% 1.62% 
St. Dev 4.70% 4.29% 5.20% 4.18% 5.55% 5.03% 0.046 0.043 0.061 7.07% 
Maximum 11.28% 11.17% 13.31% 9.31% 11.39% 14.51% 13.06% 10.84% 16.28% 23.21% 
Minimum -19.53% -11.91% -20.08% -23.80% -26.56% -29.16% -15.40% -14.69% -26.29% -29.64% 
Skewness -0.56 -0.56 -0.86 -1.91 -1.50 -1.90 -0.458 -1.156 -0.973 -0.57 
Jarque-Bera 

i i  
15.86^ 12.57^ 42.14^ 543.56^ 157.35^ 550.06^ 18.18^ 60.93^ 81.31^ 87.36^ 

ADF -14.07^ -13.15^ -12.98^ -4.91^ -10.48^ -5.22^ -13.52^ -10.80^ -10.51^ 13.58^ 
KPSS 0.07 0.25 0.06 0.19 0.09 0.11 0.13 0.19 0.27 0.40 
Panel B: Quarterly Returns  
Mean 1.35% 1.49% 0.56% 1.24% 1.96% 0.47% -1.05% 2.24% 2.25% 2.76% 
Median 3.21% 1.19% 2.86% 1.61% 3.30% 1.89% -1.20% 3.66% 4.14% 2.82% 
St. Dev 8.17% 8.43% 9.32% 7.40% 10.21% 10.20% 6.60% 7.19% 11.46% 12.78% 
Maximum 13.29% 25.84% 16.17% 17.39% 21.65% 25.36% 10.10% 13.62% 19.44% 34.21% 
Minimum -23.78% -23.23% -30.79% -22.61% -34.48% -45.80% -16.03% -17.56% -30.27% -44.88% 
Skewness -0.96 -0.31 -0.89 -0.91 -1.03 -1.64 -0.38 -0.87 -0.79 -0.48 
Jarque-Bera 

i i  
10.43^ 6.96^ 9.49^ 14.27^ 16.32^ 129.37^ 1.75 5.50* 5.69* 13.96^ 

ADF -7.45^ -7.61^ -5.97^ -6.10^ -4.90^ -4.92^ -5.64^ -3.02** -4.804^ -8.06^ 
KPSS 0.62 0.29 0.06 0.20 0.09 0.13 0.13 0.16 0.23 0.37 

Given the reliance on Datastream data in this study, and following the recommendations 

of Ince and Porter (2006), it was decided to first test the asset pricing models on indexes 

not obtained from Datastream.  In this study, the MSCI style indices are selected to 

fulfil this function.  The style indices are selected for two reasons.  First, given the 

manner in which the indices are formed they are able to be employed as proxies for size 

and book-to-market formed portfolios.  There are six MSCI Australia style indices with 

three size intervals (Large, Mid and Small Capitalisation) and Value and Growth 

portfolios.  According to MSCI (2012a), the factors that determine the value portfolios 

are the book-to-price ratio, the dividend yield and the 12-months forward earnings to 

price ratio.  The Growth stocks, according to MSCI (2012a) are identified by the long-

46 The ADF and KPSS test statistics in Panel A and B of Table 5-1 indicate that all the systematic risk factors are 
stationary.   
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term forward earnings per share (EPS) growth rate, short-term forward EPS growth rate, 

current internal growth rate, long-term historical EPS growth trend and the long-term 

historical sales per share growth trend.  Whilst these portfolios are not strictly formed 

on book-to-market and size portfolios as per Fama and French (1992), such proxies are 

reasonable.  In fact, similar proxies were employed by Faff (2001, 2004) to estimate the 

Fama and French (1993) SMB and HML proxies.  The MSCI data included in this study 

are for the period 30 May 1994 to 31 December 2010 for the Large Growth, Large 

Value, Mid Growth and Mid Value portfolios.  For the Small Growth and Small Value 

portfolios, the sample period is from 30 May 1997 to 31 December 2010.  The start 

dates for the MSCI indices were selected as these are the dates when the indices 

commenced.   

In addition to the MSCI style indices examined in this study, four infrastructure 

portfolios are examined.  The inclusion of these portfolios to the analysis will assist in 

answering the question, what systematic risk factors can explain the returns of listed 

PPPs?  These additional portfolios are included to confirm whether the results presented 

in this section can be applied to the broad infrastructure sector rather than examining 

PPPs specifically.  These broad infrastructure portfolios are the MSCI Australian 

Infrastructure index, S&P/ASX 200 Utilities index, S&P/ASX 200 Transport index and 

a portfolio of road PPPs listed on the Australian Securities Exchange (ASX).  The 

MSCI Australian Infrastructure index is comprised of all Australian stocks included in 

the MSCI World Infrastructure index (MSCI, 2012b).  The returns data for the index in 

this study is for the period from 31 December 1998 to 31 December 2010.  The 

infrastructure index, according to MSCI (2012b) is comprised of stocks in the 

Telecommunication, Infrastructure, Utilities, Energy Infrastructure, Transportation, and 

Social Infrastructure sectors.  The S&P/ASX 200 Utilities index and S&P/ASX 200 

Transport index are obtained from Datastream.  The returns data for both indices are 

obtained from 31 March 2000 to 31 December 2010.  The PPP portfolio return is 

calculated by the value-weighted return of four ASX listed PPPs, namely, Hills 

Motorway, Transurban, ConnectEast and Rivercity Motorway and is estimated over the 

period from January 1995 to December 2010.   

Table 5-2 presents the descriptive statistics for the MSCI portfolios examined in this 

study.  Panel A of Table 5-2 presents the descriptive statistics for the monthly returns 

whilst Panel B displays the descriptive statistics for the quarterly returns.  For both the 
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Large and Mid Cap value portfolios exhibit a higher return than the growth portfolios.  

This is reversed for the Small Cap portfolios with the Growth portfolio exhibiting 

higher returns than the Value portfolio.  These findings are consistent over both the 

monthly and quarterly time sampling frequencies.  For the four infrastructure portfolios 

examined, three exhibit a positive average return whilst the MSCI Infrastructure index 

exhibits negative average return.47   

Table 5-3 Datastream Portfolios Abbreviated Titles 
This table presents the abbreviated titles employed for the Datastream portfolios throughout this study.  
Build Materials/Fixtures BM 
Consumer Discretionary CD 
Consumer Staples CS 
Construction & Materials CM 
Diversified Industrials DI 
Food & Beverage FB 
Financials Fin 
General Industrials GI 
General Retailers GR 
Health Care HC 
Industrials I 
Insurance Ins 
Media Med 
General Min GM 
Mining Min 
REITS R 
Real Estate RE 
Retail Ret 
Support Systems Sup 
Travel & Leisure TL 
Utilities UTL 

 
Throughout this study, in the interests of brevity and space, abbreviated titles will be 

employed to describe the Datastream portfolios.  Table 5-3 presents the abbreviations 

for the Datastream industry returns employed in this study.  Table 5-4 displays the 

descriptive statistics for the Datastream industry portfolios examined in this study. 48   

Panel A of Table 5-4 presents the descriptive statistics for the monthly returns whilst 

Panel B of Table 5-4 presents the descriptive statistics for the quarterly returns.  For all 

portfolios in Table 5-4, the average returns over the sample period are positive for both 

monthly and quarterly return frequencies.  

47 Table 5-2 reports the ADF and KPSS stationary test statistics.  For all portfolios included in Table 5-2 the returns 
are stationary.   
48 Table 5-4 shows that of the 42 industries included in this study, the returns of 35 are unambiguously stationary.  
The ADF and KPSS test statistics for the monthly returns of the Consumer Discretionary, Media, REITS and 
Telecommunications portfolios are ambiguous with the ADF and KPSS test results reporting conflicting test 
statistics.  The ambiguity also occurs for the quarterly portfolio returns of the REITS, Retail and Support Systems 
with the ADF and KPSS portfolios reporting conflicting results.  As a result, the regression results for these portfolios 
should be interpreted with caution.  Of the 42 portfolios examined, only the quarterly Media portfolio returns are 
identified as non-stationary.   
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Table 5-4 Datastream Portfolios Descriptive Statistics 
This table presents the descriptive statistics for the Datastream industry returns in this study.  The descriptive statistics are for the period 31 January 1991 to 31 December 2010. Panel A presents the 
mean, median, standard deviation, maximum and minimum observations and skewness for the monthly returns of the Datastream portfolios.  Panel B presents the mean, median, standard deviation, 
maximum and minimum observations and skewness for the quarterly returns of the Datastream portfolios. ADF is the test statistic for the Augmented Dickey-Fuller test for stationarity and KPSS is the 
test statistic for the Kwiatkowski–Phillips–Schmidt–Shin test for stationarity.  *, ** and ^ denote statistical significance at the 10%, 5% and 1% levels, respectively. 

 
BM CD CS CM DI FB Fin GI GR HC I Ins Med GM Min R RE Ret Sup TL UTL 

 
Panel A: Monthly Returns  
Mean 0.90% 0.99% 0.88% 0.96% 0.61% 0.68% 1.05% 0.63% 0.88% 0.87% 0.42% 0.79% 1.14% 1.14% 1.15% 0.78% 0.68% 0.96% 0.77% 0.90% 1.26% 
Median 1.06% 1.47% 0.86% 1.61% 0.68% 0.79% 1.56% 0.88% 0.98% 1.21% 1.00% 1.19% 1.41% 1.35% 1.19% 1.04% 0.90% 0.99% 0.92% 1.65% 1.57% 
St Dev 5.90% 6.11% 4.02% 5.85% 5.69% 4.30% 4.42% 4.88% 5.62% 4.26% 5.37% 5.97% 8.06% 6.59% 6.34% 4.41% 4.49% 4.94% 6.59% 5.33% 5.21% 
Max 20.38% 18.04% 10.76% 17.61% 23.75% 14.22% 11.46% 20.63% 17.26% 14.36% 12.28% 14.50% 28.76% 21.40% 19.82% 13.83% 14.03% 15.08% 20.35% 13.42% 16.12% 
Min -21.09% -24.38% -13.57% -30.86% -20.89% -16.95% -13.67% -28.48% -27.21% -17.27% -21.37% -23.91% -23.71% -31.84% -26.70% -24.94% -25.70% -15.34% -38.93% -24.95% -15.39% 
Skew -0.36  -0.39  -0.49  -1.05  -0.25  -0.53  -0.53  -0.69  -0.46  -0.49  -0.69  -0.68  -0.12  -0.51  -0.45  -1.40  -1.37  -0.02  -0.99  -1.09  -0.13  
Jarques-
Bera 22.37^ 20.51^ 27.58^ 258.48^ 20.92^ 43.97^ 14.29^ 319.38^ 62.46^ 22.57^ 31.83^ 37.36^ 12.34^ 52.48^ 22.83^ 437.90^ 428.83^ 1.62 328.23^ 143.57^ 4.53 

ADF -14.06^ -13.98^ -16.68^ -13.39^ -16.98^ -16.47^ -14.15^ -15.98^ -14.28 -16.28^ -14.52^ -15.57^ -13.20^ -15.61^ -15.43^ -13.82^ -13.04^ -15.53^ -13.75^ -14.11^ -15.51^ 
KPSS 0.08 0.47** 0.04 0.05 0.03 0.06 0.27 0.06 0.05 0.05 0.05 0.11 0.65** 0.07 0.09 0.41* 0.32 0.05 0.33 0.49** 0.33 
 
Panel B: Quarterly Returns  
Mean 2.58% 2.84% 2.59% 2.77% 1.80% 1.99% 3.04% 1.86% 2.54% 2.55% 1.22% 2.33% 3.25% 3.42% 3.44% 2.24% 2.00% 2.78% 2.23% 2.61% 3.72% 
Median 2.64% 2.95% 2.80% 3.68% 2.61% 2.43% 3.26% 2.57% 2.97% 3.21% 2.29% 3.98% 3.14% 5.45% 4.96% 2.97% 3.37% 3.22% 3.40% 4.10% 4.01% 
St Dev 10.44% 11.72% 6.91% 10.41% 9.13% 7.59% 8.51% 8.40% 9.83% 7.08% 9.34% 10.92% 16.44% 11.50% 10.84% 8.47% 8.85% 8.38% 11.86% 9.83% 9.27% 
Max 33.67% 27.14% 21.38% 38.07% 25.15% 20.54% 28.94% 26.51% 23.25% 16.88% 26.46% 19.48% 43.97% 22.63% 21.17% 27.24% 27.18% 19.52% 26.91% 21.46% 26.35% 
Min -24.38% -37.42% -16.78% -28.96% -22.32% -16.78% -24.59% -29.35% -35.94% -11.60% -22.19% -31.64% -49.10% -37.68% -33.32% -35.85% -36.61% -15.59% -38.46% -28.79% -19.90% 
Skew 0.05  -0.79  -0.21  -0.30  -0.18  -0.04  -0.54  -0.42  -0.70  -0.22  -0.22  -0.82  -0.20  -0.84  -0.77  -1.59  -1.40  -0.26  -0.46  -0.83  -0.17  
Jarques-
Bera 1.17 17.26^ 1.67 11.17^ 0.42 0.09 12.60^ 13.03^ 15.29^ 2.05 0.63 9.03^ 2.96 11.28^ 8.62^ 153.44^ 109.39^ 1.95 5.06* 10.55^ 0.87 

ADF -8.77^ -8.12^ -4.74^ -8.09^ -8.16^ -4.58^ -7.99^ -9.64^ -7.11^ -7.83^ -7.48^ -8.11^ -8.20 -8.73^ -8.73^ -6.37^ -6.76^ -7.50 -7.20 -6.93^ -7.64^ 
KPSS 0.10 0.34 0.04 0.10 0.04 0.05 0.25 0.06 0.04 0.04 0.05 0.10 0.44* 0.08 0.09 0.36* 0.29 0.05 0.29 0.38 0.29 
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The selection of the relevant information variables for the conditional asset pricing 

models in this study is difficult for two reasons.  First, it is difficult to access long term 

financial data in Australia compared to the United States.  Second, we must avoid data 

snooping affecting the findings of the research.  It is for these reasons that the 

information variables are selected with reference to prior research, where an appropriate 

Australian variable is available.49  Durack et. al., (2004) employed a proxy for the 

default risk premium (the difference in returns between AAA and BBB rated corporate 

bonds) based on United States data.  The work of Durack et. al., (2004) employing the 

U.S. default risk premium is vulnerable to accusations of data snooping.  For this 

reason, it is preferable to employ Australian information variables to explain Australian 

returns.  To this end, we follow Wang (2003) in the selection of information variables.  

The work of Wang (2003) identifies the following ten information variables, including, 

the dividend yield, the default risk premium, the one month Treasury bill rate and the 

excess return on an equal weighted market portfolio.  Wang (2003) mentions six further 

variables that have also been employed as information variables which are the term 

premium, industrial growth rate, inflation rate, short-end term structure slope, January 

dummy, and the excess returns on a value-weighted market index.  In Australia, 

industrial production and inflation indices are published quarterly, in contrast with the 

United States of America where such data is published monthly.  The lower sampling 

frequency of data limits the number of observations that can be employed in analysing 

Australian equity returns.  In addition, data for the default risk premium is not available 

for long periods of time in Australia due to the fledgling size of the domestic bond 

market.  As a result of the lack of data, the default premium will not be examined in this 

study.  We now proceed to discuss the information variables included in this study.   

Nine variables will be examined in this study to determine whether they are able to 

predict future Australian equity returns.  If predictive ability is identified, then the 

variables will be employed as an information variable for the conditional asset pricing 

models.  For this study, dividend yield refers to the dividend yield on the FTSE 

Australia index and is obtained from Datastream.  The Treasury bill rate is proxied by 

49 There is a small body of literature identifying information variables in Australian studies.  Durack et. al., (2004) 
employ both the US Government Term premium and average weekly earnings in examining a conditional Australian 
CAPM.  Whilst, Nguyen et. al., (2007) employ lagged estimates of the Australian Term premium, Australian Default 
premium and the Australian risk free rate as information variables.  The Term premium is the difference between the 
yield on the 10 year Australian Government bond rate and the 13 week Australian Government note.  The Default 
premium is the difference between the yield of the UBS 10 year maturity corporate bond index and the UBS 10 year 
maturity Treasury bond index.   
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the 90 day bank accepted bill rate sourced from the Reserve Bank of Australia.  This 

data as the risk-free proxy was employed to be consistent with Brailsford, Handley and 

Maheswaran (2008) and removes the need to estimate a one month Treasury bill rate for 

most of the analysis.50  The definition of the market, employed to calculate the excess 

return of the equal and value weighted market portfolio, is limited to only the stocks 

employed to estimate the  Fama and French (1993) SMB and HML risk factors and 

Carhart (1997) momentum factor.  The term premium is the slope of the yield curve 

which is measured as the difference in yield between the Australian Commonwealth 

government ten year bond yield and the 90 day bank accepted bill yield.  The data for 

the Australian Commonwealth government returns is sourced from the Reserve Bank of 

Australia.  Industrial production growth rates and inflation data are obtained from the 

Australian Bureau of Statistics on a quarterly basis.  The term structure slope for short 

term securities is proxied by the difference between the 30 day bank bill rate and the 

Interbank Overnight Cash rate provided by the Reserve Bank of Australia.   

Table 5-5 Information Variable Descriptive Statistics 
Of the monthly information variables examined, dividend yield is the obtained from the Datastream FTSE 
Australia index, Short-Term Interest Rate is the 90 day bank accepted bill rate of return.  EW Excess Return 
and VW Excess Return is the monthly excess return of an equal-weighted and value-weighted portfolio of the 
top 300 stocks listed on the Australian Securities Exchange reconstructed in December each year from 1991 to 
2010.  The Term Premium is the difference in yield for 10 year Australian Commonwealth Government bonds 
and the 90 day bank accepted bill rate sourced from the Reserve Bank of Australia.  ST Term Premium is the 
difference in yield between the 30 day bank bill rate and the Interbank rate provided by the Reserve Bank of 
Australia.  January dummy is a dummy variable equalling 1 when the market returns occur in January and 0 
otherwise.  Of the quarterly information variables examined, Industrial Production is the level of industrial 
production obtained from the Australian Bureau of Statistics.  Inflation is the All Groups Consumer Price Index 
obtained from the Reserve Bank of Australia.   
 

  
Dividend 

Yield 

Short Term 
Interest 

Rate 

Equal-
Weighted 

Excess 
Return 

Value-
Weighted 

Excess 
Return 

Term 
Premium 

Short-
Term Term 
Premium 

January 
Dummy 

Panel A: Monthly Returns  
Mean 0.32% 0.47% 0.54% 1.12% 0.85% 0.14% 0.087 
Median 0.31% 0.46% 1.17% 1.60% 0.77% 0.13% 0.000 
Standard Deviation 0.05% 0.10% 4.88% 3.64% 1.20% 0.25% 0.283 
Maximum 0.61% 0.70% 11.13% 8.18% 4.51% 0.99% 1.000 
Minimum 0.25% 0.26% -28.21% -11.69% -1.81% -0.67% 0.000 
Skewness 0.026 0.003 -1.460 -0.757 0.005 0.002 2.943 

Panel B: Quarterly Returns  

 

Industrial 
Production Inflation 

     Mean 0.53% 0.65%     
 Median 0.51% 0.63%     
 Standard Deviation 0.76% 0.36%     
 Maximum 2.13% 1.53%     
 Minimum -1.63% -0.08%     
 Skewness -0.104 0.005         
 

50 Following the election of the Howard Government in 1996 there was a policy choice to reduce Government debt 
levels. Budget surpluses were produced and the Australian federal government debt was reduced resulting in 
Treasury notes no longer being issued by the Australian federal government in 2003. 
http://www.aofm.gov.au/content/_download/Historical_tables/Historical_07_08/TableH14.pdf 
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Table 5-5 presents the information variables examined in this study.  Panel A displays 

the information variables of monthly frequency whilst Panel B displays the information 

variables of quarterly frequency.   

The next section of this Chapter identifies the information variables which provide 

predictive information content for the conditional models.  Following this, the 

conditional asset pricing models are estimated and their performance is compared with 

unconditional asset pricing models.  This analysis will be performed with both a 

monthly and quarterly return frequencies.  The frequencies of the information variables 

are reported in this study based on how regularly these variables are available or 

published in Australia.  Finally, the predictive performance of both conditional and 

unconditional asset pricing models are compared with a naïve forecast fixed excess 

return. 

Table 5-6 Market return predictability and monthly information variables 
This table presents the ordinary least squares coefficients and adjusted r-square values for the following 
equation -  where Market is the ASX All Ordinaries Accumulation Index return, and 
Zt-1 is the information variable of interest.  Panel A displays the regression results of the monthly information 
variables.  Panel B presents the regression results for the quarterly information variables.  Of the monthly 
information variables examined, dividend yield is the obtained from the Datastream FTSE Australia index, 
Short-Term Interest Rate is the 90 day bank accepted bill rate of return.  EW Excess Return and VW Excess 
Return is the monthly excess return of an equal-weighted and value-weighted portfolio of the top 300 stocks 
listed on the Australian Securities Exchange reconstructed annually in December from 1991 to 2010.  The 
Term Premium is the difference in yield for 10 year Australian Commonwealth Government bonds and the 
90 day bank accepted bill rate sourced from the Reserve Bank of Australia.  ST Term Premium is the 
difference in yield between the 30 day bank bill rate and the Interbank rate provided by the Reserve Bank of 
Australia.  January dummy is a dummy variable equalling 1 when the market returns occur in January and 0 
otherwise.  Of the quarterly information variables examined, Industrial Production is the level of industrial 
production obtained from the Australian Bureau of Statistics.  Inflation is the All Groups Consumer Price 
Index obtained from the Reserve Bank of Australia.  t-statistics are reported in brackets and *, ** and ^ 
denote statistical significance at the 10%, 5% and 1% levels, respectively. 
 
Panel A: Monthly Information Variables 

 

Dividend 
Yield 

Short Term 
Interest Rate 

EW 
Excess 
Return 

VW 
Excess 
Return 

Term 
Premium 

ST Term 
Premium 

January 
Dummy 

Coefficient 0.002 -0.004 0.075 0.092 0.003 -0.008 -0.010 
Std Error 0.004 0.002 0.049 0.065 0.002 0.010 0.009 
t-statistic 0.419 -1.858* 1.518 1.408 1.253 -0.727 -1.035 
Adj r-square -0.013 0.002 -0.003 -0.004 -0.007 -0.011 -0.008 
 
Panel B: Quarterly Information Variables 

 Industrial 
Production Inflation      

Coefficient -0.656 -0.010      
Std Error 1.077 0.006      
t-statistic -0.610 -1.670*      
Adj r-square -0.009 0.023      
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5.5 Results 

To identify the information variables to be employed in the conditional asset pricing 

models, we estimate the regression described in Eq. (5.1).  The regression results are 

presented in Panel A of Table 5-6 for the monthly returns and Panel B of Table 5-6 for 

the quarterly returns.     

Panel A of Table 5-6 reports that the short term interest rate is statistically significant at 

the 10% level in predicting Australian equity returns.  In Panel B of Table 5-6, the 

inflation factor is also statistically significant at the 10% level in predicting Australian 

equity returns.  Apart from the short-term interest rate and inflation, the findings in 

Table 5-6 suggest that no other information variable possess predictive ability.  Both the 

short-term interest rate and inflation factors exhibit low adjusted r-square values, 

however, given the lack of better alternatives in Australia, we employ these two 

information variables in the conditional asset pricing models in this study.   

The lack of predictive performance of most information variables analysed in this study 

is consistent with several empirical studies in the U.S. literature.  Welch and Goyal 

(2008) find that most U.S. predictive variables perform poorly in predicting U.S. equity 

premia.  In the Australian setting, Poke and Wells (2009) show that the term spread in 

Australia is unable to predict future GDP growth.  Other interesting research from 

Credit Suisse (2010) concludes that there is no relationship between high GDP growth 

and stock returns.   

Table 5-7 Information Variable Augmented Dicky-Fuller Test Results 
This table presents the test statistics for the Augmented Dicky-Fuller test for stationarity employing a 
trend and intercept for the information variables employed in the conditional asset pricing tests.  The 
monthly sample period is from February 1992 to December 2010 whilst the quarterly sample period is 
from June 1992 to December 2010.  Panel A displays the monthly information variables in levels, Panel 
B displays the quarterly information variables in levels.  Panel C displays the first differences in the 
monthly information variables and Panel D displays the first differences in the quarterly information 
variables.  *, ** and ^ denote statistical significance of the rejection of the null hypothesis of a unit root 
at the 10%, 5% and 1% levels, respectively. 

 )(*1 ft rMarketZ −−
 SMBZt *1−  HMLZt *1−  WMLZt *1−  

 
Panel A: Monthly Information Variable in Levels 

 -13.48^ -12.48^ -15.24^ -13.69^ 
 
Panel B: Quarterly Information Variable in Levels 

 -7.31^ -6.41^ -3.38 -7.36^ 
 
Panel C: Monthly Information Variable First Differences 

 -7.28^ -13.16^ -17.44^ -8.30^ 
 
Panel D: Quarterly Information Variable First Differences 

 -8.92^ -9.55^ -7.81^ -6.99^ 
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Granger and Newbold (1974) demonstrate that spurious regression results can occur 

when data series are non-stationary.  As a result, and in order to remove the possibility 

of a spurious regression, we examine the information variables to determine whether 

they are indeed stationary.  The results of an augmented Dicky-Fuller test employing a 

trend and intercept are presented in Table 5-7.  For the monthly information variables, 

both levels and changes confirm that the null hypothesis of a unit root is rejected at the 

one percent level.  This finding is not consistent for the quarterly information variables 

with the null hypothesis not rejected for the HML information variable in levels.  When 

the quarterly information variable is first differenced, the null hypothesis is rejected at 

the one percent level, confirming that the data is stationary.  To minimise the effects of 

a spurious regression and to remain consistent with prior research, the conditional asset 

pricing models will employ the information variable in both levels and first differences 

for this section of the analysis.  In the interests of brevity, this Chapter will only report 

the results of the analysis where the information variable is in first differences.  The 

results of the analysis where the information variable is in levels are reported in the 

Appendix A of this Chapter.  Furthermore, all tables presented in this section will only 

report their results to two decimal places.  Once a stationary form of the information 

variables is identified, the next section will explain the role that the information variable 

plays in the estimation of the conditional asset pricing models.   

5.5.1 Unconditional Asset Pricing (Ex-Post) 

This section of this study will examine the ability of unconditional asset pricing models 

to explain realised returns.  Subsequent to this analysis, we will then examine the ability 

of unconditional asset pricing models to predict future excess returns.  In testing the 

explanatory power of the asset pricing models, the unconditional versions of the CAPM 

and Carhart (1997) asset pricing models are first estimated.  This is to provide a base 

case on which to compare the pricing performance of the conditional versions of these 

models.   

We first examine MSCI style index returns for a number of reasons.  First, we employ 

MSCI data to confirm that the reliance on Datastream data in this study does not impact 

the findings of this study.  Second, traditional asset pricing tests are performed on 

several size and book-to-market sorted portfolios because the MSCI indices present an 

easy obtainable proxy of these portfolios for this analysis.  Furthermore, this section 
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examines the ability of asset pricing models to explain the variation of returns for 

infrastructure returns.  This research is important for understanding whether systematic 

risk factors explain the variation of returns of infrastructure equities in Australia.  The 

unconditional monthly CAPM regression results for the MSCI style indices and 

infrastructure portfolios are reported in Panel A of Table 5-8.  Panel B of Table 5-8 

presents the estimates for the unconditional quarterly CAPM regressions.  

Table 5-8 Unconditional CAPM Regressions 
This table presents the regression coefficients for the following regression  where Rp is the 
monthly excess return on the respective MSCI Style index, rf is the 90 day Bank Accepted Bill rate obtained from the Reserve Bank 
of Australia and Market is the monthly excess return of the ASX All Ordinaries Accumulation index.  LCG is the MSCI Large Cap 
Growth portfolio, LCV is the MSCI Large Cap Value portfolio, MCG is the MSCI Mid Cap Growth portfolio, MCV is the MSCI 
Mid Cap Value portfolio, SCG is the MSCI Small Cap Growth portfolio, SCV is the MSCI Small Cap Value portfolio, MI is the 
MSCI Infrastructure Portfolio, ASXUT is the ASX Utilities portfolio, ASXTra is the ASX Transport portfolio and PPP refers to the 
PPP portfolio.  All regressions are conducted for the period 30 May 1994 to 31 December 2010 for the Large Growth, Large Value, 
Mid Growth and Mid Value portfolios.  For the Small Growth and Small Value portfolios the sample period is 30 May 1997 to 31 
December 2010.  The MSCI Infrastructure regression is conducted for the period January 1999 to December 2010.  The S&P/ASX 
200 Utilities and S&P/ASX 200 Transport regressions are conducted for the period March 2000 to December 2010 and the PPP 
portfolio regression is conducted for the period January 1995 to December 2010.  *, ** and ^ denote statistical significance at the 
10%, 5% and 1% levels, respectively. 

 Style Indices Infrastructure Indices 

  LCG LCV MCG MCV SCG SCV MI ASXUT ASXTra PPP 
 
Panel A: Monthly CAPM Regression 
Coefficient 
Intercept 0.00 0.00 0.00 0.00 0.00 0.00 -0.01 0.00 0.00 0.01 
Market 1.04 0.92 1.13 0.90 1.20 1.05 0.47 0.56 0.92 0.50 

           
Standard Error 
Intercept 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
Market 0.05 0.05 0.05 0.04 0.06 0.06 0.09 0.08 0.11 0.13 

           
t-statistic           
Intercept 0.15 0.40 -1.15 -0.10 1.28 -1.00 -2.16^ 1.09 0.93 1.43 
Market 22.69^ 20.34^ 21.75^ 20.73^ 21.44^ 19.09^ 5.21^ 6.79^ 8.47^ 3.93^ 

           
Adjusted R2 0.72 0.68 0.70 0.68 0.74 0.69 0.15 0.26 0.36 0.07 
 
Panel B: Quarterly CAPM Regression 
Coefficient 
Intercept 0.00 0.00 -0.01 0.00 0.01 -0.01 -0.02 0.01 0.01 0.01 
Market 0.96 0.99 1.13 0.84 1.18 1.11 0.30 0.39 0.82 0.36 

           
Standard Error 
Intercept 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.02 
Market 0.08 0.08 0.08 0.08 0.09 0.10 0.11 0.12 0.12 0.22 

           
t-statistic           
Intercept -0.01 0.25 -1.35 -0.23 1.41 -0.72 -2.60^ 1.02 0.82 0.85 
Market 12.30^ 12.37^ 13.85^ 11.10^ 13.41^ 10.68^ 2.64^ 3.20^ 4.67^ 1.65 

           
Adjusted R2 0.70 0.70 0.75 0.65 0.77 0.68 0.11 0.18 0.33 0.03 

 

Panel A of Table 5-8 shows that the market beta is positive and statistically significant 

for all portfolios.  Also of interest is the fact that the intercept term is small and 
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statistically insignificant for all portfolios except the MSCI Infrastructure portfolio.  For 

the MSCI style indices (i.e. LCG, LCV, MCG, MCV, SCG and SCV) the CAPM model 

explains approximately 70 per cent of the variation in asset returns whilst for the 

infrastructure portfolios (i.e. MI, ASXUT, ASXTra and PPP) the CAPM explains 

between 7 and 36 percent of the variation of returns.   

The results in Panel B of Table 5-8 for the quarterly CAPM regressions are largely 

consistent with the monthly CAPM regression results.  For all portfolios, the CAPM 

beta is positive and statistically significant, whilst the regression intercepts are small 

and statistically insignificant.  However, for the PPP portfolio, the CAPM beta does not 

appear to explain the PPP portfolio returns when employing the quarterly sampling 

frequency.  For the MSCI style indices, the goodness of fit, as measured by the adjusted 

r-square values reveals that the quarterly CAPM regression performs as well, and in 

some cases slightly better than the monthly CAPM regression.  For the infrastructure 

indices, the adjusted r-square measure of goodness of fit ranges from 3% to 33% of the 

variation of returns.  It is interesting to observe that the PPP is the portfolio with the 

lowest adjusted r-square value of 3.  This as well as the fact that no regression 

coefficient was statistically significant indicates that the quarterly CAPM performs 

poorly in explaining the variation of quarterly PPP portfolio returns.   

From the results presented in Table 5-8, it is possible to conclude that the unconditional 

CAPM is able to explain approximately 70% of the variation of MSCI style index 

returns.  This finding is consistent for both the monthly and quarterly return frequencies.  

However, the CAPM’s ability to explain the variation of infrastructure portfolio returns 

is poor.  It is interesting to note that the CAPM’s ability to explain the variation of 

infrastructure portfolio returns decreases from the monthly to quarterly return 

frequencies.  The adjusted r-square values for the monthly return regressions are all 

larger than the adjusted r-square values for the quarterly return regressions.  

Furthermore, the quarterly CAPM regression of the PPP portfolio reports no statistically 

significant systematic risk factors.  This contrasts with the monthly portfolio regressions 

where the market factor is statistically significant.   
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Table 5-9 Unconditional CAPM Regressions - Datastream Industries 

This table presents the regression coefficients for the following regression where  is the excess return of the Datastream Australian industry indices,  is the 90 day Bank Accepted Bill rate and Market is 
the excess return of the ASX All Ordinaries Accumulation index obtained from DataStream. Panel A presents the results for monthly returns whilst Panel B displays the results for quarterly returns.   All regressions are estimated for the period January 
1991 to December 2010.  *, ** and ^ denote statistical significance at the 10%, 5% and 1% levels, respectively. 
 BM CD CS CM DI FB Fin GI GR HC I Ins Med GM Min R RE Ret Sup TL UTL 
 
Panel A: Monthly CAPM Portfolio Regressions 
Coefficient 

  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 -0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
  1.02 1.10 0.58 1.14 0.96 0.59 0.91 0.83 0.84 0.70 1.08 0.94 1.24 1.23 1.21 0.71 0.78 0.6880 0.97 0.97 0.51 

                      
Standard Error 

  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
  0.08 0.07 0.06 0.07 0.07 0.06 0.04 0.06 0.08 0.06 0.06 0.08 0.10 0.08 0.07 0.06 0.06 0.07 0.09 0.06 0.09 

                      
t-statistic                     

  1.27 0.92 1.39 1.69 0.23 0.40 2.69^ 0.19 0.80 1.25 -0.57 0.88 0.62 1.96 2.12^ 1.09 0.63 1.21 0.16 1.36 1.91 
  13.44^ 15.41^ 10.22^ 17.21^ 12.86^ 9.39^ 21.04^ 13.05^ 11.01^ 12.49^ 18.45^ 11.57^ 12.67^ 15.70^ 16.33^ 11.96^ 13.98^ 10.01^ 10.64^ 15.03^ 6.51^ 

                      
Adj-
R2 0.43 0.51 0.31 0.56 0.42 0.27 0.66 0.42 0.34 0.40 0.60 0.37 0.41 0.52 0.54 0.38 0.46 0.30 0.33 0.49 0.15 

 
Panel B: Quarterly CAPM Portfolio Regressions 
Coefficient 

  0.01 0.00 0.00 0.01 0.00 0.00 0.01 0.00 0.00 0.00 -0.00 0.00 0.00 0.01 0.02 0.01 0.00 0.01 0.00 0.01 0.02 
  0.99 1.14 0.50 1.21 0.83 0.50 1.00 0.73 1.00 0.63 1.08 0.93 1.33 1.15 1.08 0.78 0.89 0.74 1.08 0.92 0.37 

                      
Standard Error 

  0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 
  0.13 0.14 0.10 0.10 0.12 0.11 0.08 0.11 0.11 0.09 0.09 0.14 0.19 0.14 0.13 0.11 0.10 0.11 0.14 0.12 0.14 

                      
t-statistic                     

  1.24 0.69 1.32 1.80 0.32 0.37 2.71^ 0.28 0.94 1.34 -0.58 0.91 0.35 1.73 1.88 1.00 0.65 1.37 0.16 1.13 1.93 
  7.47^ 8.42^ 5.04^ 11.74^ 7.01^ 4.48^ 13.10^ 6.71^ 8.84^ 7.09^ 11.80^ 6.44^ 6.91^ 8.35^ 8.24^ 7.13^ 8.55^ 6.97^ 7.50^ 7.51^ 2.63^ 

                      
Adj-
R2 0.43 0.49 0.25 0.65 0.39 0.20 0.70 0.37 0.51 0.40 0.65 0.35 0.39 0.48 0.48 0.40 0.49 0.39 0.43 0.43 0.07 
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Further to the examination of the MSCI style and infrastructure indices, the ability of 

the CAPM to explain the variation of returns of Datastream industry indices is 

examined.  The results of the CAPM regressions for the Datastream industry indices 

where returns are calculated monthly are reported in Panel A of Table 5-9 and Panel B 

for quarterly returns.  The results of the regressions are similar to the MSCI style index 

results.  However, for the monthly regression results, the Financials and Mining indices 

exhibit positive and statistically significant intercept terms.  The positive and 

statistically significant intercept terms are repeated for the quarterly return regressions 

with the Financials and Utilities indices.  The CAPM’s ability to explain the portfolio 

returns varies.  The least efficient regression occurs on the Utilities indices where the 

adjusted r-square is 0.15 for monthly returns and 0.07 for quarterly returns.  The CAPM 

performs best when explaining the Financials indices with adjusted r-square values 

ranging between 0.66 for monthly returns and 0.70 for quarterly returns.  This study will 

next examine the ability of the unconditional Carhart (1997) four-factor model to 

explain the variation of returns.   

With the ability of the CAPM to explain portfolio returns now determined, the next 

regressions examine the explanatory power of the Australian Carhart (1997) four-factor.  

Table 5-10 presents the regression results of the unconditional Carhart (1997) four-

factor model regression on both the MSCI style indices and the infrastructure indices.  

The results in Table 5-10 for the MSCI style indices are very similar to the findings of 

Kassimatis (2008).  In the Australian setting, Kassimatis (2008) found that market, size 

and book-to-market factors are all statistically significant in explaining the variation of 

returns.  For the infrastructure portfolios, the results in Panel A of Table 5-10 show that 

the Carhart (1997) four-factor model, on average, improves upon the CAPM in 

explaining the variation of infrastructure returns.  However, the results for the monthly 

PPP regression show a fall in the adjusted r-square values.  This indicates that the 

Carhart (1997) four-factor model may be ‘over-fitting’ the regression.  When quarterly 

returns are examined, the results of the Carhart (1997) four-factor model are mixed.  For 

the S&P Transport and S&P Utilities, indices the adjusted r-square value increases 

when compared to the CAPM.  This indicates that the Carhart (1997) four-factor model 

performs better in explaining the variations of returns of the various indices.  However, 

for all other indices examined in this section, the adjusted r-square value decreases.  The 

market factor is statistically significant for all indices apart from the PPP portfolio 
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where no factor is statistically significant.  For these portfolios, it is possible to 

conclude that the quarterly Carhart (1997) four-factor model does not improve upon the 

CAPM in explaining the variation of returns.   

Table 5-10 Unconditional Carhart (1997) Four-Factor Model  
This table presents the regression coefficients for the following regression 

 where  is the excess return on the portfolio of interest,  is the 90 day Bank Accepted Bill rate 
obtained from the Reserve Bank of Australia and  is the excess return of the ASX All Ordinaries Accumulation index 
obtained from DataStream.   is the monthly Australian Fama and French (1993) size factor,  is the monthly Australian 
Fama and French (1993) book-to-market factor.   is the monthly Australian momentum factor.  LCG is the MSCI Large Cap 
Growth portfolio, LCV is the MSCI Large Cap Value portfolio, MCG is the MSCI Mid Cap Growth portfolio, MCV is the MSCI 
Mid Cap Value portfolio, SCG is the MSCI Small Cap Growth portfolio, SCV is the MSCI Small Cap Value portfolio, MI is the 
MSCI Infrastructure Portfolio, ASXUT is the ASX Utilities portfolio, ASXTra is the ASX Transport portfolio and PPP refers to 
the PPP portfolio.  All regressions are estimated for the period 30 May 1994 to 31 December 2010 for the Large Growth, Large 
Value, Mid Growth and Mid Value portfolios.  For the Small Growth and Small Value portfolios the sample period is 30 May 
1997 to 31 December 2010. The MSCI Infrastructure regression is estimated for the period January 1999 to December 2010.  The 
S&P/ASX 200 Utilities and S&P/ASX 200 Transport regressions are estimated for the period March 2000 to December 2010 and 
the PPP portfolio regression is estimated for the period January 1995 to December 2010.  Panel A presents the results for monthly 
returns whilst Panel B presents the results for quarterly returns. *, ** and ^ denote statistical significance at the 10%, 5% and 1% 
levels, respectively. 

 Style Indices Infrastructure Indices 
  LCG LCV MCG MCV SCG SCV MI ASXUT ASXTr

 
PPP 

 
Panel A: Monthly Carhart (1997) regression results 
Coefficient       

      0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 
  1.07 0.95 1.09 0.89 1.06 0.94 0.48 0.54 0.86 0.49 
  -0.35 -0.19 0.23 0.22 0.68 0.64 -0.26 0.08 0.30 0.06 
  0.24 -0.17 0.10 -0.21 0.18 -0.26 -0.28 0.11 0.48 0.13 
  0.03 -0.11 0.04 0.02 0.06 -0.07 -0.25 -0.02 -0.15 -0.08 

           
Standard Error          

  0.00 0.00 0.00 0.00 0.00* 0.00 0.00 0.00 0.00 0.01 
  0.04^ 0.04* 0.05* 0.04* 0.04* 0.04* 0.09^ 0.09^ 0.11^ 0.14^ 
  0.06* 0.06* 0.08* 0.06* 0.06* 0.06* 0.14** 0.14 0.16 0.19 
  0.05* 0.05* 0.06 0.05* 0.04* 0.05* 0.10^ 0.10 0.11^ 0.15 
  0.04 0.04* 0.05 0.04 0.03 0.04 0.08^ 0.08 0.09 0.12 

           
Adjusted R2 0.78 0.73 0.72 0.72 0.89 0.83 0.22 0.28 0.47 0.07 
 
Panel B: Quarterly Carhart (1997) regression results 
Coefficient       

      0.00 0.01 0.00 0.00 0.02 0.00 -0.02 0.01 0.00 0.02 
  1.03 1.04 1.04 0.84 0.98 0.89 0.29 0.35 0.78 0.35 
  -0.32 -0.22 0.22 0.17 0.56 0.84 -0.06 0.12 0.26 0.10 
  0.31 -0.21 0.18 -0.31 0.24 -0.41 -0.16 0.03 0.83 0.36 
  0.10 -0.16 -0.05 0.03 -0.03 -0.02 -0.11 -0.01 0.01 -0.10 

           
Standard Error          

  0.00 0.01 0.01 0.01 0.01* 0.01 0.01 0.01 0.02 0.02 
  0.07* 0.07* 0.08* 0.08* 0.07* 0.08* 0.13^ 0.15^ 0.18^ 0.24 
  0.10* 0.10* 0.12 0.10 0.10* 0.12* 0.21 0.23 0.28 0.33 
  0.079* 0.08* 0.09 0.08* 0.07* 0.09* 0.15 0.18 0.21 0.26 
  0.06 0.06* 0.07 0.07 0.06 0.07 0.11 0.12 0.15 0.21 

           
Adjusted R2 0.79 0.78 0.77 0.71 0.89 0.85 0.09 0.21 0.51 0.02 

 

The results of the MSCI style index regressions show that the Carhart (1997) four-factor 

model is more efficient at explaining asset returns than the CAPM.  The evidence for 
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the Datastream industry index regressions is mixed.  For the monthly return regressions, 

on average, the Carhart (1997) four-factor model does improve on the CAPM in 

explaining asset returns.  However, it does appear that the momentum factor has little 

explanatory power for industry index returns.  This finding is similar to the results in 

Gregory and Michou (2009) which examined the Carhart (1997) model and industry 

indices in the United Kingdom.  For the infrastructure portfolios, the evidence presented 

in this study demonstrates that unconditional versions of the CAPM and the Carhart 

(1997) four-factor model report a mixed performance in explaining the variation of PPP 

equity portfolio returns.  The quarterly regressions for both the CAPM and Carhart 

(1997) four-factor model produce no statistically significant systematic risk factors.  

This contrasts with the monthly regressions where the market factor is statistically 

significant in both the CAPM and Carhart (1997) four-factor model.  When the adjusted 

r-square values are compared, the monthly CAPM model appears to outperform the 

monthly Carhart (1997) four-factor model.  When the other infrastructure indices are 

considered, the monthly Carhart (1997) four-factor model reports higher adjusted r-

square values than the CAPM.  This consistent result is not present when the quarterly 

returns are examined.  For both the MSCI and S&P Utilities indices, the quarterly 

CAPM outperforms the Carhart (1997) four-factor model in explaining the variation of 

returns.  For the S&P Transport index, the quarterly Carhart (1997) four-factor model 

remains the best performing asset pricing model.   
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Table 5-11 Unconditional Carhart (1997) Regressions – Datastream Industries 

This table presents the regression coefficients for the following regression  where  is the excess return on the portfolio of interest,  is the 90 day Bank Accepted Bill 
rate obtained from the Reserve Bank of Australia and  is the excess return of the ASX All Ordinaries Accumulation index obtained from DataStream.   is the monthly Australian Fama and French (1993) size factor,  is the monthly 
Australian Fama and French (1993) book-to-market factor.   is the monthly Australian momentum factor.  All regressions are estimated for the period January 1991 to December 2010.  Panel A presents the results for monthly returns whilst Panel 
B presents the results for quarterly returns. *, ** and ^ denote statistical significance at the 10%, 5% and 1% levels, respectively. 
 BM CD CS CM DI FB Fin GI GR HC I Ins Med GM Min R RE Ret Sup TL UTL 
 
Panel A: Monthly Carhart (1997)Portfolio Regressions 
Coefficient 

  0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.00 0.00 -0.00 0.00 0.00 -0.00 0.00 0.01 0.00 0.00 0.00 0.01 0.00 
  1.06 1.13 0.60 1.15 0.95 0.59 0.94 0.83 0.81 0.71 1.07 1.06 0.98 1.31 1.24 1.21 0.71 0.78 0.68 0.88 0.94 
  0.08 -0.02 -0.21 0.18 0.09 -0.21 -0.06 -0.13 0.23 -0.24 0.24 0.08 -0.09 -0.07 -0.18 -0.10 0.21 0.15 0.06 0.39 0.32 
  0.42 0.22 0.03 0.19 -0.02 0.02 0.23 0.19 -0.05 -0.06 0.11 0.42 0.37 0.48 -0.13 -0.15 0.18 0.14 0.02 -0.21 0.03 
  0.04 0.012 -0.03 0.05 -0.03 -0.11 -0.06 -0.17 -0.07 -0.04 -0.07 0.04 -0.07 0.07 0.06 0.06 -0.04 -0.05 -0.04 -0.24 -0.09 

Standard Error 
  0.00 0.00 0.00 0.00 0.00 0.00 0.00^ 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00^ 
  0.07^ 0.07^ 0.06^ 0.07^ 0.08^ 0.06^ 0.04^ 0.06^ 0.08^ 0.06^ 0.06^ 0.08^ 0.10^ 0.08^ 0.08^ 0.06^ 0.06^ 0.07^ 0.09^ 0.06^ 0.08^ 
  0.11 0.11 0.08^ 0.10 0.11 0.09^ 0.06 0.09 0.11^ 0.08^ 0.09^ 0.11 0.14 0.12 0.11 0.09^ 0.08 0.10 0.13^ 0.09^ 0.12 
  0.09^ 0.09^ 0.07 0.08^ 0.09 0.08 0.05^ 0.07^ 0.09 0.07 0.07 0.10^ 0.12^ 0.10 0.09 0.07^ 0.07^ 0.09 0.11 0.08 0.10 
  0.07 0.07 0.06 0.07 0.08 0.06 0.04 0.06^ 0.07 0.06 0.06 0.08 0.10 0.08 0.07 0.06 0.06 0.07 0.09^ 0.06 0.08 

Adjusted- R2 
 0.49 0.52 0.33 0.57 0.41 0.30 0.69 0.48 0.35 0.42 0.61 0.42 0.45 0.53 0.54 0.41 0.47 0.30 0.38 0.52 0.14 
 
Panel B: Quarterly Carhart (1997)Portfolio Regressions 
Coefficient 

  0.00 0.01 0.01 0.00 0.00 0.01 0.01 0.00 0.02 0.01 -0.00 0.01 -0.00 0.02 0.02 0.01 0.00 0.02 0.02 0.02 0.02 
  1.08 1.12 0.52 1.31 0.85 0.51 1.03 0.77 0.95 0.62 1.09 0.98 1.38 1.12 1.04 0.81 0.92 0.71 1.01 0.86 0.33 
  -0.21 0.19 -0.10 -0.26 -0.21 -0.20 -0.09 -0.15 0.11 0.05 -0.09 -0.03 0.06 0.10 0.09 -0.15 -0.16 0.13 -0.06 0.22 0.23 
  -0.56 -0.27 -0.19 -0.37 0.05 -0.05 -0.33 -0.29 -0.02 -0.07 -0.10 -0.44 -0.51 0.28 0.26 -0.28 -0.26 -0.16 0.24 -0.22 -0.03 
  0.07 -0.12 -0.04 0.16 0.02 -0.10 -0.06 -0.06 -0.19 -0.08 -0.08 -0.01 0.03 0.02 0.01 -0.08 -0.06 -0.15 -0.25 -0.29 -0.06 

Standard Error 
  0.01 0.01 0.01 0.01 0.01 0.01 0.01^ 0.01 0.01 0.01 0.01 0.01 0.02 0.01 0.01 0.01 0.01 0.01 0.01 0.01^ 0.01 
  0.13 0.14^ 0.10^ 0.10^ 0.13^ 0.12^ 0.07^ 0.11^ 0.12^ 0.09^ 0.10^ 0.15^ 0.20^ 0.14^ 0.14^ 0.11^ 0.10^ 0.11^ 0.15^ 0.12^ 0.14^ 
  0.20 0.22 0.16 0.16 0.20 0.18 0.11 0.17 0.19 0.15 0.15 0.23 0.32 0.23 0.22 0.17 0.16 0.17 0.23 0.19 0.23 
  0.15 0.17^ 0.12 0.12^ 0.15 0.14 0.08^ 0.13^ 0.14 0.11 0.11 0.17^ 0.24^ 0.17 0.16 0.13^ 0.12^ 0.13 0.18 0.15 0.18 
  0.12 0.13 0.10 0.09 0.12 0.11 0.07 0.10 0.11 0.09 0.09 0.14 0.19 0.14 0.13 0.10 0.10 0.10 0.14 0.12^ 0.14 

Adjusted- R2 
 0.53 0.49 0.27 0.71 0.38 0.22 0.77 0.43 0.51 0.39 0.66 0.39 0.40 0.49 0.48 0.45 0.54 0.40 0.44 0.48 0.04 
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The results of the unconditional Carhart (1997) regressions on the Datastream 

Australian industry portfolio returns are presented in Panel A of Table 5-11 for the 

monthly return regressions and Panel B of Table 5-11 the quarterly return regressions.  

The monthly and quarterly regression results show that the only consistently statistically 

significant coefficient for the industry regressions is the market factor.  The size 

coefficient is statistically significant in eight of the twenty two industry portfolios and 

the book-to-market coefficient is statistically significant in nine of the twenty two 

industry portfolios.  The momentum coefficient is only significant in two industries.  

The adjusted r-square values do indicate that, on average, the Carhart (1997) four-factor 

model is more efficient in explaining the variation in returns than the CAPM.  However, 

in the diversified industrials, retail and utilities portfolios, the explanatory power is 

reduced.  The next section of this study will examine whether the performance of the 

Carhart (1997) model can be further improved by employing conditional information 

variables.   

5.5.2 Conditional Asset Pricing Model Results 

This section examines the performance of conditional versions of the CAPM and the 

Carhart (1997) asset pricing models.  This allows a comparison between the conditional 

and unconditional asset pricing models presented in the prior section.  As previously 

identified, the short term interest rate exhibits a weak statistically significant 

relationship with future ASX 200 returns.  For this reason, it is employed as the 

information variable for the monthly return regressions.  The Consumer Price Index was 

selected as the information variable for the quarterly regressions as it also exhibited a 

weak statistical significant relationship with future ASX 200 returns.  As demonstrated 

earlier in this study, the information variable for the monthly and quarterly returns 

regressions is stationary when it is in first differences.  As a result, this study will 

present the regression results for the information variable in first differences only.  In 

the interests of brevity the regression results where the information variable is in levels 

are presented in the Appendix A to this thesis.   

Panel A of Table 5-12 presents the regression results of the conditional CAPM for the 

MSCI style and infrastructure indices for monthly returns and Panel B of Table 5-12 

presents the conditional CAPM regression results for MSCI style and infrastructure 

indices with quarterly returns.  For the monthly return frequency, the information 

variable is statistically significant in three of the ten indices examined.  In the portfolios 
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where the information variable is statistically significant (Large Cap Growth, Large Cap 

Value and Small Cap Value), only the Large Cap Growth exhibits an increase in the 

adjusted r-square value.  For the quarterly return frequency, the information variable for 

all regressions is statistically insignificant.  Furthermore, the adjusted r-square values do 

not indicate a major improvement in the ability to explain the variation in returns for the 

equity returns examined.  Table 5-12 indicates that when the information variable is 

stationary, (i.e. the information variable is in first differences) the conditional CAPM 

does not improve on the unconditional CAPM in explaining the variation of returns.  

These results suggest that the unconditional Carhart (1997) four-factor model is more 

efficient in explaining the variation of returns.51 

Table 5-12 Conditional CAPM Regression (First Differences) 
This table presents the regression coefficients for the following regression 

 where  is the excess return on the portfolio of interest,  is the 90 day Bank Accepted Bill rate obtained from the Reserve Bank of 
Australia and  is the monthly return of the ASX All Ordinaries Accumulation index obtained from DataStream.  In Panel A, is 
the lagged first difference in the 90 day Bank Accepted Bill rate obtained from the Reserve Bank of Australia.  In Panel B,  is the 
lagged first difference of the Consumer Price Index obtained from the Australian Bureau of Statistics.  LCG is the MSCI Large Cap Growth 
portfolio, LCV is the MSCI Large Cap Value portfolio, MCG is the MSCI Mid Cap Growth portfolio, MCV is the MSCI Mid Cap Value 
portfolio, SCG is the MSCI Small Cap Growth portfolio, SCV is the MSCI Small Cap Value portfolio, MI is the MSCI Infrastructure 
Portfolio, ASXUT is the ASX Utilities portfolio, ASXTra is the ASX Transport portfolio and PPP refers to the PPP portfolio.  All 
regressions are estimated for the period 30 May 1994 to 31 December 2010 for the Large Growth, Large Value, Mid Growth and Mid Value 
portfolios.  For the Small Growth and Small Value portfolios the sample period is 30 May 1997 to 31 December 2010.  The MSCI 
Infrastructure regression is estimated for the period January 1999 to December 2010.  The S&P/ASX 200 Utilities and S&P/ASX 200 
Transport regressions are estimated for the period March 2000 to December 2010 and the PPP portfolio regression is estimated for the 
period January 1995 to December 2010.  Panel A presents the results for monthly returns whilst Panel B presents the results for quarterly 
returns. *, ** and ^ denote statistical significance at the 10%, 5% and 1% levels, respectively. 
  LCG LCV MCG MCV SCG SCV MI ASXUT ASXTra PPP 
 
Panel A: Monthly Conditional CAPM Regressions 
Coefficient             

      0.00 0.00 0.00 0.00 0.00 0.00 -0.01 0.00 0.00 0.01 
  1.05 0.90 1.13 0.90 1.20 1.00 0.49 0.55 0.88 0.50 
  358.68 -357.99 38.15 159.36 14.87 -787.96 299.06 -130.54 -729.02 -51.48 

           
Standard Error          

  0.00 0.00 0.00 0.00 0.00 0.00 0.00^ 0.00 0.00 0.00 
  0.045^ 0.05^ 0.05^ 0.04^ 0.06^ 0.06 0.09^ 0.08^ 0.11^ 0.13^ 
  180.94* 178.58^ 206.15 171.83 230.62 227.91^ 347.57 308.33 404.25 523.12 

           
Adjusted R2 0.73 0.67 0.70 0.69 0.74 0.67 0.15 0.26 0.37 0.07 
 
Panel B: Quarterly Conditional CAPM Regressions 
Coefficient       

      0.00 0.00 -0.01 0.00 0.01 -0.01 -0.02 0.01 0.01 0.02 
  0.97 1.00 1.12 0.84 1.16 1.09 0.30 0.39 0.82 0.35 
  -0.09 -0.05 0.04 -0.02 0.11 0.13 -4.36 15.41 0.81 28.98 

           
Standard Error          

  0.01 0.01 0.01 0.01 0.01 0.01 0.01^ 0.01 0.02 0.02 
  0.08^ 0.08^ 0.08^ 0.08^ 0.09^ 0.11^ 0.12^ 0.12^ 0.18^ 0.22 
  0.08 0.08 0.08 0.08 0.09 0.10 12.43 13.16 19.24 23.86 

           
Adjusted R2 0.70 0.70 0.74 0.65 0.77 0.68 0.10 0.19 0.31 0.03 

 

51 Appendix A of this thesis presents the regression results where the information variable is in levels. 
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Table 5-13 Conditional CAPM Regressions (First Differences) – Datastream Industries 

This table presents the regression coefficients for the following regression  where  is the excess return on the portfolio of interest,  is the 90 day Bank Accepted Bill rate obtained 
from the Reserve Bank of Australia and  is the excess return of the ASX All Ordinaries Accumulation index obtained from DataStream. In Panel A, is the lagged first difference in the 90 day Bank Accepted Bill rate obtained from the 
Reserve Bank of Australia.  In Panel B,  is the lagged first difference of the Consumer Price Index obtained from the Australian Bureau of Statistics.  All regressions are estimated for the period January 1991 to December 2010.  Panel A presents 
the results for monthly returns whilst Panel B presents the results for quarterly returns. *, ** and ^ denote statistical significance at the 10%, 5% and 1% levels, respectively. 
 BM CD CS CM DI FB Fin GI GR HC I Ins Med GM Min R RE Ret Sup TL UTL 
 
Panel A: Monthly Conditional CAPM Regressions 
Coefficient 

  0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.01 
  1.00 1.10 0.59 1.14 0.96 0.59 0.90 0.81 0.83 0.71 1.08 0.96 1.24 1.25 1.23 0.71 0.78 0.68 0.97 0.97 0.51 
  -574.29 5.74 239.81 -26.33 108.65 182.84 -423.87 -254.75 -337.89 230.97 4.29 500.90 -42.42 327.62 433.16 -102.97 -46.79 -51.34 3.04 11.70 254.70 

                      
Standard Error 

  0.00 0.00 0.00 0.00 0.00 0.00 0.00^ 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00^ 0.00 0.00 0.00 0.00 0.00 0.00^ 
  0.08^ 0.07^ 0.06^ 0.07^ 0.08^ 0.06^ 0.04^ 0.06^ 0.08^ 0.06^ 0.06^ 0.08^ 0.10^ 0.08^ 0.07^ 0.06^ 0.06^ 0.07^ 0.09^ 0.07^ 0.08^ 
  311.96 295.77 235.32 274.91 310.74 259.29 178.47^ 262.04 317.51 231.82 243.39 334.80 406.73 325.27 305.61 246.38 232.38 285.18 376.97 267.58 323.40 

                      
 
Adj- 
R2 0.45 0.51 0.31 0.56 0.42 0.28 0.67 0.43 0.35 0.40 0.60 0.37 0.41 0.52 0.54 0.38 0.46 0.30 0.33 0.50 0.15 

 
Panel B: Quarterly Conditional CAPM Regressions 
Coefficient 

  0.01 0.01 0.01 0.01 0.00 0.00 0.01 0.00 0.01 0.01 -0.01 0.01 0.00 0.02 0.02 0.00 0.00 0.01 0.00 0.01 0.02 
  1.03 1.14 0.52 1.25 0.85 0.53 1.03 0.77 0.99 0.64 1.10 0.96 1.35 1.13 1.05 0.81 0.92 0.74 1.09 0.93 0.34 
  -0.40 -0.01 -0.20 -0.32 -0.18 -0.28 -0.27 -0.32 -0.02 -0.03 -0.18 -0.23 -0.15 0.23 0.21 -0.32 -0.31 -0.03 -0.10 -0.05 0.19 

                      
Standard Error 

  0.01 0.01 0.01 0.01 0.01 0.01 0.01^ 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01^ 0.01 0.01 0.01 0.01 0.01 0.01^ 
  0.13^ 0.14^ 0.10^ 0.10^ 0.12^ 0.11^ 0.07^ 0.11^ 0.11^ 0.09^ 0.09^ 0.15^ 0.20^ 0.14^ 0.13^ 0.11^ 0.10^ 0.11^ 0.15^ 0.13^ 0.14^ 
  0.19^ 0.20 0.14 0.15^ 0.17 0.16 0.11^ 0.16^ 0.17 0.13 0.14 0.21 0.29 0.20 0.19 0.16^ 0.15^ 0.16 0.21 0.18 0.21 

                      
Adj- 
R2 0.45 0.48 0.26 0.67 0.40 0.23 0.72 0.40 0.50 0.39 0.66 0.36 0.38 0.48 0.48 0.43 0.52 0.38 0.42 0.42 0.07 

 
 

115 
 



The industry index regression results for the conditional CAPM are presented in Panel 

A of Table 5-13 for the monthly returns and Panel B of Table 5-13 for quarterly returns.  

These results support the conclusion that the inclusion of an information factor does not 

significantly improve the pricing ability of the CAPM.  In Panel A, the information 

factor is statistically significant in one of the twenty two regressions.  In Panel B, the 

information factor is statistically significant in three of the twenty two regressions.  The 

adjusted r-square values suggest that the conditional CAPM does not significantly 

improve upon the simple unconditional CAPM in explaining the variation of returns. 

Having examined the ability of the conditional CAPM to explain Australian equity 

returns, this study will now examine the ability of the conditional Carhart (1997) four-

factor model to explain the variation in returns.  Panel A of Table 5-14 presents the 

regression results of monthly returns for the conditional Carhart (1997) four-factor 

model.  Panel B of Table 5-14, presents the quarterly returns regression results for the 

conditional Carhart (1997) four-factor model.  In Panel A of Table 5-14 only five 

information factors of the possible forty are statistically significant in the monthly 

return regressions.  This finding is repeated for the quarterly return regressions where 

only three of the possible forty information variables are statistically significant.52  

Furthermore, the adjusted r-square results presented in Table 5-14 demonstrate that 

conditional asset pricing models do not significantly increase the ability of the model to 

explain the variation of returns over unconditional asset pricing models.   

  

52 As there are four information variables and ten portfolios, the total number of information variables in Table 5-14 
is 40. 
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Table 5-14 Conditional Carhart (First Differences) 
This table presents the regression coefficients for the following regression 

.  Panel A presents the results of the monthly 
returns regression whilst Panel B presents the regression results of the quarterly returns.   is the excess return on the portfolio of interest,  is the 
90 day Bank Accepted Bill rate obtained from the Reserve Bank of Australia and  is the excess return of the ASX All Ordinaries 
Accumulation index obtained from DataStream.   is the Australian Fama and French (1993) size factor,  is the Australian Fama and French 
(1993) book-to-market factor.   is the Australian momentum factor.  In Panel A,  is the lagged first difference in the 90 day Bank Accepted 
Bill rate obtained from the Reserve Bank of Australia.   in Panel B is the lagged first difference in the Consumer Price Index obtained from the 
Australian Bureau of Statistics.  LCG is the MSCI Large Cap Growth portfolio, LCV is the MSCI Large Cap Value portfolio, MCG is the MSCI Mid 
Cap Growth portfolio, MCV is the MSCI Mid Cap Value portfolio, SCG is the MSCI Small Cap Growth portfolio, SCV is the MSCI Small Cap Value 
portfolio, MI is the MSCI Infrastructure Portfolio, ASXUT is the ASX Utilities portfolio, ASXTra is the ASX Transport portfolio and PPP refers to the 
PPP portfolio.  All regressions are estimated for the period 30 May 1994 to 31 December 2010 for the Large Growth, Large Value, Mid Growth and 
Mid Value portfolios.  For the Small Growth and Small Value portfolios, the sample period is 30 May 1997 to 31 December 2010.  The MSCI 
Infrastructure regression is estimated for the period January 1999 to December 2010.  The S&P/ASX 200 Utilities and S&P/ASX 200 Transport 
regressions are estimated for the period March 2000 to December 2010 and the PPP portfolio regression is estimated for the period January 1995 to 
December 2010.  *, ** and ^ denote statistical significance at the 10%, 5% and 1% levels, respectively. 

 Style Indices Infrastructure Indices 
  LCG LCV MCG MCV SCG SCV MI ASXUT ASXTra PPP 

Panel A: Monthly Conditional Carhart Regression 
Coefficient 

  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.01 
  1.06 0.94 1.08 0.91 1.05 0.92 0.41 0.50 0.80 0.44 
  -0.34 -0.21 0.23 0.22 0.68 0.61 -0.27 0.10 0.25 0.02 
  0.22 -0.15 0.10 -0.17 0.18 -0.22 -0.38 0.08 0.34 0.06 
  0.04 -0.11 0.04 -0.01 0.06 -0.07 -0.26 -0.04 -0.15 -0.10 
  164.16 -361.68 223.93 -91.76 300.64 -517.34 646.98 810.51 -48.56 697.75 
  133.62 -6.85 -325.25 409.89 -55.27 218.83 -451.05 -2080.56 -24.26 -1028.47 
  -299.87 183.32 20.65 964.16 -69.30 444.25 -1276.67 -890.41 -1119.53 -806.22 
  534.10 -267.15 137.85 -878.48 420.68 -254.85 410.51 -822.90 228.38 416.22 

Standard Error 
  0.00 0.00 0.00 0.00 0.00^ 0.00 0.00 0.00 0.00 0.01 
  0.04^ 0.04^ 0.06^ 0.04^ 0.04^ 0.04^ 0.10 0.10^ 0.11^ 0.14^ 
  0.06^ 0.06^ 0.08^ 0.06^ 0.06^ 0.06^ 0.14* 0.14 0.17 0.20 
  0.05^ 0.05^ 0.06 0.05^ 0.05^ 0.05^ 0.10^ 0.10 0.12^ 0.16 
  0.04 0.04^ 0.05 0.04 0.04 0.04 0.08^ 0.08 0.09 0.13 
  223.75 226.89 282.00 205.20 251.32 271.13 641.00 638.90 757.89 780.00 
  403.06 408.71 507.99 369.63 458.84 495.00 1182.18 1157.69 1373.29 1360.16 
  209.00 211.92 263.40 191.66^ 209.77 226.30 470.67^ 456.36 541.36^ 671.29 
  251.33^ 254.85 316.76 230.48^ 243.46 262.65 566.35 551.93 654.71 793.00 

Adj R2 0.78 0.73 0.72 0.77 0.89 0.84 0.27 0.26 0.48 0.06 

Panel B: Quarterly Conditional Carhart Regression 
Coefficient  

  -0.01 0.01 0.00 -0.01 0.02 0.00 -0.01 0.02 0.00 0.02 
  1.03 1.03 1.08 0.83 0.96 0.81 0.24 0.34 0.81 0.46 
  -0.27 -0.29 0.28 0.22 0.52 0.68 -0.03 0.17 0.28 0.14 
  0.31 -0.22 0.23 -0.31 0.19 -0.51 -0.14 -0.03 0.69 0.05 
  0.12 -0.18 -0.04 0.05 -0.05 -0.05 -0.14 0.00 0.05 0.00 
  -0.07 0.07 0.05 -0.07 0.01 -0.07 2.63 16.81 -27.59 -19.79 
  0.01 0.04 -0.26 0.06 0.00 0.46 -7.53 -36.60 29.59 0.75 
  -0.03 0.05 -0.06 -0.07 0.16 0.14 -47.21 -15.71 28.68 41.17 
  0.01 -0.01 0.04 -0.01 0.06 0.05 -39.55 -30.91 -17.08 -69.00 

Standard Error 
  0.01 0.01 0.01 0.01 0.01^ 0.01 0.01 0.02 0.02 0.02 
  0.09^ 0.09^ 0.10^ 0.09^ 0.08^ 0.09^ 0.13 0.16^ 0.19^ 0.23^ 
  0.12^ 0.13^ 0.14^ 0.13 0.12^ 0.13^ 0.20 0.24 0.28 0.30 
  0.09^ 0.09^ 0.10^ 0.09^ 0.08^ 0.09^ 0.15 0.19 0.23^ 0.27 
  0.07 0.07^ 0.08 0.07 0.06 0.07 0.13 0.16 0.19 0.22 
  0.09 0.09 0.10 0.09 0.08 0.09 19.90 23.19 27.81 32.15 
  0.17 0.18 0.20 0.19 0.19 0.21^ 36.22 41.11 49.29 48.68 
  0.11 0.12 0.13 0.12 0.11 0.12^ 26.91 31.89 38.23 42.79 
  0.07 0.07 0.08 0.07 0.07 0.07 17.08^ 19.87 23.83 23.86^ 

Adj R2 0.78 0.77 0.78 0.69 0.89 0.87 0.17 0.12 0.50 0.19 
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Table 5-15 Monthly Conditional Carhart Regression (First Differences) – Datastream Industries 

This table presents the regression coefficients for the following regression  where 
 is the monthly excess return on the portfolio of interest,  is the 90 day Bank Accepted Bill rate obtained from the Reserve Bank of Australia and  is the monthly excess return of the ASX All Ordinaries Accumulation index obtained from 

DataStream.   is the monthly Australian Fama and French (1993) size factor,  is the monthly Australian Fama and French (1993) book-to-market factor.   is the monthly Australian momentum factor.   is the lagged first difference 
in the 90 day Bank Accepted Bill rate obtained from the Reserve Bank of Australia.  All regressions are estimated for the period January 1991 to December 2010.  *, ** and ^ denote statistical significance at the 10%, 5% and 1% levels, respectively. 
 BM CD CS CM DI FB Fin GI GR HC I Ins Med GM Min R RE Ret Sup TL UTL 
Coefficient 

  0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.01 

  1.05 1.11 0.61 1.13 0.92 0.61 0.95 0.83 0.77 0.74 1.05 1.00 1.30 1.23 1.19 0.68 0.75 0.69 0.85 0.93 0.51 

  0.06 -0.07 -0.17 0.16 0.05 -0.17 -0.04 -0.15 0.13 -0.16 0.21 -0.05 -0.11 -0.22 -0.12 0.15 0.07 0.06 0.31 0.34 0.02 

  -0.39 -0.25 -0.03 -0.17 0.07 -0.03 -0.22 -0.13 0.08 0.03 -0.07 -0.36 -0.51 0.11 0.14 -0.11 -0.09 -0.01 0.22 -0.02 -0.05 

  0.03 0.07 -0.06 0.05 -0.04 -0.12 -0.09 -0.21 -0.04 -0.07 -0.08 -0.11 0.11 0.11 0.10 -0.05 -0.05 -0.05 -0.21 -0.10 -0.04 

  -838.21 -51.58 58.71 -985.94 -715.25 -69.24 -254.33 -45.81 -672.21 294.68 -478.18 431.37 235.68 522.27 329.34 -713.83 -819.72 232.35 -768.31 -619.87 186.48 

  171.72 -704.48 562.86 1.39 312.66 804.96 184.95 457.35 -915.11 456.86 246.88 148.61 -763.92 -363.08 -340.33 -1457.87 -1115.09 -17.64 -1140.61 -173.33 898.65 

  177.82 -950.87 219.02 -139.49 667.35 -111.76 27.63 1351.21 -123.62 -351.03 589.06 583.44 -781.92 -136.45 -127.48 570.97 240.91 114.24 -537.00 -32.10 100.51 

  -525.39 554.49 -225.87 -497.33 -209.06 88.10 -650.04 -186.05 -44.79 -390.29 -159.34 -486.65 546.70 1054.80 771.93 -1475.01 -1048.32 -67.51 -341.82 -672.80 656.66 

                      
Standard Error 

  0.00 0.00 0.00* 0.00 0.00 0.00 0.00^ 0.00 0.00 0.00* 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00* 0.00** 

  0.08^ 0.07^ 0.06^ 0.07^ 0.08^ 0.06^ 0.04^ 0.06^ 0.08^ 0.06^ 0.06^ 0.08^ 0.10^ 0.08^ 0.08^ 0.06^ 0.06^ 0.07^ 0.09^ 0.07^ 0.08^ 

  0.11 0.11 0.09* 0.10 0.12 0.10* 0.06 0.09* 0.12 0.09* 0.09** 0.12 0.15 0.12* 0.12 0.09* 0.08 0.11 0.13** 0.10^ 0.12 

  0.09^ 0.09^ 0.07 0.08** 0.09 0.08 0.05^ 0.07* 0.10 0.07 0.07 0.10^ 0.12^ 0.10 0.09 0.07 0.07 0.09 0.11** 0.08 0.10 

  0.07 0.07 0.06 0.07 0.08 0.06* 0.04** 0.06^ 0.08 0.06 0.06 0.08 0.10 0.08 0.08 0.06 0.05 0.07 0.09** 0.06 0.08 

  331.83** 320.07 259.04 297.17^ 343.66** 284.78 187.71 268.69 348.38* 251.97 262.51* 357.06 434.67 357.44 339.09 252.69^ 245.20^ 320.48 396.14* 287.86** 365.81 

  531.50 512.66 414.92 475.99 550.45 456.14* 300.66 430.37 558.01 403.59 420.47 571.91 696.23 572.52 543.13 404.75^ 392.75^ 513.33 634.51* 461.07 585.93 

  450.12 434.16** 351.38 403.10 466.16 386.29 254.62 364.47^ 472.57 341.79 356.09* 484.34 589.62 484.86 459.96 342.77* 332.61 434.73 537.35 390.47 496.21 

  418.60 403.76 326.78 374.87 433.52 359.24 236.79^ 338.95 439.48 317.86 331.15 450.42 548.33 450.90** 427.75* 318.77^ 309.32^ 404.28 499.72 363.13* 461.46 

                      

Adj 
R2 0.49 0.53 0.33 0.59 0.42 0.29 0.70 0.51 0.36 0.43 0.62 0.42 0.45 0.53 0.54 0.47 0.52 0.29 0.40 0.53 0.14 
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Table 5-16 Quarterly Conditional Carhart Regression (First Differences) – Datastream Industries 

This table presents the regression coefficients for the following regression  where 
 is the quarterly excess return on the portfolio of interest,  is the 90 day Bank Accepted Bill rate obtained from the Reserve Bank of Australia and  is the quarterly excess return of the ASX All Ordinaries Accumulation index obtained from 

DataStream.   is the quarterly Australian Fama and French (1993) size factor,  is the quarterly Australian Fama and French (1993) book-to-market factor.   is the quarterly Australian momentum factor.   is the lagged first 
difference in the Consumer Price Index obtained from the Australian Bureau of Statistics.  All regressions are estimated for the period January 1991 to December 2010.  *, ** and ^ denote statistical significance at the 10%, 5% and 1% levels, 
respectively. 
 BM CD CS CM DI FB Fin GI GR HC I Ins Med GM Min R RE Ret Sup TL UTL 
Coefficient 

  0.00 0.03 0.01 0.02 0.00 0.00 0.01 0.01 0.00 0.02 0.02 0.00 0.01 0.00 0.02 0.02 0.01 0.00 0.02 0.01 0.02 
  1.06 0.95 1.14 0.62 1.25 0.80 0.59 1.06 0.79 0.87 0.71 1.06 1.11 1.45 1.12 1.06 0.78 0.92 0.71 0.92 0.92 
  -0.12 0.58 0.01 -0.28 -0.02 0.11 -0.28 -0.13 -0.14 0.42 -0.35 0.28 -0.22 -0.17 -0.05 -0.01 0.32 0.19 0.15 0.41 0.32 
  0.59 -0.09 0.21 0.01 0.48 0.03 -0.13 0.31 0.25 0.16 -0.11 0.15 0.23 0.38 -0.30 -0.30 0.31 0.26 0.18 -0.11 0.09 
  0.03 -0.05 -0.11 -0.08 0.13 0.01 -0.17 -0.07 -0.09 -0.13 -0.14 -0.04 -0.04 0.04 0.02 0.01 -0.01 -0.01 -0.11 -0.21 -0.25 
  -0.07 0.25 0.15 -0.02 -0.17 -0.10 -0.01 -0.11 -0.08 0.00 0.15 -0.14 0.01 -0.04 0.09 0.08 -0.27 -0.30 0.02 -0.04 0.22 
  -0.32 -0.07 0.17 -0.12 -0.19 -0.28 -0.30 -0.02 -0.19 0.07 -0.01 -0.09 -0.25 0.37 0.00 -0.03 0.21 0.27 0.11 0.13 -0.10 
  -0.22 -0.33 0.21 0.27 -0.30 -0.19 0.26 -0.06 -0.01 -0.11 0.28 -0.04 0.29 0.31 0.04 0.08 0.13 0.16 0.03 0.01 0.46 
  0.02 0.07 0.02 -0.06 0.07 0.02 0.01 -0.09 0.02 -0.01 0.02 -0.07 -0.15 0.01 0.05 0.02 -0.03 -0.05 -0.07 0.16 -0.03 

                      
Standard Error 

  0.01 0.01* 0.01 0.01* 0.01 0.01 0.01 0.01** 0.01 0.01 0.01** 0.01 0.01 0.02 0.01 0.01 0.01 0.01 0.01* 0.01 0.01** 
  0.14^ 0.17^ 0.15^ 0.11^ 0.11^ 0.14^ 0.12^ 0.07^ 0.12^ 0.12^ 0.1^ 0.1^ 0.16^ 0.22^ 0.16^ 0.15^ 0.12^ 0.11^ 0.12^ 0.16^ 0.13^ 
  0.18 0.23** 0.20 0.14* 0.14 0.18 0.16* 0.10 0.16 0.16** 0.13^ 0.13** 0.21 0.29 0.21 0.20 0.15** 0.15 0.16 0.21* 0.17* 
  0.18^ 0.22 0.20 0.14 0.14^ 0.18 0.16 0.1^ 0.16 0.16 0.12 0.13 0.20 0.28 0.21 0.20 0.15** 0.14* 0.16 0.21 0.17 
  0.12 0.16 0.14 0.10 0.10 0.12 0.11 0.07 0.11 0.11 0.09 0.09 0.14 0.20 0.14 0.14 0.10 0.10 0.11 0.14 0.12** 
  0.21 0.26 0.24 0.16 0.16 0.21 0.19 0.11 0.18 0.19 0.15 0.15 0.24 0.33 0.24 0.23 0.18 0.17* 0.18 0.24 0.19 
  0.22 0.27 0.25 0.17 0.17 0.22 0.19 0.12 0.19 0.20 0.15 0.16 0.25 0.35 0.25 0.24 0.18 0.18 0.19 0.25 0.20 
  0.20 0.26 0.23 0.16* 0.16* 0.20 0.18 0.11 0.18 0.18 0.14* 0.15 0.23 0.33 0.24 0.23 0.17 0.17 0.18 0.24 0.19** 
  0.09 0.11 0.10 0.07 0.07 0.09 0.08 0.05* 0.08 0.08 0.06 0.07 0.10 0.14 0.10 0.10 0.08 0.07 0.08 0.10 0.08 

                      
Adj 
R2 0.52 0.48 0.47 0.31 0.71 0.36 0.26 0.77 0.41 0.53 0.46 0.66 0.41 0.39 0.46 0.45 0.47 0.55 0.38 0.46 0.51 
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In a final test of the explanatory power of the conditional Carhart (1997) model, the 

Datastream industry indices are examined.  As previously mentioned, the regressions in 

this study are conducted on both monthly and quarterly returns.  The results of the 

regressions are presented in Tables 5-15 and 5-16 for the information variable in first 

differences.  Tables 5-15 and 5-16 demonstrate that, in most cases, the information 

variable is statistically insignificant.  On the occasions where the information variables 

are statistically significant, only very small increases in adjusted r-square values are 

observed.  This indicates that the increased number of regression coefficients do not 

improve the ability of the models to explain asset returns.  This leads us to the 

conclusion that the conditional variables do not significantly improve on the ability of 

the unconditional Carhart (1997) four-factor model in explaining the variation of asset 

returns.   

From the research presented in this section, one can to conclude that the ability of 

conditional asset pricing models to explain Australian equity portfolio returns formed 

by industry, size and growth factors is poor.  This finding may be due to the 

conditioning factor employed.  This is consistent with Nguyen, Faff and Gharghori 

(2007) which found that the conditional Fama and French (1993) three-factor model 

provides little discernible improvement on the ability of the unconditional model.  The 

findings are also consistent with Durack et. al., (2004) which found that the conditional 

CAPM underperforms the Fama and French (1993) three-factor model in explaining 

returns.  This Chapter makes an original contribution to the literature by examining the 

unconditional and conditional versions of the CAPM and Carhart (1997) which also 

includes the tumultuous period of the GFC.  With the ability of the asset pricing models 

to explain the variation of asset returns having been examined, the next section of this 

study will examine the predictive ability of conditional asset pricing models. 

5.5.3 Predictive Return Tests 

This section will examine the ability of asset pricing models to predict returns.  Given 

the role asset pricing models play in project evaluation and cost of capital estimation, 

understanding predictive ability is very important.  This study will follow the 

methodology in Simin (2008) and examine the ability of asset pricing models to predict 

the one month ahead returns.  The first test study examines the ability of the fixed 

excess returns to predict the returns of portfolios of interest.  Following Simin (2008), 
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the Root Mean Square Forecast Errors (RMSFEs) and forecast bias are estimated for all 

predictive forecasts.  Panel A of Table 5-17 presents the RMSFEs and forecast bias for 

the fixed excess return forecasts for the MSCI style and infrastructure portfolios.  The 

RMSFEs and forecast bias for the fixed excess return forecasts to the period ending 

December 2007 are reported in Panel B of Table 5-17.  These results are presented to 

provide a comparison of forecasting ability excluding the period of major market 

disruption from 2008 onwards, otherwise recognised as the GFC.   

The results in Panel A of Table 5-17 show that for all but the Small Growth portfolio, 

the Fixed Excess Return of 1% per annum reports the lowest RMSFEs.  For the Small 

Growth Portfolio, a range of fixed returns from 4% to 8% per annum report the lowest 

RMSFEs.53  It is an interesting empirical fact that the lowest RMSFEs are for fixed 

excess returns which are lower than the 6.0% reported in Simin (2008).  For all 

portfolios except the Large Value portfolio, there is a negative forecast bias for the 

Fixed Excess Return of 1% which suggests that the naive forecast underestimates future 

returns.  For the infrastructure indices the fixed excess return of 1.0% per annum reports 

the lowest RMSFEs for the MSCI Infrastructure, S&P Utilities and the S&P Transport 

indices.  For the PPP portfolio, the fixed excess return of 3.0% per annum reports the 

lowest RMSFEs.  For the PPP portfolio, each fixed excess return tested exhibits a 

negative forecast bias.  This implies that, on average, the fixed excess return models 

underestimate future returns.  The opposite is observed in the MSCI Infrastructure 

index, where each fixed excess return exhibits a positive forecast bias.  For both S&P 

indices, there is a trend in the forecast bias for the fixed excess return models from 

negative to positive.  The forecast bias is negative for the S&P Utilities index for all 

fixed excess returns from 1% to 6%.  From 7% onwards, the forecast bias is positive.  

For the S&P Transport index, the forecast bias is negative for the 1% to 4% range of 

fixed excess returns, however, from 5% to 10% range, the forecast bias is positive.   

 

 

 

 

53 The model with the lowest RMSFEs produces the most accurate forecast. 
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Table 5-17 Fixed Excess Return RMSFEs and Forecast Bias 
This table presents the RMSFE *100 and the forecast Bias*1000 for the one month ahead forecasts.  LCG is the MSCI Large Cap Growth portfolio, LCV 
is the MSCI Large Cap Value portfolio, MCG is the MSCI Mid Cap Growth portfolio, MCV is the MSCI Mid Cap Value portfolio, SCG is the MSCI 
Small Cap Growth portfolio, SCV is the MSCI Small Cap Value portfolio, MI is the MSCI Infrastructure Portfolio, ASXUT is the ASX Utilities portfolio, 
ASXTra is the ASX Transport portfolio and PPP refers to the PPP portfolio.  Panel A presents the RMSFEs and Bias for the period May 1999 to 
December 2010 for the Large Growth, Large Value, Mid Growth and Mid Value portfolios.54  For the Small Growth and Small Value portfolios, the 
RMSFE *100 and the forecast Bias*1000 are for the period January 2002 to December 2010.  The RMSFEs and forecast Bias for the MSCI Infrastructure 
estimated from January 2003 to December 2010.  For S&P/ASX 200 Utilities and S&P/ASX 200 Transport the RMSFEs and Bias are estimated from 
April 2005 to December 2010 and for the PPP portfolio the RMSFEs and Bias are estimated for the period January 1997 to December 2010.  Panel B 
presents the RMSFEs and Bias for the period May 1999 to December 2007 for the Large Growth, Large Value, Mid Growth and Mid Value portfolios.  
The Small Growth and Small Value portfolios the RMSFE *100 and the forecast Bias*1000 is for the period January 2002 to December 2007.  The MSCI 
Infrastructure the RMSFEs and Bias are estimated from January 2003 to December 2007.  For S&P/ASX 200 Utilities and S&P/ASX 200 Transport the 
RMSFEs and Bias are estimated from April 2005 to December 2007 and for the PPP portfolio the RMSFEs and Bias are estimated for the period January 
1997 to December 2007.  The fixed excess returns are expressed as a percentage per annum 
  Style Indices Infrastructure Indices 

   LCG LCV MCG MCV SCG SCV MI ASXUT ASXTr
 

PPP 
Panel A: Full Sample 
Fixed Excess Return 1.00% RMSFE 4.84 4.42 5.31 4.46 5.72 5.87 3.89 4.80 7.16 7.21 

 Bias -0.13 0.04 -0.10 -0.09 -0.13 -0.06 0.15 -0.33 -0.30 -0.26 
Fixed Excess Return 2.00% RMSFE 4.84 4.42 5.31 4.47 5.71 5.88 3.90 4.80 7.16 7.21 

 Bias -0.08 0.12 -0.04 -0.04 -0.19 0.01 0.27 -0.30 -0.23 -0.27 
Fixed Excess Return 3.00% RMSFE 4.85 4.44 5.32 4.47 5.71 5.89 3.92 4.81 7.17 7.21 

 Bias -0.03 0.22 0.02 0.03 -0.23 0.10 0.41 -0.26 -0.15 -0.27 
Fixed Excess Return 4.00% RMSFE 4.86 4.45 5.33 4.48 5.70 5.90 3.93 4.81 7.18 7.21 

 Bias 0.05 0.34 0.11 0.12 -0.26 0.21 0.57 -0.19 -0.06 -0.27 
Fixed Excess Return 5.00% RMSFE 4.86 4.46 5.34 4.49 5.70 5.91 3.95 4.82 7.19 7.21 

 Bias 0.13 0.47 0.20 0.22 -0.27 0.32 0.74 -0.12 0.04 -0.25 
Fixed Excess Return 6.00% RMSFE 4.87 4.47 5.35 4.50 5.70 5.92 3.97 4.83 7.20 7.22 

 Bias 0.23 0.62 0.31 0.33 -0.28 0.44 0.93 -0.03 0.15 -0.22 
Fixed Excess Return 7.00% RMSFE 4.89 4.49 5.36 4.52 5.70 5.94 3.99 4.84 7.21 7.22 

 Bias 0.35 0.78 0.43 0.46 -0.27 0.58 1.14 0.07 0.27 -0.19 
Fixed Excess Return 8.00% RMSFE 4.90 4.51 5.37 4.53 5.70 5.95 4.01 4.85 7.23 7.22 

 Bias 0.48 0.96 0.56 0.61 -0.25 0.73 1.36 0.19 0.40 -0.14 
Fixed Excess Return 9.00% RMSFE 4.91 4.53 5.39 4.55 5.71 5.97 4.03 4.86 7.24 7.23 

 Bias 0.62 1.15 0.70 0.77 -0.22 0.89 1.60 0.32 0.54 -0.09 
Fixed Excess Return 10.00% RMSFE 4.93 4.55 5.40 4.56 5.71 5.98 4.06 4.88 7.25 7.24 

  Bias 0.77 1.35 0.86 0.95 -0.18 1.06 1.85 0.46 0.69 -0.02 
Panel B: GFC Free Sample 
Fixed Excess Return 1.00% RMSFE 4.30 3.68 4.59 2.87 3.49 2.63 2.60 3.61 3.67 6.42 

 Bias -0.20 -0.17 -0.21 0.02 1.21 0.02 -0.20 0.50 -0.05 0.10 
Fixed Excess Return 2.00% RMSFE 4.30 3.68 4.59 2.86 3.47 2.62 2.60 3.59 3.66 6.41 

 Bias -0.21 -0.15 -0.22 -0.06 0.98 -0.07 -0.22 0.31 -0.18 0.01 
Fixed Excess Return 3.00% RMSFE 4.30 3.68 4.59 2.86 3.45 2.61 2.60 3.58 3.64 6.40 

 Bias -0.20 -0.11 -0.22 -0.11 0.77 -0.14 -0.21 0.14 -0.29 -0.07 
Fixed Excess Return 4.00% RMSFE 4.30 3.69 4.59 2.85 3.43 2.61 2.60 3.56 3.64 6.39 

 Bias -0.17 -0.05 -0.20 -0.14 0.58 -0.18 -0.18 -0.02 -0.38 -0.14 
Fixed Excess Return 5.00% RMSFE 4.31 3.70 4.59 2.85 3.41 2.60 2.61 3.55 3.63 6.39 

 Bias -0.12 0.04 -0.16 -0.14 0.40 -0.20 -0.12 -0.15 -0.46 -0.20 
Fixed Excess Return 6.00% RMSFE 4.31 3.71 4.60 2.86 3.40 2.60 2.62 3.54 3.62 6.38 

 Bias -0.07 0.13 -0.11 -0.11 0.25 -0.18 -0.03 -0.26 -0.51 -0.25 
Fixed Excess Return 7.00% RMSFE 4.32 3.72 4.61 2.86 3.39 2.61 2.63 3.53 3.62 6.38 

 Bias 0.01 0.25 -0.05 -0.07 0.12 -0.15 0.09 -0.36 -0.55 -0.29 
Fixed Excess Return 8.00% RMSFE 4.33 3.73 4.61 2.87 3.37 2.62 2.64 3.52 3.62 6.38 

 Bias 0.10 0.39 0.03 0.01 0.01 -0.08 0.23 -0.43 -0.56 -0.31 
Fixed Excess Return 9.00% RMSFE 4.34 3.75 4.62 2.88 3.36 2.62 2.66 3.51 3.62 6.38 

 Bias 0.21 0.54 0.13 0.10 -0.09 0.01 0.39 -0.49 -0.56 -0.33 
Fixed Excess Return 10.00% RMSFE 4.35 3.76 4.63 2.89 3.36 2.64 2.68 3.51 3.62 6.37 

  Bias 0.33 0.71 0.24 0.22 -0.16 0.13 0.58 -0.53 -0.53 -0.34 

 

54 As the MSCI index data begins in May 1994, the forecast data is examined from May 1999 to allow for the 60 
month training period specified in the Simin (2008) methodology.   
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The finding that low fixed excess returns are the best predictor of returns in Panel A of 

Table 5-17 may be the result of the large negative returns experienced during the GFC.  

To address this issue, the RMSFEs and forecast bias are re-estimated with the GFC 

period excluded, and the results of this analysis are presented in Panel B of Table 5-17.  

The RMSFEs presented in Panel B of Table 5-17 indicate that the 1% per annum fixed 

excess return forecast is no longer the best performing forecast for all indices except the 

Large Value index.  For the infrastructure indices, the fixed excess return of 10.0% per 

annum reports the lowest RMSFEs for both the S&P Utilities and PPP portfolios when 

the GFC is excluded from the sample.  The fixed excess return of 2.0% and 8.0% per 

annum produces the lowest RMSFEs for the MSCI Infrastructure and S&P Transport 

portfolios, respectively.   

The results of the Giacomini and White (2006) tests for the MSCI style indices are 

presented in Table 5-18.  Panel A of Table 5-18 reports the Giacomini and White (2006) 

difference test for the complete sample.  This table shows that the fixed excess return of 

2.0% per annum is selected the most times followed by the 3.0% and 1.0% per cent 

fixed excess returns.  Panel B of Table 5-18 displays the results of the Giacomini and 

White (2006) test for the full sample but excludes the Global Financial Crisis.  Panel B 

shows that there is a significant reduction in the number of differences between returns.  

Panel B also shows that the best performing fixed excess return is the 3.0% per annum 

followed by the 2.0% and 4.0% per annum fixed returns.  On interesting finding 

presented in Table 5-18 is that the impact of the GFC assisted in the identification of the 

best fixed excess return forecast.  Prior to 2007, the Giacomini and White (2006) test 

only identifies four differences in the fixed excess return forecasts.  However, for the 

full sample, the Giacomini and White (2006) test identifies a difference in 114 of the 

forecast excess returns. 

The results for the fixed excess returns in Table 5-17 are informative however, they do 

not provide conclusive evidence as to which fixed excess return model provides the best 

forecast.  Simin (2008) employed a naive fixed return determined from historical data.  

Given the shortened time horizon examined in this study, it was decided to employ the 

Giacomini and White (2006) test to determine the best predictive fixed excess return.55  

55 The Giacomini and White (2006) test compares the error series of two forecast models and identifies the best 
performing forecast model.  In order to identify the best performing of all forecast models, every combination of 
models was compared.  The best performing forecast model is the model identified most often in when examining all 
combinations.   
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For all Giacomini and White (2006) tests in this study the results for the predictive tests 

for both MSCI style indices are reported separately.  This is done to assist in the 

drawing inferences specific to both style and infrastructure portfolios.   

Table 5-18 MSCI Relative Forecast Performance – Fixed Excess Returns 
The numbers in the columns for both Panel A and Panel B presents the number of times a fixed excess 
return forecast was chosen over the fixed return in the row when the Giacomini and White (2006) 
Conditional Predictive Ability test rejected the null hypothesis at the 10% level.  Panel A presents the 
results for the forecast periods from May 1999 to December 2010.  Panel B: presents the results for the 
forecast periods from May 1999 to December 2007.   
 
Panel A: Full Sample 
 1.0% 2.0% 3.0% 4.0% 5.0% 6.0% 7.0% 8.0% 9.0% 10.0% 
1.0% - 0 0 0 0 0 0 0 0 0 
2.0% 1 - 0 0 0 0 0 0 0 0 
3.0% 1 2 - 0 0 0 0 0 0 0 
4.0% 2 2 2 - 0 0 0 0 0 0 
5.0% 2 2 2 2 - 0 0 0 0 0 
6.0% 2 2 2 2 2 - 0 0 0 0 
7.0% 2 2 2 2 3 3 - 0 0 0 
8.0% 2 2 2 3 3 3 3 - 0 0 
9.0% 2 2 3 3 3 3 3 4 - 0 
10.0% 2 3 3 3 3 3 4 5 5 - 
Total 16 17 16 15 14 12 10 9 5 0 
 
Panel B: Global Financial Crisis Free Sample 
 1.0% 2.0% 3.0% 4.0% 5.0% 6.0% 7.0% 8.0% 9.0% 10.0% 
1.0% - 1 1 1 0 0 0 0 0 0 
2.0% 0 - 1 0 0 0 0 0 0 0 
3.0% 0 0 - 0 0 0 0 0 0 0 
4.0% 0 0 0 - 0 0 0 0 0 0 
5.0% 0 0 0 0 - 0 0 0 0 0 
6.0% 0 0 0 0 0 - 0 0 0 0 
7.0% 0 0 0 0 0 0 - 0 0 0 
8.0% 0 0 0 0 0 0 0 - 0 0 
9.0% 0 0 0 0 0 0 0 0 - 0 
10.0% 0 0 0 0 0 0 0 0 0 - 
Total 0 1 2 1 0 0 0 0 0 0 

 

The Giacomini and White (2006) test for conditional predictive ability is now applied to 

the forecast excess returns for all infrastructure portfolios and the results are presented 

in Table 5-19.  Panel A displays the results of the Giacomini and White (2006) test for 

the full sample and Panel B displays the results of the Giacomini and White (2006) test 

for the sample up until December 2007.  Panel A identifies that the 6.0% per annum 

fixed excess return is the most selected forecast excess return for the infrastructure 

portfolios.56  This is followed by the 4.0% and 5.0% fixed excess returns.  For the 

sample that excluded the Global Financial Crisis, the fixed excess return forecast of 

56 These results are grouped as per the methodology of Simin (2008).  As a result, the findings in this study suggest 
that in a broad sense, the 6% fixed excess return provides the best forecast for infrastructure index returns.  However, 
individual variation does exist between the four indices examined.   
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3.0% and 6.0% per annum are chosen most often.  This is followed by the fixed excess 

return forecast of 2.0% per annum.  With these findings, we can now compare the 

predictive ability of fixed excess returns with the predictive ability of unconditional and 

conditional asset pricing models.     

Table 5-19 Infrastructure Portfolios Relative Forecast Performance – Fixed Excess 
Returns 

The numbers in the columns for both Panel A and Panel B presents the number of times the fixed return was chosen 
over the fixed return in the row when the Giacomini and White (2006) Conditional Predictive Ability test rejected the 
null hypothesis at the 10% level.  Forecasts are for the Datastream industry index returns.  Panel A presents the results 
for the forecast periods from January 1997 to December 2010.  Panel B: presents the results for the forecast periods 
from January 1997 to December 2007.   
 
Panel A: Complete Sample 

 1.0% 2.0% 3.0% 4.0% 5.0% 6.0% 7.0% 8.0% 9.0% 10.0% 
1.0% - 0 0 0 0 0 0 0 0 0 
2.0% 0 - 0 0 0 0 0 0 0 0 
3.0% 0 0 - 0 0 0 0 0 0 0 
4.0% 0 0 0 - 0 0 0 0 0 0 
5.0% 0 0 0 0 - 0 0 0 0 0 
6.0% 1 1 1 2 2 - 0 0 0 0 
7.0% 0 0 1 1 1 2 - 0 0 0 
8.0% 0 1 1 1 1 2 1 - 0 0 
9.0% 1 1 1 1 1 2 1 1 - 0 
10.0% 1 1 1 1 1 2 1 1 1 - 
Total 3 4 5 6 6 8 3 2 1 0 
 
Panel B: Global Financial Crisis Free Sample 

 1.0% 2.0% 3.0% 4.0% 5.0% 6.0% 7.0% 8.0% 9.0% 10.0% 
1.0% - 1 1 1 0 1 0 0 0 0 
2.0% 0 - 1 0 0 1 0 0 0 0 
3.0% 0 0 - 0 0 1 0 0 0 0 
4.0% 0 1 1 - 0 1 0 0 0 0 
5.0% 1 1 1 1 - 1 0 0 0 0 
6.0% 1 1 1 1 1 - 1 1 1 1 
7.0% 1 1 1 1 1 1 - 0 0 0 
8.0% 1 1 1 1 1 1 1 - 0 0 
9.0% 1 1 1 1 1 1 1 1 - 0 
10.0% 1 1 1 1 1 1 1 1 1 - 
Total 6 8 9 7 5 9 4 3 2 1 
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Table 5-20 MSCI Asset Pricing Models RMSFEs  
This table presents the RMSFE *100 and the forecast Bias*1000 for the one month ahead asset model forecasts.  LCG is the MSCI Large Cap 
Growth portfolio, LCV is the MSCI Large Cap Value portfolio, MCG is the MSCI Mid Cap Growth portfolio, MCV is the MSCI Mid Cap Value 
portfolio, SCG is the MSCI Small Cap Growth portfolio, SCV is the MSCI Small Cap Value portfolio, MI is the MSCI Infrastructure Portfolio, 
ASXUT is the ASX Utilities portfolio, ASXTra is the ASX Transport portfolio and PPP refers to the PPP portfolio.  Panels A and B presents the 
results for the period May 1999 to December 2010 whilst Panel C and D presents the results for the period May 1999 to December 2007 for the 
Large Growth, Large Value, Mid Growth and Mid Value portfolios.  Panel A and B presents the results for the Small Growth and Small Value 
portfolios for the period January 2002 to December 2010 whilst Panel C and D presents the results for the Small Growth and Small Value portfolios 
for the period January 2002 to December 2007.  For the infrastructure portfolios, Panel A and B present the RMSFEs and Bias for the MSCI 
Infrastructure are estimated from January 2003 to December 2010.  For S&P/ASX 200 Utilities and S&P/ASX 200 Transport the RMSFEs and Bias 
are estimated from April 2005 to December 2010 and for the PPP portfolio the RMSFEs and Bias are estimated for the period January 1997 to 
December 2010.  In Panels C and D, the RMSFEs and Bias for the MSCI Infrastructure the RMSFEs and Bias are estimated from January 2003 to 
December 2007.  For S&P/ASX 200 Utilities and S&P/ASX 200 Transport the RMSFEs and Bias are estimated from April 2005 to December 2007 
and for the PPP portfolio, the RMSFEs and Bias are estimated for the period January 1997 to December 2007.  The forecasts are obtained by 
multiplying the coefficients estimated over a 60 month period and by the average factor returns for this period.   

  LCG LCV MCG MCV SCG SCV MI ASXUT ASXTra PPP 
 
Panel A: Unconditional Models Full Sample 
Carhart RMSFE 4.89 4.39 5.31 4.44 5.72 5.83 3.94 4.84 7.15 7.18 

 Bias -0.17 0.03 -0.19 -0.04 -0.27 -0.16 -0.16 0.06 -0.11 -0.10 
Carhart No Intercept RMSFE 4.87 4.39 5.29 4.45 5.75 5.84 4.04 4.82 7.13 7.23 

 Bias -0.15 -0.06 -0.10 -0.09 -0.17 -0.18 -0.14 -0.31 -0.28 -0.23 
CAPM RMSFE 4.85 4.39 5.31 4.44 5.72 5.83 3.94 4.84 7.15 7.18 

 Bias -0.17 0.03 -0.19 -0.04 -0.27 -0.16 -0.16 0.06 -0.11 -0.10 
CAPM no intercept RMSFE 4.83 4.42 5.28 4.47 5.74 5.90 3.89 4.83 7.18 7.22 
  Bias -0.13 0.01 -0.09 -0.11 -0.08 -0.14 0.10 -0.35 -0.29 -0.25 
 
Panel B: Conditional Models Full Sample         

Conditional Carhart RMSFE 6.13 10.31 14.42 7.48 10.81 6.16 4.24 5.74 7.48 7.59 

 Bias -0.04 14.05 38.24 1.08 8.47 -0.10 0.32 -0.38 3.17 -0.26 
Carhart No Intercept RMSFE 6.11 10.58 15.90 7.87 10.79 6.44 4.37 5.85 7.36 7.72 

 Bias -0.09 12.46 38.70 2.87 5.60 0.67 0.38 0.21 1.62 -0.08 
CAPM RMSFE 4.79 4.48 7.59 4.55 5.95 6.93 5.58 7.84 9.00 7.19 

 Bias -0.16 0.16 11.25 0.03 -0.28 6.68 0.51 0.52 0.96 -0.04 
CAPM no intercept RMSFE 4.74 4.54 5.23 4.58 5.80 6.18 3.94 4.80 7.27 7.23 

 Bias -0.14 0.16 -0.16 -0.07 -0.21 0.19 0.09 -0.35 -0.03 -0.27 
CAPM variable 

 
RMSFE 5.03 4.32 7.27 4.51 5.71 6.85 3.88 12.68 11.56 10.65 

  Bias -0.10 0.15 10.09 -0.15 -0.27 5.26 0.05 14.22 -0.81 7.05 
 
Panel C: Unconditional Models Global Financial Crisis Free Sample 

    Carhart RMSFE 4.35 3.68 4.53 2.84 3.37 2.59 2.83 3.54 3.63 6.36 

 Bias -0.13 -0.08 0.03 -0.14 0.39 -0.19 1.13 -0.54 -0.52 -0.29 
Carhart No Intercept RMSFE 4.34 3.66 4.53 2.89 3.40 2.64 3.01 3.60 3.63 6.48 

 Bias -0.20 -0.17 -0.22 -0.08 0.69 -0.11 2.32 -0.02 -0.54 0.15 
CAPM RMSFE 4.32 3.68 4.53 2.84 3.37 2.59 2.83 3.54 3.63 6.36 

 Bias -0.14 -0.08 0.03 -0.14 0.39 -0.19 0.40 -0.15 -0.14 -0.05 
CAPM no intercept RMSFE 4.26 3.66 4.54 2.90 3.46 2.66 2.62 3.64 3.67 6.43 
  Bias -0.21 -0.17 -0.22 -0.02 1.12 0.00 -0.21 0.32 -0.40 0.11 
 
Panel D: Conditional Models Global Financial Crisis Free Sample         

Conditional Carhart RMSFE 6.52 10.85 16.35 5.13 8.23 3.42 3.58 5.58 4.05 6.64 

 Bias -0.27 24.41 52.26 5.51 23.16 -0.02 4.40 4.90 -0.17 0.79 
Carhart No Intercept RMSFE 6.58 11.17 17.98 6.12 7.41 4.19 3.75 5.92 3.96 7.01 

 Bias -0.29 22.47 53.95 8.89 20.01 2.25 5.49 7.11 -0.35 2.35 
CAPM RMSFE 4.27 3.83 7.65 2.87 3.34 3.66 5.16 8.14 5.81 6.33 

 Bias -0.16 -0.18 23.69 -0.13 0.25 7.65 11.61 18.40 -0.65 -0.29 
CAPM no intercept RMSFE 4.26 3.79 4.65 2.95 3.44 2.72 2.61 3.68 3.73 6.40 

 Bias -0.21 -0.17 -0.19 0.07 0.93 0.23 -0.13 1.06 0.09 0.15 
CAPM variable 

 
RMSFE 4.29 3.68 7.15 2.77 3.35 3.58 2.60 12.62 9.98 10.29 

  Bias -0.21 -0.05 20.41 -0.13 0.41 6.92 -0.15 10.02 22.04 23.77 
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We now turn to examine the predictive ability of asset pricing models for the MSCI and 

Infrastructure portfolios.  Table 5-20 presents the RMSFEs and estimated forecast bias 

for the conditional and unconditional asset pricing models examined in this study.  

Panel A of Table 5-20 reports the RMSFEs and estimated forecast bias for the 

unconditional models for the entire sample.  Panel B of Table 5-20 reports the RMSFEs 

and estimated forecast bias for the conditional models for the entire sample.  Panel C 

and D of Table 5-20 present the RMSFEs and estimated forecast bias for the 

unconditional and conditional asset pricing models for the sample up to December 

2007.   

The MSCI style indices exhibit a negative bias in the estimation of returns for all 

portfolios, which is the opposite of what is reported in Simin (2008).  Of the four 

unconditional models examined, there is no model that reports consistently lower 

RMSFEs for all indices examined.  The RMSFEs for the conditional asset pricing 

models are, on average, higher than the unconditional versions, which is consistent with 

Simin (2008).  The results presented in Table 5-20 indicate that the unconditional 

versions of the asset pricing models produce lower forecasting errors with a smaller 

forecasting bias than the conditional asset pricing models.  For the infrastructure 

indices, the lowest RMSFEs for the S&P Transport and S&P Utilities indices in Table 

5-20 are produced by the Carhart (1997) four-factor model estimated with the intercept 

supressed.  The conditional CAPM reports the lowest RMSFEs for the MSCI 

Infrastructure index and the RMSFEs are the lowest for the CAPM and the Carhart 

(1997) four-factor models.  When the Global Financial Crisis is excluded from the 

sample, the conditional CAPM continues to exhibit the lowest RMSFEs as displayed in 

Panel B of Table 5-20.   

As a final test, we employ the Giacomini and White (2006) test to directly compare the 

predictive performance of the asset pricing models and the naïve fixed excess returns.  

Again, the Giacomini and White (2006) test results are separated for the MSCI style and 

infrastructure indices.  The fixed excess returns of 1.0%, 2.0% and 3.0% per annum are 

employed as the naïve fixed excess return for the complete sample for the complete 

sample.  The naïve fixed excess return for the sample excluding the GFC employs 2.0%, 

3.0% and 4.0% per annum.  Panel A of Table 5-21 shows that the best performing asset 

pricing model is the unconditional Carhart (1997) four-factor model with the intercept 

suppressed.  This is followed by the unconditional CAPM with a suppressed intercept 
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then the unconditional CAPM with an intercept.  The worst performing models are the 

conditional versions of the Carhart (1997) four-factor model.  Panel B of Table 5-21 

presents the results for Giacomini and White (2006) methodology where the GFC is 

excluded.  The best performing asset pricing model in Panel B is the unconditional 

CAPM with the intercept suppressed.  This is followed by the unconditional Carhart 

(1997) four-factor model with the intercept suppressed.  The Giacomini and White 

(2006) methodology identifies that the fixed excess returns of 2.0% and 3.0% and the 

conditional CAPM are the next best predictive models.   

Table 5-21 MSCI Relative Forecast Performance – Asset Pricing Models and Fixed 
Excess Returns 

The numbers in the columns for both Panel A and Panel B displays the number of times a fixed return and asset pricing 
forecast was chosen over the forecasting alternative in the row when the Giacomini and White (2006) Conditional Predictive 
Ability test rejected the null hypothesis at the 10% level.  Forecasts are for the MSCI Indices portfolio returns.  Panel A 
displays the results for the forecast periods from May 1999 to December 2010.  Panel B: displays the results for the forecast 
periods from May 1999 to December 2007.  C is the Unconditional Carhart (1997) model, NC is the Unconditional Carhart 
(1997) No Intercept model, CAPM is the Unconditional CAPM, NICAPM is the Unconditional CAPM no intercept, CC is 
the Conditional Carhart (1997) model, CNC is the Conditional Carhart (1997) No Intercept model, CCAPM is the 
Conditional CAPM, NICCAPM is the Conditional CAPM no intercept and VICCAPM is Conditional CAPM variable 
intercept model. 

Panel A: Full Sample 
 1.0% 2.0% 3.0% C NC CAPM NICAP

M CC CNC CCAP
M 

NICCA
PM 

VICCAP
M 

1.0% - 0 0 2 2 2 2 0 0 0 0 1 
2.0% 1 - 0 2 2 2 2 0 0 0 0 1 
3.0% 1 2 - 2 2 2 2 0 0 0 0 1 
C 0 0 0 - 3 1 4 0 0 0 0 0 
NC 0 0 0 3 - 3 2 0 0 0 0 0 
CAPM 0 0 0 0 3 - 4 0 0 0 0 0 
NICAPM 0 0 0 2 5 2 - 0 0 0 0 0 
CC 5 5 5 3 3 3 3 - 1 5 5 5 
CNC 5 5 5 3 3 3 3 5 - 5 5 5 
CCAPM 2 2 2 2 2 2 2 0 0 - 2 3 
NICCAPM 1 1 1 2 2 2 2 0 0 1 - 2 
VICCAPM 2 2 2 2 2 2 2 0 0 0 2 - 
Total 17 17 15 23 29 24 28 5 1 11 14 18 

Panel B: Global Financial Crisis Free Sample 
 2.0% 3.0% 4.0% C NC CAPM NICAP

M CC CNC CCAP
M 

NICCA
PM 

VICCAP
M 

2.0% - 1 0 0 2 0 3 0 0 1 0 1 
3.0% 0 - 0 0 2 0 3 0 0 1 0 1 
4.0% 0 0 - 0 2 0 3 0 0 0 0 0 
C 0 0 0 - 4 1 4 0 0 0 0 0 
NC 0 0 0 2 - 2 4 0 0 0 0 0 
CAPM 0 0 0 0 4 - 4 0 0 0 0 0 
NICAPM 0 0 0 2 2 2 - 0 0 0 0 0 
CC 6 6 6 3 5 3 5 - 1 5 6 6 
CNC 6 6 6 4 5 4 5 5 - 6 6 6 
CCAPM 2 2 2 1 3 1 3 0 0 - 2 4 
NICCAPM 3 2 1 0 2 0 3 0 0 2 - 1 
VICCAPM 2 2 2 1 3 1 3 0 0 0 2 - 
Total 19 19 17 13 34 14 40 5 1 15 16 19 
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The poor predictive performance of the conditional asset pricing models observed in 

Tables 5-20 and 5-21 are consistent with the findings of Nagel et. al., (2007).  The work 

of Nagel et. al., (2007) found that additional risk factors incorporated into a forecast of 

returns, increases the likelihood of incorporating forecast errors.  In general, this study 

shows that the information variables incorporated within the asset pricing models 

increase the level of observed error in the forecast.   

The finding in Table 5-21 that asset pricing models, specifically the unconditional 

versions of the Carhart (1997) and CAPM with the intercept suppressed, perform better 

than the fixed excess returns estimates is inconsistent with Simin (2008).  This may be 

due to the length of the analysis period.  Simin (2008) employs a study that includes 

data from 1931 to 2004, whilst this study examines the returns of indices from 1994 to 

2010.  The inclusion of a longer sample period may result in findings consistent with 

Simin (2008).57 

Finally, Table 5-22 reports the Giacomini and White (2006) test for conditional 

predictive ability for the asset pricing models and fixed excess returns on infrastructure 

index returns.  Panel A of Table 5-22 presents the Giacomini and White (2006) results 

for the full sample period whilst Panel B reports the results of the Giacomini and White 

(2006) test up to December 2007 and excludes the GFC.   

Panel A of Table 5-22 shows that the fixed excess return forecasts are chosen most 

regularly as the best predictor of infrastructure returns.  The best performing fixed 

excess return is the 6.0% per annum forecast.  Interestingly, the best performing asset 

pricing model is the conditional CAPM with no intercept.  The Giacomini and White 

(2006) test results excluding the GFC period present an interesting picture.  As observed 

when comparing the fixed excess returns forecasts, the 6.0% per annum excess returns 

is the best performing forecast model over and above any other asset pricing model.  

Overall, the findings in Table 5-22 suggest that the fixed excess return of 6.0% per 

annum is the best asset pricing model to forecast infrastructure equity returns in 

Australia.   

Simin (2008) found that a fixed excess return of 6.0% per annum was a better predictor 

of asset returns than unconditional asset pricing models.  Furthermore, Simin (2008) 

57 It is important to note that consistent with Simin (2008), this study found that unconditional asset pricing models 
perform better than conditional asset pricing models in predicting returns.  This finding appears counter-intuitive 
given that conditional asset pricing models incorporate more information.   
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found that conditional asset pricing models were the worst of all models.  In this 

Chapter, it is interesting that for the full sample, the fixed excess return models of the 

1.0%, 2.0% and 3.0% per annum perform poorly compared to unconditional versions of 

the CAPM and Carhart (1997) asset pricing models.  This study demonstrates that the 

poor performance of the fixed excess return forecasts is not due to the GFC.  In this 

study and in Simin (2008), the conditional versions of the asset pricing models are 

rarely the better predictors with the exception of the Conditional CAPM with no 

intercept.  The conditional CAPM with no intercept performs as well as the fixed excess 

return models examined in this study.   

Table 5-22 Infrastructure and PPP Portfolios Asset Pricing Models and Fixed Excess 
Returns 

The numbers in the columns for both Panel A and Panel B displays the number of times the asset pricing forecast model was 
chosen over the fixed return in the row when the Giacomini and White (2006) Conditional Predictive Ability test rejected the null 
hypothesis at the 10% level.  Forecasts are for the PPP portfolio returns.  Panel A displays the results for the forecast periods from 
January 2000 to December 2010.  Panel B: displays the results for the forecast periods from January 2000 to December 2007.  The 
forecasts are obtained by multiplying the coefficients estimated over a 60 month period and by the average factor returns for this 
period.  C is the Unconditional Carhart (1997) model, NC is the Unconditional Carhart (1997) No Intercept model, CAPM is the 
Unconditional CAPM, NICAPM is the Unconditional CAPM no intercept, CC is the Conditional Carhart (1997) model, CNC is the 
Conditional Carhart (1997) No Intercept model, CCAPM is the Conditional CAPM, NICCAPM is the Conditional CAPM no 
intercept and VICCAPM is Conditional CAPM variable intercept model. 
 
Panel A: Complete Sample 

 4.0% 5.0% 6.0% C NC CAPM NICAP
M CC CNC CCAP

M 
NICCA

PM 
VICCA

PM 
4.0% - 0 0 0 0 0 0 0 0 0 1 0 
5.0% 0 - 0 0 0 0 0 0 0 0 1 0 
6.0% 0 2 - 0 1 0 0 0 0 0 1 0 
C 2 1 2 - 0 0 0 0 0 0 1 0 
NC 1 1 1 0 - 0 1 0 0 0 1 1 
CAPM 1 1 2 0 0 - 0 0 0 0 1 0 
NICAPM 1 1 2 0 0 0 - 0 0 0 1 0 
CC 1 1 2 0 0 0 0 - 0 0 1 0 
CNC 1 2 2 1 2 1 3 2 - 0 2 1 
CCAPM 2 4 4 3 3 3 3 3 2 - 3 1 
NICCAPM 4 1 1 0 0 0 0 0 0 0 - 0 
VICCAPM 1 2 3 2 2 2 2 2 3 3 3 - 

Total 16 16 19 6 8 6 9 7 5 3 15 3 
 
Panel B: Global Financial Crisis Free Sample 

 2.0% 3.0% 6.0% C NC CAPM NICAP
M CC CNC CCAP

M 
NICCA

PM 
VICCA

PM 
2.0% - 1 1 0 1 0 1 0 0 0 0 0 
3.0% 0 - 1 0 1 0 0 0 0 0 0 0 
6.0% 1 1 - 0 0 0 0 0 0 0 0 1 
C 2 2 3 - 0 1 1 0 0 0 1 1 
NC 2 2 3 1 - 1 1 0 0 0 1 1 
CAPM 2 2 3 0 0 - 1 0 0 0 1 1 
NICAPM 3 3 2 0 0 0 - 0 0 0 0 0 
CC 2 2 3 1 0 1 1 - 1 0 2 1 
CNC 3 3 3 2 2 2 3 3 - 0 3 1 
CCAPM 4 4 4 3 3 3 3 3 3 - 3 1 
NICCAPM 3 3 3 1 2 1 2 0 0 0 - 1 
VICCAPM 3 3 3 2 2 2 2 2 3 3 3 - 
Total 25 25 28 10 10 11 14 8 7 3 14 8 
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From the evidence presented in this analysis, it is clear that the GFC has affected the 

ability of asset pricing models to forecast asset returns.  Prior to the GFC, the RMSFEs 

for all fixed returns and asset pricing models examined are lower than when the Global 

Financial Crisis is included in the sample.  For the MSCI style indices, the asset pricing 

model that Giacomini and White (2006) methodology identifies the most during the pre-

GFC period is the unconditional CAPM with a supressed intercept.  When the GFC is 

included in the sample period, the unconditional CAPM with a supressed intercept 

remains the best performing forecast model for the MSCI indices according to the 

Giacomini and White (2006) methodology.  For the infrastructure indices, a fixed 

excess return of 6.0% is found to be the best predictor of future equity returns.   

5.6 Conclusions 

Asset pricing models are widely employed to estimate the cost of equity capital in 

Australia and around the world.  As such, asset pricing models are fundamentally 

important for investment decisions and project evaluation.  The findings of this study 

have important implications for asset pricing theory in Australia.   

The first original contribution of this study was the finding that conditional asset pricing 

models (including Carhart (1997)), in an Australian setting perform poorly and do not 

provide significant improvements over unconditional asset pricing models.  This study 

has shown that conditional asset pricing models add little in their explanatory power of 

the variation of Australian equity returns.  A further original contribution of this 

Chapter is the evolution of the performance of these asset pricing models pre and post 

the Global Financial Crisis.  The earlier work of Durack et. al., (2004) and Nguyen et. 

al., (2007) found that conditional versions of asset pricing models fail to significantly 

improve upon unconditional versions.  The observation that most factor loadings for 

information variables are not statistically different from zero explains the findings of 

Durack et. al., (2004) and Nguyen et. al., (2007) and shows that the inclusion of these 

financial and economic variables adds little to the explanation of the variation of returns 

for Australian equity portfolios.  However, the examination of information variables in 

this study cannot be considered comprehensive.  As a result, a possible avenue for 

future research is to examine other explanatory variables not included or covered in the 

prior literature.   
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The second original contribution to the literature was the evaluation of the ability of 

asset pricing models to predict one period ahead excess returns.  The first major finding 

was that, as expected, the GFC was a negative effect on model predictability.  The 

second major finding was that the best performing asset pricing models were the CAPM 

and the Carhart (1997) models estimated with the intercept suppressed for Australian 

style indices.  For industry indices, a fixed excess return of 5.0% per annum was found 

to outperform all asset pricing models examined.  This finding is consistent with the 

results in Simin (2008) which found that the fixed excess return of 6.0% per annum 

outperforms all predictive asset pricing models in the U.S.  These findings have 

important implications for practitioners when setting discount rates for project financial 

evaluations in Australia.   

The results presented in this study provide several directions for future research.  First, 

further research into the ability of economic and financial variables to predict asset 

returns needs consideration.  In Australia, this literature is limited and mostly relies on 

innovations developed in the United States.  Therefore, factors that may predict 

Australian asset returns may not have been identified.  Second, research needs to be 

performed to determine whether there are better performing forecast models over a 

longer time horizon.  Whilst the models identified in this study have been identified as 

the best alternatives for forecasting one month ahead returns, most analysis is performed 

over a period of years in which case alternative long-term asset pricing models may 

provide better outcomes.  Finally, the GFC and its effect on forecasting models needs to 

be considered further.  The GFC increased the forecast error for every model examined 

in this study.  This increase in the forecast error should be examined to determine 

whether the impact of the GFC is a permanent or a transitory effect.   

This Chapter examined the systematic risk factors and Australian equity returns and 

whether they explain Australia PPP equity returns.  We next turn to examine 

idiosyncratic risk in Australia.   
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Chapter 6 Idiosyncratic Risk and Returns – 
Australian Evidence 

 

6.1 Introduction 

Chapters Three and Four of this thesis examined the systematic risk factors that explain 

Australian bond returns.  This analysis was extended in Chapter Five by examining 

systematic risk factors that explain Australian equity returns.  Furthermore, Chapter 

Five identified the asset pricing model that best predicts the returns of Australian 

equities.  These chapters revealed that systematic risk factors do explain a large 

proportion of the variation of returns for Australian bonds and equities.  Chapter Six 

shifts the emphasis of the research from the examination of systematic risk factors to the 

interaction between liquidity, idiosyncratic risk and returns.   

Asset pricing theories, some of which include the Capital Asset Pricing Model (CAPM), 

the Ross (1976) Arbitrage Pricing Theory (APT) and Fama and French (1993) all state 

that investors are not rewarded for bearing idiosyncratic risk.  The assumption that 

idiosyncratic risk possesses no pricing ability has been recently challenged by Ang, 

Hodrick, Xing and Zhang (2006, 2009).  More recently, Han and Lesmond (2011) 

demonstrated that liquidity may in fact be influencing the pricing ability of idiosyncratic 

risk.  Once liquidity is controlled for, idiosyncratic risk have been found to have no 

pricing ability.  Australian studies by Ang et. al., (2009), Grant and Phung (2010) and 

Gharghori, See and Veeraraghavan (2011) have supported the findings of Ang, et. al., 

(2006).  Motivated by the findings of Han and Lesmond (2011), this Chapter examines 

liquidity and its ability to explain the behaviour of idiosyncratic volatility as 

documented in Ang et. al., (2006, 2009).   

This chapter provides a significant contribution to the Australian literature in asset 

pricing and idiosyncratic risk.  This study finds that the negative relationship between 

idiosyncratic risk and subsequent returns loses its significance when idiosyncratic risk is 

adjusted for liquidity.  This finding in the Australian setting supports the work of Han 

and Lesmond (2011) in the U.S. setting and explains the previous findings by Ang et. 

al., (2009), Grant and Phung (2010) and Gharghori et. al., (2011).  This empirical 

finding builds upon the growing body of knowledge from Drew, Marsden and 
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Veeraraghavan (2006) and Limkriangkrai, Durand and Watson (2008) of the important 

role of liquidity in Australian asset pricing. 

This Chapter is structured as follows.  Section 2 will provide a brief review of the 

relevant literature while section 3 will detail the methodology employed to estimate 

idiosyncratic volatility and to remove the influence of liquidity from the estimates of 

idiosyncratic risk.  Section 4 will describe the data employed in this study.  The results 

of the study will be presented in Section 5 and Section 6 will provide concluding 

remarks.   

6.2 Related Literature 

Modern portfolio theory shows that as the number of stocks in a portfolio increases, the 

overall risk of the portfolio decreases.  The benefits of portfolio diversification are 

widely understood, according to Statman (1987).  Asset pricing models such as the 

Capital Asset Pricing Model (CAPM), the Ross (1976) Arbitrage Pricing Theory (APT) 

and the Fama and French (1993) three-factor model all assume that investors hold a 

diversified portfolio.   

However, research by Statman (2004) and Goetzmann and Kumar (2008) has shown 

that U.S. investors in fact do not hold a diversified portfolio, let alone a portfolio that is 

optimally diversified.  The lack of diversification imposes costs on investors.  

Goetzmann and Kumar (2008) estimate that investors with the least diversification earn 

on average 2.40 percent per annum less than investors with the most diversified stock 

holdings.   

The evidence that investors do not hold a diversified portfolio and are, as a result, 

exposed to idiosyncratic risk has prompted researchers to examine the costs and benefits 

of this approach.  Campbell, Lettau, Malkiel, and Xu, (2001) were one of the first 

studies to examine idiosyncratic risk in the equity market.  Campbell et. al., (2001) find 

that idiosyncratic risk increased from 1962 to 1997.  Campbell et. al., (2001) state that 

increasing idiosyncratic risk increases the number of stocks required to hold a 

diversified portfolio.  Statman (1987, 2004) confirmed these findings.  In Statman 

(1987), an optimally diversified portfolio was found to contain more than 30 stocks.  

Subsequent research presented in Statman (2004) found that an optimally diversified 

portfolio in the United States requires more than 300 stocks.   
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With idiosyncratic risk increasing, research has attempted to understand the impact of 

idiosyncratic risk on equity returns.  According to Ang et. al., (2009), two theories have 

been developed to explain the causes and resulting pricing ability of idiosyncratic risk.  

The first was developed by Miller (1977) who shows that stocks with the highest 

uncertainty regarding their value have low subsequent returns.  Put differently, stocks 

where investors have a greater disagreement on its valuation have a higher idiosyncratic 

risk, thus, stocks with high idiosyncratic risk have lower subsequent returns.   

The second theory that argues that idiosyncratic risk has pricing ability was developed 

by Merton (1987).  According to Merton (1987), information frictions result in investors 

being unable to hold an optimally diversified portfolio.  This lack of a diversified 

portfolio, according to Merton (1987) results in investors demanding, and receiving a 

reward for bearing idiosyncratic risk.  Ang et. al., (2009) state that as a result, investors 

receive a positive return as a reward for bearing idiosyncratic risk.   

Conflicting results have arisen when examining which of the Miller (1977) or Merton 

(1987) asset pricing theories hold in practice.  Evidence that supports the theoretical 

construct of Merton (1987) is provided by Lehmann (1990), Malkiel and Xu (1997) and 

Goyal and Santa-Clara (2003).  These studies all identified a positive relationship 

between idiosyncratic risk and returns.  These findings are challenged by Bali, Cakici, 

Yan and Zhang (2005).  The positive relationship between idiosyncratic risk and 

returns, according to Bali et. al., (2005), is in fact driven by liquidity effects.  When the 

liquidity effects are accounted for, Bali et. al., (2005) find no relationship between 

idiosyncratic risk and returns. 

Support for the Miller (1977) hypothesis was first provided by Ang et. al., (2006).  The 

work of Ang et. al., (2006) identified that stocks with high idiosyncratic risk, as 

estimated from the residuals of a daily Fama and French (1993) regression have low 

subsequent returns.  In subsequent research, Ang et. al., (2009) confirm that this finding 

is present in 23 developed countries. 

Recent criticisms of the methodology employed by Ang et. al., (2006, 2009) have 

emerged.  In one criticism, Han and Lesmond (2011) state that the daily returns data 

employed to estimate the idiosyncratic risk may include liquidity effects, therefore, the 

methodology in Ang et. al., (2006, 2009) may not exhibit valid idiosyncratic risk 

estimates.  Han and Lesmond (2011) identify the bid-ask bounce and the number of zero 
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return days as two liquidity biases that may influence the estimation of idiosyncratic 

risk.  The bid-ask bounce, according to Han and Lesmond (2011), increases the variance 

of returns, thereby inflating the idiosyncratic risk estimate.  The number of zero return 

days, according to Han and Lesmond (2011), reduces the total return volatility, which 

biases the estimates of the systematic risk factors and subsequently the estimates of 

idiosyncratic risk.  When the idiosyncratic risk estimates are corrected for liquidity, the 

work of Han and Lesmond (2011) finds no evidence to support the Miller (1977) 

hypothesis.   

6.2.1 Idiosyncratic risk in Australia 

In Australia, the literature on idiosyncratic risk mirrors the empirical evidence found in 

the United States.  Support for both hypotheses developed by Miller (1977) and Merton 

(1987) has been identified.  Dempsey, Drew and Veeraraghavan (2001) provide 

evidence that idiosyncratic risk is positively related to returns, which is consistent with 

Merton (1987).  Bollen, Skotnicki and Veeraraghavan (2009) challenges the previous 

findings by Dempsey et. al., (2001) in the Australian setting.  Bollen et. al., (2009) 

follow the methodology of Bali et. al., (2005) with a sample of 3,523 firms for 1980-

2003 and find that idiosyncratic volatility is not a priced factor in Australian stocks.  

This evidence suggests that the investors are not rewarded for bearing idiosyncratic risk, 

consistent with the CAPM.  

Ang et. al., (2009), Grant and Phung (2010) and Gharghori, See and Veeraraghavan 

(2011) provide evidence that the Miller (1977) hypothesis holds in Australia.  Ang et. 

al., (2009) showed that firms with high idiosyncratic volatility exhibit low subsequent 

returns, however, the sample was limited to 292 Australian firms for a period of 280 

months.  Grant and Phung (2010) find that portfolios with high idiosyncratic volatility 

with low returns exhibit high momentum profits compared to low idiosyncratic 

volatility stocks.  However, Grant and Phung (2010) deviate from the Ang et. al., (2006, 

2009) methodology by employing the market and the Fama and French (1993) size 

factor as the two Australian systematic risk factors.  The findings of Ang et. al., (2009) 

and Grant and Phung (2010) are supported by Gharghori, See and Veeraraghavan 

(2011) which demonstrated that Australian stocks with high idiosyncratic volatility have 

poor future returns.  This research suggests that in Australia, idiosyncratic risk has 

136 
 



information content (i.e. pricing ability) and the Miller (1977) hypothesis of 

idiosyncratic risk and returns holds.   

Prior research has demonstrated that idiosyncratic risk has pricing ability in Australia.  

However, no empirical research exists on the interrelationship between liquidity and 

idiosyncratic risk in Australia.  This is despite Han and Lesmond (2011) demonstrating 

that liquidity biases do influence the Ang et. al., (2006) methodology.  Liquidity has 

also been shown to play an important role in Australian asset pricing.  Prior research by 

Drew, Marsden and Veeraraghavan (2006) and Limkriangkrai, Durand and Watson 

(2008) demonstrate the importance of liquidity in Australian asset prices.  However, 

there has been no literature that has examined the interaction between liquidity and 

idiosyncratic risk in Australia.  The U.S. evidence from Han and Lesmond (2011), 

suggests that the Australian literature which shows that idiosyncratic risk has 

information content may need to be r-examined.  Therefore, this study will examine the 

information content of idiosyncratic risk and its interaction with liquidity in Australia.  

6.3 Methodology 

The methodologies employed in this study replicate the U.S. methodologies in Ang et. 

al., (2006, 2009) and Han and Lesmond (2011) in examining liquidity and idiosyncratic 

risk in Australia.  Before estimating the impact of liquidity on idiosyncratic risk we 

must first calculate the level of idiosyncratic risk.  

6.3.1 Idiosyncratic volatility estimation 

This study employs the same definition of idiosyncratic volatility as in Ang et. al., 

(2006, 2009), Fu (2009) and Han and Lesmond (2011), which is mathematically 

expressed as: 

- -  (6.1) 

where: 

 is the daily return of stock i; 

 is the risk-free rate; 

 is the market return; 
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is the Australian Fama and French (1993) size factor; and, 

 is the Australian Fama and French (1993) book-to-market factor. 

Following Fu (2009)’s notation,  is the subscript for the day and t is the subscript for 

the month,  and , , and  are factor sensitivities or loadings.  The idiosyncratic 

volatility is calculated as the standard deviation of the regression residuals consistent 

with Ang et. al., (2006, 2009) and Han and Lesmond (2011).  To reduce the impact of 

infrequent trading, we only estimate the idiosyncratic volatility of the stock when there 

are a minimum of thirteen days per month where trading volume is greater than zero.  

The standard deviation of daily return residuals is transformed to a monthly return 

residual by multiplying the daily standard deviation by the square root of the number of 

trading days in that month, which is consistent with Fu (2009).   

To estimate idiosyncratic risk, two different price and return series are employed.  The 

first methodology follows Ang et. al., (2006, 2009), that is, the idiosyncratic volatility is 

estimated every month from returns calculated from the last trade stock prices.  The 

second method follows Han and Lesmond (2011) whereby idiosyncratic risk is 

estimated from the returns calculated from the mid-point of the bid-ask spread at the 

close of trade each day.   

Following the estimation of idiosyncratic volatility, the sample is divided into quintiles 

based on the estimated idiosyncratic volatility at the end of each month.  The value-

weighted returns of the quintile portfolio in the subsequent month are then calculated.  

This process is repeated for the entire sample period.  Once idiosyncratic volatility is 

estimated, the next step is to remove liquidity biases from the idiosyncratic volatility 

estimates.   

6.3.2 Removing liquidity influences from idiosyncratic volatility   

Han and Lesmond (2011) hypothesise that the estimation of idiosyncratic volatility is 

affected by liquidity biases.  In order to remove liquidity biases, Han and Lesmond 

(2011) conduct a cross-sectional regression using the Fama and Macbeth (1973) 

methodology.  This thesis employs this methodology to ensure liquidity biases are 

removed from the estimates of idiosyncratic risk.  For each month, the following 

general regression is estimated:  
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 (6.2)
 

where: 

 is the estimated idiosyncratic volatility for firm i; 

 is the estimated Amihud (2002) liquidity measure for firm i;58 

 is the average proportional bid-ask spread during the month for firm i; 

 is the percentage of zero returns for stock i within the month; 

 is the square of the proportional bid-ask spread for firm i; and, 

 is the product of the percentage of zero returns for stock i 

within the month and the average proportional bid-ask spread for firm i. 

Following the methodology of Han and Lesmond (2011), a Fama and Macbeth (1973) 

regression is performed employing Eq. (6.2).  For each month the regression in Eq. (6.2) 

is estimated and the intercept and error terms are combined to obtain the liquidity-

adjusted idiosyncratic risk estimate.  This estimate represents idiosyncratic risk which 

holds no information or bias due to the effects of liquidity.  For each month, these 

liquidity-adjusted idiosyncratic risk estimates are ranked and divided into quintile 

portfolios.  The value-weighted returns for the quintiles in the subsequent month are 

then calculated.  This process is repeated for the entire sample period.   

In order to identify the functional form that best fits the data, several different 

regressions are estimated which is consistent with Han and Lesmond (2011).  For 

completeness, the Amihud (2002) liquidity measure is also employed in a separate 

regression.   

6.3.3 Cross-sectional asset pricing tests 

As a final test of the pricing ability of idiosyncratic risk on Australian stock returns, a 

cross-sectional analysis employing the Fama and Macbeth (1973) methodology is 

58 The Amihud (2002) measure of liquidity is described as:  where:  is the number 

of days data is available for stock i in y year,  is the daily absolute return for stock i on day d in y year and 
 is the respective daily volume in dollars.   
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estimated.  The purpose of the Fama and Macbeth (1973) regressions is to examine 

whether idiosyncratic risk can explain all asset returns, rather than focussing on the 

extreme observations as is the case with the quintile portfolio analysis, which is the 

conventional form of analysis in this literature. 

Following Ang et. al., (2006, 2009) and Han and Lesmond (2011), a value-weighted 

Fama-Macbeth regression is employed.  Several control variables are employed to 

isolate momentum returns, leverage, firm size and book-to-market effects.  The general 

form of the Fama-Macbeth regression is presented in Equation (6.3) below.   

- - -

- - - -

-  (6.3) 

where: 

 is the excess return of asset i at time t; 

-  is the measure of idiosyncratic risk of asset i at time t-1, this can be estimated 

from the last trade price, or the closing mid-point of the bid and ask prices; 

-  is the prior six month return of asset i at time t-1; 

-  is the prior one month return of asset i at time t-1; 

-  is the natural log of the market capitalisation of asset i at time t-1; 

- - -  is the natural log of the book-to-market value of asset i at time t-

1; and, 

-  is the sum of short-term and long-term liabilities divided by the sum of the 

total liabilities and market capitalisation of asset i at time t-1. 

6.4 Data  

This study employs the same systematic risk factors as Chapter Five.  However, instead 

of calculating these factors on a monthly basis, the systematic risk factors for Market, 

SMB and HML are estimated on daily returns.  To identify the companies included in 
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the sample, the same procedure described in Chapter Five is employed.  On the last 

trading day of each December for the years 1991 to 2010, the top 300 companies ranked 

by market capitalisation listed on the ASX are obtained.  Only companies with fully 

paid shares are included in the analysis.  The daily returns, turnover, price and market 

capitalisation are all obtained from Datastream for the period 1 January 1991 to 31 

December 2010.  The daily bid and ask close prices are obtained from SIRCA from 1 

January 1996, which is the earliest date for the availability of this data.  Companies that 

do not have a record in each of the data fields obtained were excluded from the analysis.  

This results in a total of 778 companies included in the analysis.   

As described in Chapter Five, the decision to focus only on the top 300 companies by 

market capitalisation is driven by Australia’s market being dominated by a small 

number of large firms.  Prior studies by Demir, Muthuswamy and Walter (2004) and 

Hurn and Pavlov (2004) employ similar filters for the same reason.  This study chooses 

to limit the sample to the top 300 firms as it covers approximately 81% of the total 

market capitalisation on the ASX as at 30 December 2010.  As the sample covers a 

significant majority of the market capitalisation, the findings can be applied to the 

Australian stock market as a whole. 

The SMB and HML factors employed in the analysis are calculated in a manner 

consistent with Fama and French (1993).  In December of each year, the firms for the 

subsequent year’s analysis are ranked by market capitalisation and separated into two 

portfolios, Small and Big.  The book value for all companies included in this study 

sample was obtained from the Worldscope database.  Following Han and Lesmond 

(2011), the book value equates to the Total Assets - Total Liabilities + Deferred Taxes + 

Preferred Stock.  In the Worldscope database, the Preferred Stock line is null for the 

companies examined.   

Consistent with Chapter Five, and Fama and French (1993), the book-to-market ratio is 

estimated by dividing the book value by the market value.  Companies with negative 

book-to-market ratios are excluded from the analysis.  The Small portfolio is divided 

into 3 portfolios based on the ranking of the book-to-market ratio with the portfolio 

breakpoints of 30/40/30 and the value-weighted returns of each portfolio are obtained.  

This process is repeated for the Big portfolio.  The SMB factor is the simple average of 
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the daily returns for the Small firm portfolio less the simple average of the daily returns 

for the Big firm portfolio. 

As described in Chapter Five, the HML factor is estimated following the methodology 

described in Fama and French (1993).  The HML factor is obtained by calculating the 

simple average of the returns for the Small and Big portfolios with a Low book-to-

market ratio.  Once obtained, this is then subtracted from the simple average of the 

returns for the Small and Big portfolios with a High book-to-market ratio.  The Market, 

HML and SMB factors are estimated on a daily and monthly basis.  

The momentum factor (i.e. WML), as described in Chapter Five, is estimated by 

employing the Fama and French (2007) methodology.  For each month, the sample is 

ranked by size and divided into two portfolios, Small and Big.  The returns for the each 

of the firms are then calculated for the periods t-12 to t-2.  Fama and French (2007) state 

that the period t-1 is dropped from the analysis due to the return reversal effect 

documented in Jegadeesh (1990).  The Small portfolio is divided into 3 portfolios based 

on the ranking of the returns ratio with the breakpoint portfolio spilt of 30/40/30 and the 

value-weighted returns of each portfolio are obtained.  This process is repeated for the 

Big firm portfolio.  The WML factor is the simple average of the return for the high 

return small portfolio and the high return big portfolio less the simple average of the 

return for the low return small portfolio and the low return big portfolio.  The 

momentum factor is estimated on a monthly basis. 

This study employs the same definition of leverage as in Han and Lesmond (2011).  

Leverage is calculated as the sum of the short and long-term liabilities divided by the 

sum of the market value of equity and the short and long-term liabilities.  The short and 

long-term liability data is obtained from the Worldscope database. 

Han and Lesmond (2011) theorise that the bid-ask bounce may affect the estimation of 

idiosyncratic volatility.  To test this hypothesis, Han and Lesmond (2011) calculate 

returns from the closing mid-point of the bid-ask spread correcting for dividends and 

capital adjustments.  In this study, the closing bid and ask prices, capital adjustment 

factors and dividends are obtained from Thompson Reuters Tick History provided by 

SIRCA with the available data commencing from 1996.   
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Table 6-1 Descriptive Statistics 
This table presents the descriptive statistics of the factors included in this study for the period 1 
February 1992 to 31 December 2010.  Panel A presents the daily mean, median, standard 
deviation, maximum and minimum observations and skewness for the market excess return, 
SMB and HML factors.  Panel B displays the monthly mean, median, standard deviation, 
maximum and minimum observations and skewness for these variables.  Panel A reports the 
market excess return which is the difference between the daily All Ordinaries index return and 
the effective daily 90 day bank accepted bill rate.  The daily SMB and HML factor returns are 
calculated following Fama and French (1993).  Panel B is the market excess return which is the 
difference between the monthly All Ordinaries index return and the effective monthly 90 day 
bank accepted bill rate.  The monthly SMB and HML factor returns are calculated following 
Fama and French (1993).  The WML factor is estimated following the Fama and French (2007) 
methodology and is estimated for monthly returns only.  ADF is the test statistic for the 
Augmented Dickey-Fuller test for stationarity and KPSS is the test statistic for the 
Kwiatkowski–Phillips–Schmidt–Shin test for stationarity.  *, ** and ^ denote statistical 
significance at the 10%, 5% and 1% levels, respectively. 

 Rm-Rf SMB HML WML 
Panel A: Daily Returns 
Mean -0.000001  -0.000028     0.000126  

N/A 

Median    0.000203     0.000147     0.000124  
St Dev    0.009356     0.005965     0.006512  
Max    0.060471     0.030630     0.053592  
Min -0.085772  -0.045270  -0.047915  
Skew -0.5772 -0.4651 0.2802 
Jarque-Bera statistic 10670.30^ 1693.27^ 8568.77^ 
ADF -69.23^ -69.14^ -62.55^ 
KPSS 0.07 0.10 0.12 
Panel B: Monthly Returns 
Mean    0.000128  -0.001195     0.002114     0.016137  
Median    0.005991  -0.000467     0.002337     0.015093  
St Dev    0.039097     0.027086     0.034648     0.041743  
Max    0.074515     0.060199     0.120727     0.137763  
Min -0.155669  -0.152923  -0.165521  -0.123853  
Skew -0.8700 -0.9674 -0.2024 -0.1828 
Jarque-Bera statistic 41.11 126.00^ 84.52^ 11.98^ 
ADF -13.77^ -13.08^ -15.13^ -12.76^ 
KPSS 0.06 0.10 0.12 0.17 

 

The market factor employed in the analysis in this study is the Australian All Ordinaries 

Accumulation Index sourced from Datastream.  This is consistent with Faff (2004) 

where the Australian All Ordinaries Accumulation Index is the market factor in an 

Australian Fama and French (1993) three-factor model. 

Consistent with the research presented in Chapters Three, Four and Five, the risk-free 

rate is proxied by the 90 day bank accepted bill rate.  This is sourced from the Reserve 
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Bank of Australia.  This data was employed to be consistent with Brailsford, Handley 

and Maheswaran (2008) and removes the need to estimate a risk-free rate for a 

significant period of analysis.59   

The descriptive statistics for the daily Fama and French (1993) three-factor model factor 

returns are presented in Panel A of Table 6-1.  The factors presented in Panel A are 

employed for the estimation of idiosyncratic volatility for each stock included in the 

sample.60  Panel B of Table 1 presents the descriptive statistics for the monthly excess 

market return, SMB, HML and WML factors.  The systematic risk factors (SMB, HML 

and WML) presented in Panel B are employed to examine the variation of returns for 

portfolios constructed according to idiosyncratic volatility.61   

As discussed in Chapter Five, the negative premium for both daily and monthly returns 

for the SMB factor is interesting.  However, it is consistent with the SMB premium 

reported in Faff (2001).  The indices employed by Faff (2001) to construct the Fama 

and French (1993) factors may have resulted in an underrepresentation of the small 

firms.  As this study limits the analysis to the top 300 firms by market capitalisation, a 

similar underrepresentation of the small firms may be impacting on the SMB factor.  

The negative premium for the SMB factor in this study is the likely result and is 

consistent with Faff (2001).   

6.5 Results 

Ang et. al., (2009), Grant and Phung (2010) and Gharghori et. al., (2011) show that 

portfolios formed on Australian companies with high idiosyncratic risk significantly 

underperform portfolios with low idiosyncratic risk.  As a baseline for subsequent 

analysis, this section replicates the findings in Ang et. al., (2009), Grant and Phung 

(2010) and Gharghori et. al., (2011).  Idiosyncratic risk is estimated by employing the 

stock returns calculated from the last trade prices.  Panel A of Table 6-2 reports the 

59 Following the election of the Howard Government in 1996 there was a policy choice to reduce Government debt 
levels. Budget surpluses were produced and the Australian federal government debt was reduced resulting in 
Treasury notes no longer being issued by the Australian federal government in 2003. 
http://www.aofm.gov.au/content/_download/Historical_tables/Historical_07_08/TableH14.pdf 
 
60 There is no daily measure of WML (i.e. momentum) employed in this study.  In order for the results in this study to 
be comparable with prior research, it was decided not to employ a daily WML factor.  To date, no empirical studies 
have employed the daily WML factor to estimate idiosyncratic volatility.   
 
61 Table 6-1 presents the ADF and KPSS test results for the daily and monthly systematic risk factors.  The ADF and 
KPSS tests indicate that for both the daily and monthly returns are stationary.   
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results for the entire sample period and Panel B reports the results from the 1st January 

1996.  The reason for both of these panels is because the liquidity measures in the 

Australian data sample are available from 1st January 1996 onwards and we examine 

this period of time in Panel B.   

Table 6-2 Portfolios Sorted by Idiosyncratic Volatility 
This table presents the monthly performance of quintile portfolios sorted by idiosyncratic volatility calculated 
from the last traded prices.  Stocks are sorted into quintiles based on their estimated idiosyncratic volatility 
estimated from the Fama and French (1993) three-factor model.  The Low quintile is the value-weighted stock 
portfolio with the lowest estimated idiosyncratic volatility, the High quintile is the value-weighted portfolio with 
the highest idiosyncratic volatility.  The High – Low row header is the difference in returns between the highest 
idiosyncratic volatility portfolio and the lowest idiosyncratic risk portfolio.  Mean is the average monthly return of 
the portfolio.  St Dev is the monthly standard deviation of returns of the portfolio.  'CAPM Alpha' is the measure 
of abnormal performance based on the Capital Asset Pricing Model alpha.  ‘FF -3 Alpha’ is the measure of 
abnormal performance based on the Fama and French (1993) three-factor alpha.  ‘Carhart-4 Alpha’ is the alpha 
measure of abnormal performance based on the Carhart (1997) four-factor model.  Panel A presents the results for 
the entire sample period Panel B reports the results from January 1996 to December 2010 consistent with the 
availability of liquidity data in Australia.  t-statistics are reported in square brackets.  *, ** and ^ denote statistical 
significance at the 10%, 5% and 1% levels, respectively. 
  

Quintile 
 

Mean 
 

St Dev  
% Market 

Capitalisation CAPM Alpha FF-3 
Alpha 

Carhart-4 
Alpha 

Panel A: Sample Period January 1992 to December 2010 
Low 1 0.64%* 0.04 54.32% 0.002 0.002 0.002** 

     [1.688] [1.775] [2.517] 
 2 0.72% 0.04 25.01% 0.002* 0.002 0.002 
     [1.981] [1.782] [1.282] 
 3 0.53% 0.05 12.95% 0.000 0.001 0.001 
     [0.284] [0.538] [0.760] 
 4 0.27% 0.06 6.04% -0.002 -0.001 -0.001 
     [-0.806] [-0.444] [-0.517] 

High 5 -0.72% 0.10 1.68% -0.012** -0.010** -0.008 
     [-2.626] [-2.508] [-1.806] 

High - Low 5-1    -1.36%^   -0.018** -0.016** -0.015^ 
  [-2.54]   [-3.760] [-3.910] [-3.297] 

Panel B: Sample Period January 1996 to December 2010 
Low 1 0.58% 0.04 56.07% 0.002 0.002 0.003** 

     [1.377] [1.400] [2.201] 
 2 0.58% 0.05 24.49% 0.002 0.001 0.000 
     [1.185] [0.951] [0.182] 
 3 0.46% 0.05 12.20% 0.000 0.001 0.002 
     [0.226] [0.577] [0.858] 
 4 0.26% 0.06 5.58% -0.001 0.000 0.000 
     [-0.475] [-0.004] [0.016] 

High 5 -1.12% 0.10 1.66% -0.015^ -0.012^ -0.009 
     [-2.921] [-2.721] [-1.774] 

High - Low 5-1 -1.70%^   -0.021^ -0.018^ -0.016^ 
  [-2.74]   [-3.916] [-3.888] [-3.061] 

 

Panel A of Table 6-2 shows that the low idiosyncratic volatility portfolio exhibits 

positive returns.  As the level of idiosyncratic risk increases, the average monthly 

returns decreases, with the exception of the second quintile portfolio.  Overall, the 

general negative relationship between idiosyncratic risk and returns in this study is 
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consistent with Ang et. al., (2006, 2009), Gharghori et. al., (2011) and Han and 

Lesmond (2011).  Table 6-2 also reports a negative and statistically significant alpha for 

the High-Low portfolio.  This finding for the CAPM, Fama and French (1993) and 

Carhart (1997) regressions, is also consistent with Ang et. al., (2006, 2009) and Han and 

Lesmond (2011).  This evidence suggests that there is a significant return difference 

between the high and low idiosyncratic risk quintile portfolio returns.  Given that the 

high idiosyncratic risk portfolio comprises less than 2% of the market capitalisation of 

the entire sample, the ability to exploit this return differential by shorting the high 

idiosyncratic risk portfolio and buying the low idiosyncratic risk portfolio is limited.  

The statistically significant negative alphas in Panel B of Table 6-2 for the high 

idiosyncratic volatility quintile are consistent with this finding.   

Table 6-3 Various Statistics of Idiosyncratic Volatility Portfolios 
This table presents the value-weighted estimates of the idiosyncratic volatility and liquidity proxies and the value-
weighted firm control variables of quintile portfolio returns sorted on idiosyncratic volatility calculated from the last 
traded prices.  Portfolios are ranked according to their estimated idiosyncratic volatility estimated from the Fama and 
French (1993) three-factor model.  The Low quintile is the portfolio with the lowest estimated idiosyncratic volatility, 
the High quintile is the portfolio with the highest idiosyncratic volatility.  The High – Low column is the difference in 
returns between the highest idiosyncratic volatility portfolio and the lowest idiosyncratic risk portfolio.  % Zero Return 
Days is the value-weighted average of the fraction of trading days within a month that experience no price movement.  
The proportional spread is the value-weighted monthly average of the daily close ask price less the daily close bid price 
divided by the daily close quoted midpoint.  Idiosyncratic volatility is estimated from the Fama and French (1993) three-
factor model.  Size is the average of the value-weighted market capitalisation for each portfolio at the beginning of the 
month and is stated in millions of dollars.  Book equity is obtained from the Worldscope database yearly and monthly 
book-to-market is calculated using the market capitalisation each month.  Lagged return is the value-weighted prior 
monthly return.  Six-Month momentum return is the return measured from t-6 to t-2.  Panel A presents the estimates of 
the idiosyncratic volatility and liquidity proxies Panel B reports the firm control variables for the companies in the 
quintile portfolios.  t-statistics are reported in square brackets.  *, ** and ^ denote statistical significance at the 10%, 5% 
and 1% levels, respectively. 

 Low    High  
 1 2 3 4 5 High - Low 

Panel A: Idiosyncratic volatility and liquidity proxies 
% Zero Return Days 10.91%^ 9.99%^ 12.33%^ 18.05%^ 27.57%^ 16.66%^ 
 [55.975] [58.413] [59.338] [60.059] [80.163] [50.569] 
Proportional Spread 1.02%^ 1.33%^ 1.72%^ 2.41%^ 4.18%^ 3.17%^ 
 [27.592] [33.442] [38.079] [43.946] [48.620] [49.401] 
Idiosyncratic 
Volatility 4.24%^ 6.47%^ 8.77%^ 12.65%^ 25.41%^ 21.17%^ 

 [46.218] [49.611] [52.153] [57.902] [69.946] [71.600] 

Panel B: Firm Control Variables 
Size 5,716.1^ 2,496.9^ 1,243.6^ 568.4^ 169.2^ -5,547.0^ 
 [33.702] [39.973] [35.698] [26.003] [16.542] [-33.674] 
Book-to-Market 1.250^ 1.357^ 1.706^ 1.738 1.428^ 0.178 
 [24.689] [24.797] [22.236] [18.880] [11.280] [1.563] 
Lagged Return 0.87%* 0.69%** 0.32% -0.20% -1.96%** -2.83%^ 
 [3.521] [2.173] [0.729] [-0.344] [-2.232] [-3.609] 
Six-Month 
Momentum62 3.35%^ 2.34%^ 0.92% -2.69% -15.91%^ -19.26%^ 

62 Consistent with Fama and French (2007) this is the return is the prior return from month t-6 to t-2. 
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 [6.245] [2.981] [0.831] [-1.665] [-7.146] [-10.185] 
We now proceed to examine Table 6-3 which presents the performance of the 

idiosyncratic risk portfolios and their characteristics. Panel A of Table 6-3 shows that 

the two liquidity proxies increase with the increasing idiosyncratic risk of the quintile 

portfolios.  The findings in Panel A of Table 6-3 are consistent with Han and Lesmond 

(2011) and allow us to conclude that, the lower the liquidity of a stock, the higher its 

idiosyncratic volatility.  Panel A also shows that as the quintile portfolios move from 

low to high idiosyncratic volatility, the measure of idiosyncratic risk increases 

monotonically.  Finally, Panel A shows that the difference between the low and high 

idiosyncratic volatility portfolios and their respective liquidity proxies are all positive 

and statistically significant for all quintiles.63   

Panel B of Table 6-3 presents the firm control variables (i.e. value-weighted size, book-

to-market ratio, lagged returns and momentum returns) for the idiosyncratic quintile 

portfolios.  Panel B reports a negative relationship between firm size, lagged return, six-

month momentum and idiosyncratic risk.  Panel B shows that as the idiosyncratic risk of 

the portfolio increases, firm size, lagged returns and the six-month momentum returns 

decreases monotonically.  This is consistent with the finding in Han and Lesmond 

(2011) with U.S. stocks.   The firm control variable which is not consistent with Han 

and Lesmond (2011) is the book-to-market ratio.  Panel B of Table 6-3 shows that the 

book-to-market ratio rises with idiosyncratic risk and then decreases in the quintile with 

the highest idiosyncratic risk.64 

Overall, the findings in Panel A of Table 6-3 suggest a positive association between 

liquidity and idiosyncratic volatility.  These results support the hypothesis of Han and 

Lesmond (2011) that liquidity may explain the idiosyncratic volatility phenomena 

discovered in Ang et. al., (2006).  We now proceed to examine the impact of liquidity 

and the estimation of idiosyncratic risk in the Australian setting. 

6.5.1 Closing Mid-point price return estimation 

63 The quintile averages of the firm control variables suggest that they and idiosyncratic risk may be linked.  
However, as this is a study of liquidity and idiosyncratic risk any, examination of the role of control variables in 
explaining idiosyncratic risk is outside the scope of this Chapter.   
64 The high idiosyncratic volatility portfolio consists of small market capitalisation stocks, therefore, this small firm 
characteristic that may be driving the finding.  When liquidity is controlled as in Table 6-5, the high idiosyncratic 
volatility portfolio exhibits the highest book-to-market ratio.  This evidence suggests that the pricing ability of 
idiosyncratic risk is a result of liquidity effects. 
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Han and Lesmond (2011) hypothesise that the negative subsequent returns for high 

idiosyncratic risk stocks, observed in Ang et. al., (2006, 2009) are a result of liquidity 

effects.  More specifically, Han and Lesmond (2011) state that the bid-ask bounce 

influences the estimates of idiosyncratic risk.  To date, this hypothesis has not been 

empirically tested in Australia.  This section of this thesis will examine whether the Han 

and Lesmond (2011) methodology to remove the bid-ask bounce biases (i.e. the 

liquidity effect) reduces or removes the negative subsequent returns for high 

idiosyncratic risk stocks. 

To test the hypothesis that the bid-ask bounce biases the idiosyncratic risk estimates in 

Australia, we calculate returns employing the closing mid-point of the bid-ask spread.  

The idiosyncratic volatility for each Australian stock is then re-estimated as in Eq. (6.1).  

The portfolios formed on idiosyncratic volatility estimates are reported in Table 6-4 and 

the descriptive statistics for these portfolios are reported in Table 6-5. 

Table 6-4 Portfolios Sorted by Idiosyncratic Volatility (Closing Mid-Point Method) 
This table presents the monthly performance of quintile portfolios sorted on idiosyncratic volatility calculated 
from the daily close of the mid-point between the bid and ask prices as in Han and Lesmond (2011).  Stocks are 
sorted into quintiles based on their estimated idiosyncratic volatility estimated from the Fama and French (1993) 
three-factor model.  The Low quintile is the portfolio with the lowest estimated idiosyncratic volatility.  The 
High quintile is the portfolio with the highest idiosyncratic volatility.  The High – Low row header is the 
difference in returns between the highest idiosyncratic volatility portfolio and the lowest idiosyncratic risk 
portfolio.  Mean is the average monthly returns of the portfolio.  St Dev is the monthly standard deviation of 
returns for the portfolio.  'CAPM Alpha' is the measure of abnormal performance based on the Capital Asset 
Pricing Model alpha. ‘FF -3 Alpha’ is the measure of abnormal performance based on the Fama and French 
(1993) three-factor alpha.  ‘Carhart-4 Alpha’ is the measure of abnormal performance based on the Carhart 
(1997) four-factor alpha.  This table presents the results from January 1996 to December 2010 consistent with 
the availability of liquidity data in Australia.  t-statistics are reported in square brackets.  *, ** and ^ denote 
statistical significance at the 10%, 5% and 1% levels, respectively. 

  
Quintile 

 
Mean 

 
St Dev  

% Market 
Capitalisation 

CAPM Alpha FF-3 
Alpha 

Carhart-4 
Alpha 

Low 1 0.65%* 0.04 49.05% 0.002 0.002 0.004^ 
     [1.624] [1.756] [2.916] 
 2 0.51% 0.04 26.59% 0.001 0.000 0.000 
     [0.581] [0.283] [0.311] 
 3 0.54% 0.05 13.83% 0.001 0.002 0.001 
     [0.703] [0.970] [0.746] 
 4 0.03% 0.06 7.54% -0.004 -0.003 -0.002 
     [-1.258] [-0.948] [-0.559] 

High 5 -0.57% 0.08 2.99% -0.010** -0.007** -0.005 
     [-2.507] [-2.252] [-1.401] 

High - Low 5-1    -1.22%^   -0.017^ -0.014^ -0.014^ 
  [-2.63]   [-3.902] [-3.888] [-3.191] 

 

The results presented in Table 6-4 are similar to the findings in Han and Lesmond 

(2011).  For a meaningful analysis, the results in Table 6-4 must be compared with 
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Panel B of Table 6-2.  The mean monthly returns for the highest idiosyncratic risk 

quintile portfolio has increased from -1.12% to -0.57%.  The average monthly return 

differential between the highest and the lowest idiosyncratic risk quintile has also 

reduced from -1.70% to -1.22%.  This return differential remains statistically significant 

at the 1% level, however, the t-statistic has reduced marginally.  These findings suggest 

that one factor that may be responsible for these findings is the market capitalisations of 

the quintiles in Table 6-4 are more evenly distributed compared to the results in Table 

6-2 Panel B.  Table 6-4 reports that the high idiosyncratic risk quintile comprises of 

2.99% of the sample’s market capitalisation, which is almost double the 1.66% market 

capitalisation of the sample in Table 6-2 Panel B.  The measures of abnormal 

performance (the CAPM, Fama and French (1993) and Carhart (1997) model alphas) in 

Table 6-4 are reduced for all quintiles.  The alphas, however, remain statistically 

significant for the high idiosyncratic risk quintile and the high minus low idiosyncratic 

risk quintiles.  These findings in Table 6-4 are consistent with the results in Han and 

Lesmond (2011) and suggest that the bid-ask bounce is influencing the estimation of 

idiosyncratic risk.  

We now proceed to Table 6-5 which presents the descriptive statistics of the quintile 

portfolios from Table 6-4.  Panel A of Table 6-5 shows that the differences between the 

high and low idiosyncratic risk quintiles are significantly smaller than the corresponding 

differences in Table 6-3.  The difference in the percentage of zero return days between 

the high and low quintiles decreases from 16.66% (in Table 6-2) to 6.15% (see Table 6-

5).  The difference in the proportional spread liquidity measure actually increases from 

3.17% (in Table 6-2) to 3.23% (see Table 6-5).  This difference is mainly driven by an 

increase in the average proportional spread for the high idiosyncratic risk quintile.  It is 

interesting to note that the average idiosyncratic risk for all quintile portfolios reported 

in Panel A of Table 6-4 has decreased compared to Table 6-3. 

Consistent with Ang et. al., (2006, 2009) and Han and Lesmond (2011), Panel B of 

Table 6-5 reports that the firms included in the low idiosyncratic risk quintile exhibit 

large market capitalisations, with the average firm size decreasing monotonically as 

idiosyncratic risk increases.  Lagged return and six month momentum returns display 

similar properties.  The highest average lagged and momentum returns are observed in 

the low idiosyncratic risk quintile and the lowest lagged and momentum returns are 

reported in the high idiosyncratic portfolio.  The book-to-market variable reported in 
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Panel B of Table 6-5 increases monotonically from the lowest to the highest 

idiosyncratic risk quintile.  This is in contrast with the results reported in Table 6-3, 

where the book-to-market ratio increases from the lowest to the fourth highest 

idiosyncratic risk quintile.  The highest idiosyncratic risk quintile exhibits a lower book-

to-market ratio than the third and fourth idiosyncratic risk quintiles.  Overall, these 

findings suggest when liquidity is considered in the estimation of idiosyncratic risk, the 

small firm effect present in the results in Table 6-3 is diminished.   

Table 6-5 Various Statistics of Idiosyncratic Volatility Portfolios 
This table presents the value-weighted estimates of the idiosyncratic volatility and liquidity proxies and the 
value-weighted firm control variables of quintile portfolios after a sort based on idiosyncratic volatility 
calculated from the daily close of the mid-point between the bid and ask prices.  Portfolios were ranked 
according to their estimated idiosyncratic volatility estimated from the Fama and French (1993) three-factor 
model.  The Low quintile is the portfolio with the lowest estimated idiosyncratic volatility, the High quintile 
is the portfolio with the highest idiosyncratic volatility.  The High – Low header row is the difference in 
returns between the highest idiosyncratic volatility portfolio and the lowest idiosyncratic risk portfolio.  % 
Zero Return Days is the value-weighted average of the fraction of trading days within a month that 
experience no price movement.  The proportional spread is the value-weighted monthly average of the daily 
close ask price less the daily close bid price divided by the daily close quoted midpoint.  Idiosyncratic 
volatility is estimated from the Fama and French (1993) three-factor model.  Size is the average of the value-
weighted market capitalisation for each portfolio at the beginning of the month and is stated in millions.  
Book equity is obtained from the Worldscope database yearly and monthly book-to-market is calculated 
using the market capitalisation each month.  Lagged return is the value-weighted prior monthly return.  Six-
Month momentum return is the return measured from t-6 to t-2 as in Fama and French (2007).  Panel A 
presents the estimates of the idiosyncratic volatility and liquidity proxies Panel B reports the firm control 
variables for the companies in the quintile portfolios.  t-statistics are reported in square brackets *, ** and ^ 
denote statistical significance at the 10%, 5% and 1% levels, respectively. 

 Low    High  
 1 2 3 4 5 High - Low 

 
Panel A: Idiosyncratic volatility and liquidity proxies 
% Zero Return Days 10.22%^ 7.87%^ 9.00%^ 11.85%^ 16.36%^ 6.15%^ 
 [45.546] [47.927] [50.099] [58.850] [68.242] [25.308] 
Proportional Spread 1.34%^ 1.54%^ 1.92%^ 2.63%^ 4.57%^ 3.23%^ 
 [34.408] [37.066] [40.749] [47.836] [53.499] [49.336] 

Idiosyncratic 
Volatility 3.53%^ 5.65%^ 7.68%^ 10.71%^ 21.13%^ 17.61%^ 

 [43.045] [47.244] [49.450] [54.077] [60.973] [62.304] 
 
Panel B: Firm Control Variables 
Size 5,068.9^ 2,748.1^ 1,429.0^ 779.2^ 308.7^ -4,760.2^ 
 [30.906] [31.339] [3.488] [28.576] [22.066] [-29.703] 
Book-to-Market 1.590^ 1.439^ 1.505^ 1.680^ 1.786^ 0.196 
 [22.780] [22.285] [21.276] [19.358] [13.034] [1.692] 
Lagged Return 0.83%^ 0.68%** 0.59% 0.01% -1.76%** -2.59%^ 
 [3.106] [2.231] [1.534] [0.017] [-2.390] [-4.007] 
Six-Month 
Momentum 2.96%^ 1.85%^ 0.96% -2.80% -12.62%^ -15.58%^ 
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Consistent with Han and Lesmond (2011), the findings in Tables 6-4 and 6-5 imply that 

the use of daily last trade prices to calculate idiosyncratic risk can incorporate a market 

micro-structure bias.  This bias is reduced by employing the closing bid-ask mid-point 

to calculate daily returns.  The results in Tables 6-4 and 6-5 are consistent with Han and 

Lesmond (2011) in that the returns and abnormal performance are reduced, however, 

they remain statistically significant.  Han and Lesmond (2011) conclude that the mid-

point measure may not remove all liquidity biases from the estimation of idiosyncratic 

risk.  To completely remove the liquidity bias from the analysis, Han and Lesmond 

(2011) orthogonalise the idiosyncratic risk by the contemporaneously estimated 

liquidity measures.  The next section will examine this orthogonalisation methodology 

in an Australian setting. 

6.5.2 Orthangonalisation of Idiosyncratic Volatility 

To remove liquidity biases from the estimation of idiosyncratic volatility, we follow 

Han and Lesmond (2011) and perform a cross-sectional regression using the Fama and 

Macbeth (1973) methodology.  For each month, the general regression described in Eq. 

(6-2) is estimated.  The coefficients and adjusted r-square for the Fama and Macbeth 

(1973) cross-sectional regression are presented in Table 6-6.  The statistical significance 

and signs for all the coefficients in Table 6-6 are consistent with Han and Lesmond 

(2011).  Interestingly, the adjusted r-square values for all regressions are higher than 

those observed in Han and Lesmond (2011).  Overall, the findings in Table 6-6 suggest 

that liquidity is able to explain nearly 50% of the cross-sectional variation of 

idiosyncratic risk in Australian equities. 

When comparing the ability of the liquidity regressions to explain idiosyncratic 

volatility, the results in Table 6-6 shows that the Amihud (2002) liquidity factor 

performs poorly compared to using of other liquidity proxies.  This finding is consistent 

with Han and Lesmond (2011).  The proportional bid-ask spread appears to explain the 

majority of the variation in idiosyncratic risk when it is employed as the independent 

variable in the regression.  When two liquidity proxies, proportional bid-ask spread and 

the percentage of zero returns are employed, the ability of the regression to explain the 

cross-section of idiosyncratic volatility as measured by adjusted r-square increases.  The 

 [5.681] [2.232] [0.923] [-1.831] [-5.791] [-8.674] 
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best fitting regression as measured by the adjusted r-square value is the general equation 

displayed in Eq. (6.2).  This equation employs the liquidity proxies proportional spread 

and the percentage of zero returns.  This equation also includes an interaction term 

between proportional spread and the percentage of zero returns as well as proportional 

spread squared.  The use of the square of the proportional spread is to control for any 

second order liquidity effects neglected by other independent variables.  As it is the best 

performing regression, as measured by the adjusted r-square, it is employed in removing 

the liquidity bias from the estimated idiosyncratic volatility.  This procedure is 

consistent with Han and Lesmond (2011). 

Table 6-6 Idiosyncratic Volatility and Liquidity Regression Coefficients 
This table presents the regression coefficients for a Fama-MacBeth regression of the idiosyncratic 
volatility on liquidity proxies.  Idiosyncratic volatility is estimated from the Fama and French (1993) 
three-factor model.  The heading 'Amihud' is the Amihud (2002) price impact measure of liquidity.  
'Spread' is the proportional spread, calculated as the monthly average of the daily close ask price less the 
daily close bid price divided by the daily close quoted midpoint.  '% Zero Return Days' is the fraction of 
trading days within a month that experience no price movement.  Following Han and Lesmond (2011), 
the square of the spread is included to control for second order liquidity effects and an interaction term 
between the Spread and %Zero Returns is included.  The liquidity proxies are estimated 
contemporaneously with idiosyncratic volatility.  t-statistics are reported in square brackets *, ** and ^ 
denote statistical significance at the 10%, 5% and 1% levels, respectively. 

Intercept Amihud Spread %Zero Returns 
Days Spread2 %Zero Returns 

Days *Spread Adjusted R2 

       
0.092^ 0.031^     0.288 

[51.866] [25.408]      
       

0.062^  2.228^    0.424 
[40.691]  [58.164]     

       
0.051^  2.412^ -0.061^   0.432 

[27.311]  [51.893] [-15.538]    
       

0.046**  3.402^ -0.089^ -7.461^  0.462 
[24.269]  [41.507] [-24.294] [-12.942]   

       
0.045^  3.470^ -0.001  -3.384^ 0.465 

[23.593]  [39.825] [-0.129]  [-15.904]  
       

0.062^  3.627^ -0.014^ -2.564^ -2.885^ 0.476 
[40.691]  [40.997] [-2.090] [-3.593] [-10.905]  

 

Table 6-7 reports the liquidity-adjusted idiosyncratic volatility estimates from Table 6-6 

which have been sorted into quintile portfolios.  Effectively, Table 6-7 reports the 

quintile portfolios based on idiosyncratic risk which is orthogonal to two different 
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measures of liquidity.65  Panel A reports the quintile portfolios of idiosyncratic risk 

based on the Han and Lesmond (2011) liquidity adjusted liquidity measure and Panel B 

reports the quintile portfolios of idiosyncratic risk based on the Amihud (2002) price 

impact measure of liquidity.   

Table 6-7 Portfolios Sorted by Liquidity-Adjusted Idiosyncratic Volatility 
This table presents the monthly performance from January 1996 to December 2010 of quintile portfolios 
sorted idiosyncratic volatility that is orthogonal to liquidity.  Portfolios were ranked according to their 
estimated liquidity-adjusted idiosyncratic volatility.  Liquidity-adjusted idiosyncratic volatility is the sum of 
the intercept and the residual of a Fama-MacBeth regression of the idiosyncratic volatility estimated from the 
Fama and French (1993) three-factor model on liquidity proxies.  The Low quintile is the portfolio with the 
lowest estimated idiosyncratic volatility the High quintile is the portfolio with the highest idiosyncratic 
volatility.  The High – Low heading denotes the difference in returns between the highest idiosyncratic 
volatility portfolio and the lowest idiosyncratic risk portfolio.  'Mean returns' is the average monthly returns of 
the portfolio.  'St Dev' is the monthly standard deviation of returns for the portfolio.  'CAPM Alpha' is the 
measure of abnormal performance based on the Capital Asset Pricing Model alpha. ‘FF -3 Alpha’ is the 
measure of abnormal performance based on the Fama and French (1993) three-factor alpha.  ‘Carhart-4 
Alpha’ is the measure of abnormal performance based on the Carhart (1997) four-factor alpha.  Panel A 
presents the results of a sort on liquidity-adjusted idiosyncratic volatility estimated using Equation 2.  Panel B 
reports the sort on liquidity-adjusted idiosyncratic volatility estimated using the Amihud (2002) price impact 
measure of liquidity.  t-statistics are reported in brackets *, ** and ^ denote statistical significance at the 10%, 
5% and 1% levels, respectively. 

 Quintile Mean St Dev % Sample CAPM 
Alpha 

FF-3 
Alpha 

Carhart-4 
Alpha 

 
Panel A: Han and Lesmond (2011) liquidity-adjusted idiosyncratic volatility 

Low 1 0.42% 0.04 11.74% 0.000 0.000 0.000 
     [-0.015] [0.117] [0.039] 
 2 0.69% 0.04 25.91% 0.003 0.003** 0.004^ 
     [1.760] [1.947] [2.627] 
 3 0.47% 0.04 31.75% 0.001 0.001 0.002 
     [0.347] [0.363] [1.037] 
 4 0.61% 0.05 23.75% 0.002 0.002 0.002 
     [1.074] [1.295] [1.133] 

High 5 -0.17% 0.08 7.63% -0.006 -0.004 -0.004 
     [-1.617] -1.259 [-0.934] 
 5-1 -0.59%   -0.010** -0.009** -0.008 
  [-1.27]   [-2.486] [-2.250] [-1.807] 

 
Panel B: Amihud (2002) liquidity-adjusted idiosyncratic volatility 

Low 1 0.73% 0.04 41.03% 0.003 0.003 0.004** 
     [1.910] [2.075] [2.052] 
 2 0.44% 0.04 30.71% 0.000 0.000 0.000 
     [0.198] [-0.084] [0.157] 
 3 0.45% 0.05 16.88% 0.000 0.000 0.000 
     [0.215] [0.243] [-0.093] 
 4 0.55% 0.06 8.30% 0.001 0.003 0.002 
     [0.564] [1.098] [0.683] 

High 5 -0.35% 0.09 3.04% -0.007 -0.005 -0.008** 

65 These liquidity measures are the Amihud (2002) price impact liquidity measure and the bid-ask and percentage of 
zero trading days market liquidity measures.   
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     [-1.928] [-1.563] [-2.040] 
 5-1 -1.08%**   -0.015^ -0.013^ -0.016^ 
  [-2.14]   [-3.565] [-3.482] [-3.464] 

 

Panel A of Table 6-7 presents the return performance for the portfolios with CAPM, 

Fama and French (1993) and Carhart (1997) four-factor alphas.  First, Panel A shows 

that the concentrated weighting of large market capitalisation firms in the low 

idiosyncratic risk portfolio has been reduced compared to Table 6-2.  The low 

idiosyncratic volatility portfolio presented in Table 6-2 contained 54.32% of the market 

capitalisation of the sample.  Following the Han and Lesmond (2011) methodology, 

Panel A reports the low idiosyncratic volatility portfolio now exhibits only 11.74% of 

the market capitalisation of the sample.  The portfolio returns for the low liquidity 

adjusted idiosyncratic volatility portfolio in Panel A of Table 6-7 are significantly lower 

than the non-liquidity adjusted portfolio presented in Table 6-2.  It is interesting to 

observe that the Fama and French (1993), Carhart (1997) and CAPM alphas presented 

in Panel A of Table 6-7 for the high idiosyncratic volatility portfolio and the difference 

portfolio are smaller than the alphas in Table 6-2.  Importantly, and consistent with Han 

and Lesmond (2011), the Carhart (1997) alpha for the [5-1] difference portfolio is no 

longer statistically significant.  This evidence demonstrates that liquidity is biasing the 

estimation of idiosyncratic volatility, and may explain the Ang et. al., (2006, 2009) 

findings in the Australian setting.  

As a further test of robustness, Panel B of Table 6-7 presents the quintile portfolios 

formed by idiosyncratic risk, which is orthogonal to the Amihud (2002) price impact 

measure of liquidity.  Panel B shows that the Amihud (2002) liquidity proxy is not as 

effective as Eq. (6.2) in removing the liquidity induced bias.  This is consistent with 

similar findings in Han and Lesmond (2011).  The [5-1] difference portfolio formed by 

holding the high idiosyncratic volatility and subtracting the low idiosyncratic volatility 

portfolio returns remains statistically significant with negative alphas.  The mean return 

for the [5-1] difference portfolio is also negative and statistically significant.  This is 

consistent with Ang et. al., (2006, 2009), who found that, high idiosyncratic volatility 

quintiles continued to exhibit negative abnormal performance even after controlling for 

liquidity by employing the Amihud (2002) measure.  
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This section has examined idiosyncratic risk by examining the findings of Ang et. al., 

(2006, 2009) and Han and Lesmond (2011) in an Australian setting.  The analysis in this 

chapter expanded on Ang et. al., (2009) by incorporating a larger sample of Australian 

stocks.  This research methodology in this chapter followed Ang et. al., (2006) in 

contrast to Grant and Phung (2010).  This study confirmed the findings of Ang et. al., 

(2006, 2009) and Grant and Phung (2010) and Gharghori et. al., (2011) that 

idiosyncratic risk is priced and, stocks with high idiosyncratic risk have subsequent 

negative performance.  The Australian stocks with high idiosyncratic risk tend to be 

firms with small market capitalisations and are less liquid.  The results also showed that 

portfolios of firms with high idiosyncratic risk exhibit lower returns than portfolios of 

firms with low idiosyncratic risk.  A zero financing portfolio that is ‘long’ high 

idiosyncratic risk and ‘short’ low idiosyncratic risk is found to exhibit negative and 

statistically significant Carhart (1997) and CAPM alphas.   

Following Han and Lesmond (2011), this chapter then examined whether idiosyncratic 

risk estimates are biased due to liquidity effects.  Employing two different 

methodologies, we re-estimated idiosyncratic risk by controlling for the Han and 

Lesmond (2011) and Amihud (2002) measure of liquidity.  The first method from Han 

and Lesmond (2011) removed pricing risk attributable to the bid-ask bounce.  After 

employing this methodology, the high idiosyncratic risk stocks still report subsequent 

negative returns that are statistically significant.  However, the size and statistical 

significance is reduced.  The findings also reveal significant negative Carhart (1997) 

and CAPM alphas for the zero financing portfolio that is ‘long’ high idiosyncratic risk 

and ‘short’ low idiosyncratic risk.   

The second method to remove liquidity bias from idiosyncratic risk involved a cross-

sectional regression to orthgonalise idiosyncratic risk and liquidity proxies.  After 

performing this technique, the high idiosyncratic risk stocks exhibit insignificant 

returns.  Furthermore, there is no statistically significant alpha for the zero financing 

portfolio constructed by selling low idiosyncratic risk and buying high idiosyncratic risk 

stocks. The empirical evidence presented in this study supports the work of Han and 

Lesmond (2011) in the U.S. setting which shows that idiosyncratic risk exhibits no 

information content once you control for liquidity.   

6.5.3 Cross-Sectional Regression Tests 
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As a final test of robustness, we estimate the pricing ability of idiosyncratic risk on 

Australian stock returns, by employing the Fama and Macbeth (1973) cross-sectional 

methodology.  The purpose of the Fama and Macbeth (1973) regressions is to examine 

whether idiosyncratic risk can explain returns for all assets, rather than focussing on the 

results derived from a quintile portfolio analysis.   

 

66 Following the recommendations of Lewellen, Nagel and Shanken (2010) the mean and standard deviation of the 
adjusted r-square values are reported for the cross-sectional asset pricing tests. 

Table 6-8 Fama-Macbeth Regressions 
This table reports the value-weighted Fama and Macbeth (1973) regression results of excess returns against 
idiosyncratic risk and selected control variables.  Following Han and Lesmond (2011), lagged firm size is the 
weight.  The sample is for the period January 1996 to December 2010.  Two estimates of idiosyncratic risk are 
employed.  The first idiosyncratic risk calculated is estimated from the last traded price.  The second idiosyncratic 
risk calculation is estimated from the mid-point between the closing bid and ask price.  Prior 6 month return is the 
momentum return from t-6 to t-2 as in Fama and French (2007).  The prior 1 month return is lagged return for 
month t-1.  Ln(MV) is the natural log of the market capitalisation lagged by one month.  Ln(Book-to-Market) is 
the lagged natural log of the book-to-market ratio and leverage is the sum of the short and long term liabilities 
divided by the sum of the market value of equity and the short and long term liabilities.  The time series mean and 
standard deviation of the adjusted r-square values are reported for each regression equation.  t-statistics are 
reported in square brackets.  *, ** and ^ denote statistical significance at the 10%, 5% and 1% levels, respectively. 

Equation 
 1 2 3 4 5 6 7 8 

Intercept 0.211 
[1.235] 

0.204 
[1.213] 

-1.374 
[-0.563] 

-0.077 
[-0.674] 

0.002 
[1.050] 

0.205 
[1.087] 

-0.737 
[-0.278] 

-0.124 
[-0.936] 

         
Last Trade Price 
Idiosyncratic 
Volatility 

-1.890** 
[-2.142] 

-1.567 
[-1.804] 

0.736 
[0.829] 

-1.159 
[-1.392]     

         
Closing bid-ask 
Midpoint 
Idiosyncratic volatility 

    -0.018 
[-1.690] 

-1.689 
[-1.596] 

-0.600 
[-1.008] 

-1.501 
[-1.436] 

         

Prior 6 Month Return  0.156 
[0.687] 

0.229 
[1.200] 

0.230 
1.050  0.047 

[0.230] 
0.195 

[0.932] 
0.175 

[0.823] 
         

Prior 1 Month Return  -0.011 
[-0.027] 

0.148 
[0.486] 

0.002 
[0.006]  0.129 

[0.333] 
0.351 

[1.107] 
0.178 

[0.468] 
         

Ln(MV)   0.072 
[0.578]    0.045 

[0.326]  

         

Ln(Book-to-Market)   0.013 
[0.291] 

-0.062 
[-0.890]   0.044 

[0.990] 
-0.048 

[-0.564] 
         

Leverage    0.645 
[1.608]    0.883 

[1.730] 
         
Adjusted r-square values66 
Mean 0.006 0.003 0.082 0.055 0.003 0.001 0.086 0.026 
Standard deviation 0.009 0.011 0.086 0.060 0.007 0.010 0.085 0.035 
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Following Ang et. al., (2006, 2009) and Han and Lesmond (2011), a value-weighted 

Fama-Macbeth regression is estimated.  Several control variables are employed to 

isolate momentum returns, leverage, firm size and book-to-market effects.  The general 

form of the Fama-Macbeth regression is presented in Eq. (6.3).  Several different cross-

sectional regression specifications are employed, consistent with Han and Lesmond 

(2011).67 

Table 6-8 presents the results of the Fama-Macbeth regressions.  Equation 1 in Table 6-

8 shows that when the last trade price is employed to estimate idiosyncratic risk, it is 

statistically significant in predicting negative future excess returns.  Equation 5 in Table 

6-8 (where the closing bid-ask midpoint estimate of idiosyncratic volatility is employed 

as the dependent variable) shows that when the closing mid-point is employed to 

estimate idiosyncratic risk, there is no statistically significant relationship with returns.  

As a result, it is possible to conclude that when returns are adjusted to remove the bid-

ask bounce, the information content of idiosyncratic risk disappears.  This finding is 

consistent with Han and Lesmond (2011) in the U.S. setting.  It is also interesting to 

note that the inclusion of extra explanatory variables (such as prior one and six month 

returns), decreases the ability of idiosyncratic risk, to explain excess returns when 

estimated from the last trade prices.   

Equations 3 and 7 in Table 6-8 exhibit the highest average adjusted r-square values, 

implying that these regression specifications are the best in explaining the cross-section 

of asset returns.  However, these results are also prone to multicollinearity due to the 

high levels of correlation between the idiosyncratic risk estimate and the natural log of 

market capitalisation. 68  Similar issues were encountered when liquidity was included 

as a control variable.  As we are endeavouring to ensure the methodology in this 

Chapter is consistent with Han and Lesmond (2011), alternative econometric techniques 

(orthogonalisation of the independent variables) were not performed here.  The Fama-

Macbeth regressions in Table 6-8 allow us to conclude that the pricing ability of 

67 Ang et. al., (2006, 2009) and Han and Lesmond (2011) employ three other firm specific controls (coskewness, 
measure of analyst dispersion and institutional holdings).  Owing to data limitations at the time of writing this 
chapter, the inclusion of these variables was unable to be replicated for Australia.  As Han and Lesmond (2011) found 
coskewness insignificant in explaining the cross-section of returns, the exclusion of this variable is not anticipated to 
impact on the conclusions drawn.  Future research on liquidity and idiosyncratic risk will need to include a measure 
of analyst dispersion and institutional holdings as explanatory variables to determine whether they have an expected 
negative and positive impact on explaining the cross-section of returns, respectively.   
 
68 The average correlation between the market capitalisation and idiosyncratic risk varies.  The correlation between 
the last trade price idiosyncratic risk and market capitalisation is -0.5441.  The correlation between size and the 
closing bid-ask mid-point idiosyncratic risk is -0.3901. 
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idiosyncratic risk is due to liquidity effects influencing the estimation of idiosyncratic 

risk, rather than any genuine pricing anomaly.   

6.6 Conclusion 

This chapter extends the literature of Ang et. al., (2006, 2009), Grant and Phung (2010) 

and Gharghori et. al., (2011) by examining whether the idiosyncratic risk of publicly 

listed companies in Australia has pricing ability.  In the first case, this study confirms 

the evidence in Ang et. al., (2006, 2009), Grant and Phung (2010) and Gharghori et. al., 

(2011) and finds that firms with high idiosyncratic risk exhibit low subsequent returns.  

This is the first known study that examines the interaction between idiosyncratic risk 

and liquidity in Australian stocks.   

Following recent developments in the idiosyncratic risk literature, this study then 

examined the impact of liquidity on the estimation of idiosyncratic risk.  Consistent 

with Han and Lesmond (2011), liquidity induced bias present in the estimation of 

idiosyncratic risk was removed by employing two methodologies.  The first technique 

employed the mid-point close of the bid and ask prices on the ASX to estimate monthly 

idiosyncratic risk.  The second method orthagonalised idiosyncratic risk estimates by 

contemporaneously estimated liquidity proxies.  Consistent with Han and Lesmond 

(2011), the use of the mid-point close of the bid and ask prices reduced the size and 

statistical significance of abnormal negative returns in high idiosyncratic risk quintile 

portfolios.  However, this methodology failed to remove the abnormal negative returns 

entirely in this sample of Australian listed companies.  When the idiosyncratic risk 

estimates were then orthagonalised by liquidity proxies, the abnormal negative returns 

from the portfolios with high idiosyncratic risk were removed, consistent with the 

findings of Han and Lesmond (2011) in the U.S. setting.   

Finally, this paper examined whether idiosyncratic risk exhibits pricing ability in the 

cross-section of stock returns.  Consistent with Han and Lesmond (2011), this study 

showed that when idiosyncratic risk was estimated from last trade prices, there was a 

statistical significant negative relationship between idiosyncratic risk and excess 

returns.  The negative relationship disappeared when idiosyncratic risk was re-estimated 

using the midpoint of the bid and ask prices.  Once this liquidity bias was corrected, the 

pricing ability of idiosyncratic risk was removed.  This finding in Australian publicly 

listed companies is consistent with Han and Lesmond (2011) and supports the theory 
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that liquidity biases have influenced the estimation of idiosyncratic risk in previous 

empirical studies. 

This study presented empirical evidence, for the first time, that demonstrates that the 

pricing ability observed in idiosyncratic risk in Australian listed stock returns is due to 

liquidity effects.  This study shows that researchers examining idiosyncratic risk need to 

consider employing the midpoint of bid-offer closes rather than the last traded price as 

the last bid-ask bounce affects the measure of idiosyncratic risk.   

This study has implications for both academics and industry.  This study highlights the 

pervasiveness of liquidity effects in research which both academics and practitioners 

need to be careful when identifying investment strategies employing daily data.  The 

results also indicate that the midpoint of the bid-ask spread may replace the last trade 

price to calculate stock returns for higher frequency data.  The advantage of the bid-ask 

midpoint is that it is a simple procedure that eliminates the bid-ask bounce effects from 

the data.  The next chapter will apply these findings in examining the idiosyncratic risk 

of PPPs. 
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Chapter 7 Idiosyncratic Risk and Returns of Public 
Private Partnerships 

 

7.1 Introduction 

Previous chapters have highlighted the role systematic risk plays in explaining the 

variation of returns for Public Private Partnerships (PPPs).  Chapter Four demonstrated 

that systematic risk factors explain the variation or PPP bond returns.  Chapter Five 

demonstrated that systematic risk factors can be observed in the variation in PPP equity 

returns. Chapter Six demonstrated that idiosyncratic risk has no pricing ability in 

Australian equities once liquidity effects are accounted for.  This study extends this 

research by examining the nature of idiosyncratic risk and liquidity of listed PPP stocks.   

To date, there has been no empirical literature that has examined the investment risk of 

PPPs from an asset pricing framework.  Previous literature by Grimsey and Lewis 

(2002) and Bain (2010) have shown that different risks are present during the two 

distinct phases of a PPP, that is, the construction period and the operations period.  

However, prior research has not considered the role that systematic risk factors play in 

explaining the variation of PPP stock returns.  This study examines the nature of both 

systematic and idiosyncratic risk of Australian PPPs listed on the Australian Securities 

Exchange (ASX).  The Fama and French (1993) framework is employed in this study to 

model Australian stock returns and to isolate the time-variation of idiosyncratic risk of 

PPPs.  Following the work of Han and Lesmond (2011), this study also controls for 

liquidity bias in the estimation of idiosyncratic risk of PPPs. 

This chapter provides three original contributions to the literature.  First, this chapter is 

the first study, to the author’s knowledge, that examines whether asset pricing models 

can explain the variation of PPP equity returns listed on the ASX.  Second, this study 

examines the time-variation of idiosyncratic risk of publicly listed PPPs on the ASX.  

By examining the idiosyncratic risk of individual PPP projects, it is possible to discover 

company specific risk estimates independent of systematic risk factors.  These risk 

estimates provide an insight into the changing risk of PPPs through time.  This is the 

first time that such an analysis has been applied to PPPs.  We show that the time-

variation of idiosyncratic risk at the commencement of PPP projects tends to be low.  
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When PPPs progress from the construction phase to the operations phase, we 

demonstrate empirical evidence of an increase in the idiosyncratic risk of PPPs.  More 

specifically, when demand for the services of these PPP projects does not meet ex-ante 

expectations at the commencement of the operations phase, we document an increase in 

idiosyncratic risk.  This research contributes to the body of knowledge relating to 

Australian asset pricing and provides an in-depth perspective of the time-variation of 

idiosyncratic risk of Australian listed PPPs.   

The third and final contribution of this study is the evaluation of liquidity biases on the 

estimation of idiosyncratic risk on PPPs.  This study orthogonalises the idiosyncratic 

risk estimates by employing two common liquidity proxies.  It is demonstrated that the 

increase in idiosyncratic risk observed in two of the three PPPs is the result of liquidity 

effects.  Furthermore, this study demonstrates that the increase in idiosyncratic risk of 

one of the PPPs examined is due to changes in company specific risk of the project at 

the beginning of the operations phase.   

The remainder of this study is organised as follows.  Section 2 reviews the related 

literature while Section 3 discusses the methodology of the study.  In Section 4, the data 

employed in this study is discussed.  Section 5 presents the results of the analysis and 

Section 6 concludes with a synopsis of the key findings and areas for future research.   

7.2 Related Literature 

PPPs are designed and built to provide infrastructure or a service for a pre-specified 

period of time.  According to English (2006), once this period of time has passed, 

ownership of the infrastructure or the facilities employed to provide the service reverts 

back to the public sector.  According to Grimsey and Lewis (2002), this lifecycle of 

design, construction, operation and transfer of the assets exposes PPP investors to a 

variety of risks.  The risks during the design and construction period according to 

Grimsey and Lewis (2002) are different to the risks encountered during the operations 

period.  These changing risks lead to the conclusion that the equity risk in PPPs is time-

varying.   

The question therefore arises, in which stage of the lifecycle of a PPP, the construction 

or operations phase, exhibits the higher risk?  Evidence provided by the pricing of debt 

for project finance and PPPs suggests that the construction period is expected to exhibit 

161 
 



the higher risk.  Sorge (2004) finds that credit risk for project finance loans is highest at 

the beginning of the project and reduces throughout the life of the project.   

Empirical research on PPP debt by Blanc-Brude and Strange (2007) found that the 

average spread of PFI (the term employed for PPPs in the United Kingdom) debt 

decreases over the life of the PPP.69  The higher interest rate at the beginning of the PPP 

implies that the construction phase of the PPP exhibits the highest risk.  The rationale 

behind these findings is questioned by Bain (2010) which found that the construction 

period is not very risky in practice.  In a survey of recent literature on PPP cost 

overruns, Bain (2010) found that just 14% of the PPPs examined exhibited a cost 

overrun in the construction period.  Instead, Bain (2010) argues that the risks in the 

operations phase are far greater and this should be reflected in the pricing of both debt 

and equity returns. 

The review of literature has identified three research questions that have not been 

addressed.  To date, to the author’s knowledge, no literature has examined the equity 

returns of PPPs.  Chapters Four and Five of this thesis demonstrated that systematic risk 

factors can be observed in the variation in PPP bond and equity returns.  However, to 

the author’s knowledge, to date, there has been no study that has examined whether 

systematic risk factors in Australian equity returns can explain the variation in returns of 

individual PPPs in Australia.  Therefore, the first question that this study aims to answer 

is, do systematic risk factors explain the variation of individual PPP equity returns in 

Australia?  

Second, prior literature has shown that risks in PPPs change through time.  The work of 

Sorge (2004) and Blanc-Brude and Strange (2007) found that the cost of financing is 

higher in the construction phase compared to the operations phase.  This implies that the 

risk of a PPP is higher in the construction period rather than the operations period.  

However, Bain (2010) challenges this evidence with regards to cost overruns and the 

issue of PPP failures.  To the author’s knowledge, no study has quantified the risk of a 

PPP through time in an asset pricing framework.  Therefore, it is currently impossible to 

identify or measure whether the construction or operations phase exhibits the higher 

risk.  This study makes an original contribution to the asset pricing and infrastructure 

69 According to Spackman (2002) PFI (Private Finance Initiative) projects are a form of PPP specific to the United 
Kingdom.   
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literature by measuring the idiosyncratic of Australian PPPs through time to determine 

whether the construction or operations phases exhibit the higher risk.   

The third and final contribution of this study is that it quantifies the proportion of 

idiosyncratic risk that can be explained by liquidity variables.  Chapter Six 

demonstrated that liquidity factors can bias estimates of idiosyncratic risk in an 

Australian setting.  As a result of these findings, this study will examine whether 

liquidity effects do impact on the estimates of idiosyncratic risk of PPPs and whether 

these liquidity variables can explain the changing idiosyncratic risk of PPPs.  To the 

author’s knowledge, this is the first study that quantifies the idiosyncratic risk of PPPs 

and its effects due to liquidity biases.    

7.3 Methodology 

Due to the paucity of literature on infrastructure investment and PPPs, it is important to 

first examine whether conventional asset pricing methods can explain Australian PPP 

returns.  This is achieved by employing the Fama and French (1993) three-factor model 

described in Eq. (7.1) below.  This study examines whether the Fama and French (1993) 

three-factor model can explain value-weighted portfolio of equity PPP returns as well as 

individual PPP returns.  The Fama and French (1993) model can be mathematically 

expressed as: 

- -  (7.1) 

where: 

 is the daily return of stock i; 

 is the risk-free rate; 

 is the market return; 

 is the Australian Fama and French (1993) size factor; and, 

 is the Australian Fama and French (1993) book-to-market factor. 

Following the examination of whether systematic risk factors can explain the variation 

of returns of individual PPPs and the value-weighted PPP portfolio, this study next turns 

to analysing the time-varying firm specific risk of the PPP.  Specifically, this study is 
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seeks to determine whether there are differing levels of risk in a PPP between the 

construction and operations periods.  More specifically, this study employs 

idiosyncratic risk to identify whether there are differences in risk between these two 

periods in individual PPP equity returns.   

In the context of this study, the idiosyncratic risk of the PPPs is estimated over time.  

The time period which exhibits the lowest idiosyncratic risk is identified as the period 

of time in a PPP’s life cycle with the lowest risk.  Idiosyncratic risk in this study is 

estimated consistent with the methodology employed in Chapter Six.  This methodology 

follows that of Ang, Hodrick, Xing and Zhang (2006, 2009), Fu (2009) and Han and 

Lesmond (2011) and measures idiosyncratic risk with the following regression 

equation: 

- -  (7.2) 

where: 

 is the daily return of stock i; 

 is the risk-free rate; 

 is the market return; 

 is the Australian Fama and French (1993) size factor; and, 

 is the Australian Fama and French (1993) book-to-market factor. 

Following the notation of Fu (2009),  is the subscript for the day and t is the subscript 

for the month,  and , , and  are factor sensitivities or loadings.  The 

idiosyncratic volatility is calculated as the standard deviation of the regression residuals 

 which is consistent with Ang et. al., (2006, 2009) and Han and Lesmond (2011).  

Idiosyncratic volatility is only estimated when there is a minimum of thirteen days 

where trading volume is greater than zero per month, this reduces the impact of 

infrequent trading.  The standard deviation of daily return residuals is transformed into a 

monthly return residual by multiplying the daily standard deviation by the square root of 

the number of trading days in that month, which is consistent with Fu (2009).   
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Tests for breaks in idiosyncratic risk 

Having established estimates of the idiosyncratic risk of the PPPs, five tests are 

performed to empirically measure whether a significant change exists between the 

construction and operations phase.  The first of these is a test for a difference in means 

of idiosyncratic risk between the construction and operations phase.  Owing to the 

different variance in idiosyncratic risk, the Welch (1947) t-test is employed.  The t-test 

test statistic is described in Eq. (7.3) below: 

 (7.3) 

where: 

 

 is the variation of idiosyncratic risk during the construction phase; 

 is the variation of idiosyncratic risk during the construction phase; 

 is the number of observations of idiosyncratic risk during the construction phase; 

 is the number of observations of idiosyncratic risk during the operations phase; 

Welch (1947) argues that the degrees of freedom for the t-test are obtained from the 

following equation:  

 
(7.4) 

 

The second test employed to determine whether a difference in idiosyncratic risk is 

present is the Wilcoxon (1945) signed rank test.  To estimate the test critical value first 

the difference between the observations in the first group and second group need to be 

calculated.  The absolute values of these differences are then ranked with any difference 

value equal to zero discarded.  The number of observations in this ranking is equal to .  
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Once these scores are ranked, the sign from the original difference calculation are then 

reassigned.  Only the positive ranked differences are then employed to calculate the test 

statistic below: 

 (7.5) 

where: 

 is the number of nonzero observations in the sample; and, 

 is the rank of positive observation i in the difference calculation. 

The standard deviation of the test statistic is given by:  

 (7.6) 

 

The third difference test employed in this sample is the test for a difference in variance 

described in Equation 7.7 below.   

 (7.7) 

where: 

 is the variance of the subgroup with the largest variance, 

 is the variance of the subgroup with the smaller variance, 

The degrees of freedom for this F-test are obtained by  and  where  is 

the number of observations in the subgroup with the highest variance and  is the 

number of observations in the subgroup with the lowest variance.   

The fourth and fifth tests examine whether an autoregressive model of idiosyncratic risk 

exhibits a difference between the construction and operations periods.  Autoregressive 

models have been employed previously to model idiosyncratic risk.  Chua, Goh, and 

Zhang (2010) employ a rolling autoregressive model of idiosyncratic risk to develop an 
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estimate of expected idiosyncratic risk.70  This study will employ two autoregressive 

models to determine whether there is a break in idiosyncratic risk between the 

construction and operations periods.   

The fourth test employs an AR(2) process regression with a dummy variable equalling 

one when the PPP is in the operations phase and zero otherwise.  The equation for the 

regression is represented below: 

- -  (7.8) 

where: 

 is the idiosyncratic risk estimate for PPP i at time t; and, 

 is a dummy variable which equals 1 when the PPP is in the operations 

period and 0 otherwise. 

The fifth and final test to measure the difference in idiosyncratic risk between the 

construction and operations periods is a Chow test on the AR(2) regression.  The 

equation for the regression is mathematically expressed as: 

- -  (7.9) 

where: 

 is the idiosyncratic risk estimate for PPP i at time t. 

The Chow (1960) test is defined below as: 

 (7.10) 

where: 

 is the Residual Sum of Squares for the regression described in Eq. (7.9) estimated 

on the idiosyncratic risk for both the construction and operations periods; 

70 Chua et. al., (2010) employ the autoregressive regression to obtain an expected idiosyncratic risk variable.  This 
study employs the same methodology to examine idiosyncratic risk during the construction and operations phase of a 
PPP.  It is important to be aware that unexpected changes in idiosyncratic risk may impact on our ability to identify 
whether there is a difference in between these two phases, therefore, we have chosen to employ the Chua et. al., 
(2010) methodology to model expected idiosyncratic risk.   
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 is the Residual Sum of Squares for the regression described in Eq. (7.9) estimated 

on the idiosyncratic for the construction period; 

 is the Residual Sum of Squares for the regression described in Eq. (7.9) estimated 

on the idiosyncratic for the operations period; 

 is the number of parameters employed in Eq. (7.9);  

 is the number of observations within the construction period; and,  

 is the number of observations within the operations period.  

The Chow (1960) test follows a F-distribution with  and -  degrees of 

freedom.   

Liquidity and idiosyncratic risk of PPPs 

Han and Lesmond (2011) and Chapter Six show that idiosyncratic risk estimates can be 

biased due to liquidity factors.  For this reason, the idiosyncratic risk estimates 

employed earlier in the study are transformed to remove the possibility of liquidity 

effects.  Han and Lesmond (2011) estimate a cross-sectional regression to orthagonalise 

idiosyncratic risk to remove liquidity effects.  As this study is examining only four PPPs 

(see the data section) and in some time periods only one PPP is listed on the ASX, a 

cross-sectional methodology will not adequately remove the liquidity effects.  

Therefore, this study will remove the liquidity estimates on a time-series basis rather 

than cross-sectionally.  This study will employ the liquidity proxies which are the 

proportional bid-ask spread and the percentage of zero returns days consistent with Han 

and Lesmond (2011).  Two further liquidity proxies were employed in Han and 

Lesmond (2011), which are the squared proportional bid-ask spread and the spread 

multiplied by the percentage of zero return days.  Han and Lesmond (2011) employ two 

further variables in the orthagonalisation process, namely, Spread2 and Zero 

Returns*Spread.  Both variables exhibit a high correlation between the variables, 

Spread and Zero Returns we therefore seek to minimise the problems of collinearity in 

our regressions and both are excluded from this analysis.71 

71 One approach of removing the problem of mulicollinearity would be to orthagonalise the independent variables of 
the regression.  However, given that the Spread2 and Zero Returns*Spread independent variables are transformations 
and interaction variables of Spread and Zero Returns, the information content of these variables is already present in 
the regression. 
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The general form of the time-series regressions is mathematically expressed as: 

 (7.11)
 

where: 

 is the estimated idiosyncratic volatility for firm i at time t; 

is the average proportional bid-ask spread for firm i at time t; and, 

 is the percentage of zero returns for stock i within month t. 

7.4 Data 

This study seeks to examine both the systematic and idiosyncratic risk of road PPPs in 

Australia.  Four PPPs listed on the ASX are identified in the period to January 1991 

December 2010 sample period, namely, Connecteast, Hills Motorway, Rivercity 

Motorways and Transurban.  At the time of this study, one other PPP is listed on the 

ASX, namely, Brisconnections, however, this PPP is tightly held with 98% of the shares 

held by four institutions (Brisconnections, 2011).  With such a concentrated ownership, 

the ability to draw any meaningful conclusions from Brisconnections is limited.  This 

next section will examine the individual PPPs separately and provides a brief 

background.  The first PPP examined is ConnectEast.   

ConnectEast 

In 2004, ConnectEast was awarded a 39 year concession to build and operate the 

Mitcham – Frankston Freeway Project (MFP).  The required $2,088 million in debt 

funding for the project was provided by a syndicate of banks through three senior bank 

debt facilities (ConnectEast, 2004.)  The facilities were underwritten by the Joint Lead 

Arrangers, BOS International (Australia) Limited, Commonwealth Bank of Australia, 

Société Générale Australia Branch and United Overseas Bank Limited (ConnectEast, 

2004).  According to ConnectEast (2004), to fund the construction of the road $1,120 

million of equity was to be raised via an Initial Public Offering.  Construction was 

completed in 2008 and the road opened on 28 June 2008, with an initial one month toll-

free period.  The average expected vehicles in 2008, according to ConnectEast’s 

Product Disclosure Statement (PDS) (2004), was to be 258,200 vehicles per day.  This 
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figure is undiscounted for a period of ‘ramp-up’.72  The ‘ramp-up’ period was expected 

to be a 15 month period where initial traffic on the road was expected to be 72% of the 

steady state traffic forecast (ConnectEast, 2004).  By October 2008, four months after 

opening, ConnectEast was reporting that the average number of trips per day was 

147,414 (ConnectEast, 2008b) which was significantly less than the expected traffic 

figures.  On 24 November 2008, ConnectEast announced its intention to raise 

approximately $450 million through a rights issue and reduce distributions to 2 cents a 

year to conserve capital (ConnectEast, 2008a.)  The rights issue, according to 

ConnectEast (2008a), would reduce the company’s gearing level from 45% to between 

33% and 34%.  This was followed by another rights issue for $421 million announced 

on 24 August 2009 (ConnectEast, 2009.)  The second rights issue occurred after the 

write down in the value of ConnectEast’s tolling rights for the freeway, and a 

mandatory repayment of $250 million of debt (ConnectEast, 2009.)  The objective of 

the 2009 rights issue was to reduce gearing from 46% to 35% and to repay all debt that 

was to mature in 2010.   

Hills Motorway 

On 26 August 1994, Hills Motorway entered into contracts with the New South Wales 

State Government for the construction and operation of the M2 Motorway (Hills 

Motorway, 1994).  The concession required the provision of 20 kilometres of roadway 

between the Lower North Shore and the North West Sydney Region until 2042 (Hills 

Motorway, 1994).  To fund the concession, Hills Motorway raised $155 million in 

equity with an additional $30 million from the project sponsors (Hills Motorway, 1994). 

The Hills Motorway opened in May 1997 and actual usage missed the prospectus 

estimates.  The prospectus estimated that by 1998, an average of 78,287 vehicles per 

day will be using the toll road (Hills Motorway, 1994).  According to the 1998 annual 

report, for the period July 1997 to June 1998, the average usage of the motorway was 

56,751 vehicles per day (Hills Motorway, 1998).  Two years later, the average number 

of vehicles using the motorway had increased to 66,299 (Hills Motorway, 2000).  The 

overestimation of traffic usage did not result in the company entering financial distress.  

By 2002, Hills Motorway was cash flow positive (Hills Motorway, 2002) and in 2003, 

Hills Motorway produced its first profit (Hills Motorway, 2003).  In January 2005 

72 The term “ramp up” refers to the period of time between initial opening of the road and when the road is carrying 
its expected traffic figures.  
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Transurban issued a takeover of Hills Motorway (Transurban, 2005).  The bid was 

increased in April 2005 and was subsequently accepted and the takeover finalised 

(Transurban, 2005).   

Rivercity Motorway 

Rivercity Motorways won the 45 year concession to build the North-South Bypass 

Tunnel in Brisbane in 2006 (Leighton, 2006).  The North-South Bypass tunnel is a 6.8 

kilometre tunnel linking the north and south banks of the Brisbane River.  It is the first 

PPP in Queensland to be listed on the Australian Securities Exchange, and debt funding 

for the project was provided by a syndicate of banks (Rivercity Motorways, 2006.)  In 

order to fund the tunnel, Rivercity Motorways issued $724 million in equity and 

organised debt facilities of $1,434 million (Rivercity Motorways, 2006.)   

Construction was completed in 2010 and the tunnel was opened to traffic on 16 March 

2010.  There was an initial three week toll-free period during which an average of 

59,109 vehicles a day used the tunnel (Rivercity Motorways, 2010a.)  The toll was 

introduced from 6 April 2010 and the average daily number of vehicles fell to 22,559 

for June 2010 (Rivercity Motorways, 2010b.)  According to Rivercity Motorways 

(2010b), the original forecast was for 60,451 vehicles a day to use the tunnel and it was 

subsequently disappointed with the significant shortfall in vehicle numbers.  

Subsequently, the toll was reduced to $2 per car from 1 July 2010 (Rivercity 

Motorways, 2010b.)  The shortfall in vehicle numbers led to speculation as to whether 

the company would survive.  Subsequently, on 25 February 2011, Rivercity Motorways 

entered into Voluntary Administration (Rivercity, Motorways 2011). Whilst this fate 

appears typical of economic infrastructure PPPs developed in the early 2000s, other 

PPPs have survived.73   

Transurban 

On 29 May 1995, the Transurban Consortium was selected as the preferred tenderer for 

the Melbourne City Link Project (Transurban, 1996).  The Melbourne City Link Project 

is a concession to build, operate and maintain a 22 kilometre toll road in Melbourne 

until 2034 (Transurban, 2011).  To fund the building of the project, Transurban equity 

investors provided $455 million for infrastructure bonds, units and shares for 

73 Other instances of failures of road PPPs for investors include the Lane Cove Tunnel and the Cross City Tunnel in 
Sydney, Australia. 
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Transurban (Transurban, 1996).  Furthermore, a total of $1,321 million was raised from 

debt facilities (Transurban, 1996).   

The road began to open in segments in 1999, however, construction and delivery 

difficulties delayed tolling and full operation of the road (Transurban, 2000).  Traffic 

underperformance and warranty claims on the constructor of the road continued to 

impact on the financial performance of Transurban in subsequent years (Transurban, 

2001).  The traffic performance for the CityLink toll-road was mixed.  Myer (2003) 

shows that traffic was overestimated in some sections of the toll road and 

underestimated in others.  The overestimation of demand for some sections of the City 

Link toll road did not pose dire financial implications as it did for both Rivercity 

Motorways and ConnectEast.   

Over subsequent years, Transurban expanded from a one toll road asset in Melbourne to 

several toll roads in Sydney and roads in the United States (Transurban, 2011).  This 

expansion began with a 40% investment in the Sydney M7 toll road in October 2002 

(Transurban, 2003).  The M7 toll road subsequently opened in October 2005, ahead of 

schedule (Transurban, 2006).  Prior to the opening of the M7 toll road, Transurban 

completed the takeover of the Hills M2 Motorway in Sydney (Transurban, 2005).  

Subsequent expansions have included the purchase of the Sydney Roads Group in 2006 

(John, 2006).  The Sydney Roads Group was a portfolio of three toll roads, 51% of the 

M4 motorway, 50% of the M5 motorway and 71% of the Eastern Distributor (John, 

2006).  In 2010, two major corporate actions occurred.  First, Transurban purchased the 

Lane Cove tunnel out of receivership.  The Lane Cove tunnel, opened in 2007, is a 3.6 

kilometre toll road that connects to the Hills M2 Motorway (Transurban, 2010a).  The 

second major corporate action occurred in May 2010 with Transurban being the subject 

of an unsuccessful takeover bid by a consortium composed of the Canada Pension Plan 

Investment Board, CP2 Limited and Ontario Teachers' Pension Plan Board (Transurban, 

2010b).  Transurban is a partner in the introduction of High Occupancy Toll lanes in the 

United States (Transurban, 2011).  Transurban is a partner in two projects, namely, 

Capital Beltway (I-495) in Washington D.C. and the I-95 in Virginia and these are 

expected to open in 2013 and 2012, respectively (Transurban, 2011). 
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Table 7-1 PPP Return Descriptive Statistics 
This table presents the monthly mean, median, standard deviation, maximum and minimum 
observations and skewness for the value-weighted PPP portfolio and individual PPPs returns examined 
in this study.  The sample period is from January 2006 to December 2010 for ConnectEast, January 
1996 to May 2005 for Hills Motorway, August 2007 to December 2010 for Rivercity Motorways, and 
from April 1996 to December 2010 for Transurban.  ADF is the test statistic for the Augmented 
Dickey-Fuller test for stationarity and KPSS is the test statistic for the Kwiatkowski–Phillips–Schmidt–
Shin test for stationarity.  *, ** and ^ denote statistical significance at the 10%, 5% and 1% levels, 
respectively. 

 

Value-
Weighted 

PPP Portfolio 
ConnectEast Hills 

Motorway 
Rivercity 

Motorways Transurban 

Mean 0.0118 -0.0101 0.0217 -0.0368 0.0120 
Median 0.0162 0.0000 0.0181 -0.0351 0.0148 
St Dev 0.0707 0.0946 0.0829 0.1880 0.0773 
Maximum 0.2321 0.2458 0.3507 0.3858 0.2122 
Minimum -0.2964 -0.3578 -0.2306 -0.4419 -0.3335 
Skewness -0.5684 -1.005 0.4912 3.4667 -0.6458 
Jarques-Bera statistic 87.36^ 32.11^ 44.00^ 2.14 52.93^ 
ADF 13.58^ -7.43^ -10.45^ -5.14^ -12.94^ 
KPSS 0.40 0.21 0.06 0.22 0.34 

 

Table 7-1 reports the summary statistics of the four individual publicly listed PPPs and 

the value-weighted PPP portfolio.  The average return for the value-weighted PPP 

portfolio is positive, however, this is not the case for the PPPs.  Two PPPs, 

(ConnectEast and Rivercity Motorways) exhibit an average negative return over the 

sample period.  In the case of Rivercity Motorways, the average return observed is -

3.68% per month.  The low return observed for these two PPPs is consistent with the 

observation that the financial viability of both PPPs was questioned when traffic 

forecasts were lower than expected at the commencement of the operations phase.74   

The summary statistics for the liquidity variables employed in this study are presented 

in Table 7-2.  Following Han and Lesmond (2011), this study employs the percentage of 

zero returns days, (that is, the percentage of days in a month where no return is 

observed) and the monthly proportional bid-ask spread as liquidity variables.  Panel A 

of Table 7-2 reports the summary statistics for the percentage of zero returns days for 

each PPP included in this study.  Panel B of Table 7-2 presents the summary statistics 

for the monthly proportional bid-ask spread.  The statistics reported in Table 7-2 imply 

that Rivercity Motorways is the most illiquid of the publicly listed PPP stocks examined 

as it exhibits the highest average proportional bid-ask spread (3.62%), and the highest 

percentage of zero return days (19.78%).  Table 7-2 also shows that Hills Motorways 

74 The descriptive statistics in Table 7-1 include the results of the ADF and KPSS tests.  For the PPP portfolio and all 
the individual PPP returns the ADF and KPSS tests indicate that the returns are stationary.   
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exhibits the lowest percentage of zero return days (1.13%) whilst Transurban exhibits 

the lowest proportional bid-ask spread (0.84%).  As a result, identifying the PPP that is 

the most liquid is difficult to infer, however, it is clear that Rivercity Motorways is the 

most illiquid PPP traded on the ASX.   

Table 7-2 Liquidity Descriptive Statistics 
This table presents the monthly mean, median, standard deviation, maximum and minimum 
observations and skewness for the liquidity variables for individual PPPs returns examined in 
this study.  Two liquidity variables are examined in this study.  The first is the percentage of 
zero return days which is defined as the number of trading days within a month where no return 
was observed.  The second is the proportional bid-ask spread.  Panel A presents the summary 
statistics for the percentage of zero return days.  Panel B presents the summary statistics for the 
proportional bid-ask spread.  The descriptive statistics are calculated for the periods from 
January 2006 to December 2010 for ConnectEast, January 1996 to May 2005 for Hills 
Motorway August 2007 to December 2010 for Rivercity Motorways, and from April 1996 to 
December 2010 for Transurban.  ADF is the test statistic for the Augmented Dickey-Fuller test 
for stationarity and KPSS is the test statistic for the Kwiatkowski–Phillips–Schmidt–Shin test 
for stationarity.  *, ** and ^ denote statistical significance at the 10%, 5% and 1% levels, 
respectively. 

 ConnectEast Hills 
Motorway 

Rivercity 
Motorways Transurban 

 
Panel A: Percentage of Zero Return Days 
Mean 0.1243 0.0113 0.1978 0.0662 
Median 0.1250 0.0000 0.1875 0.0606 
Standard Deviation 0.0862 0.0596 0.1112 0.0640 
Maximum 0.4516 0.4063 0.4688 0.3226 
Minimum 0.0000 0.0000 0.0000 0.0000 
Skewness 0.9488 4.6404 0.3752 1.3836 
Jarques-Bera statistic 19.92^ 6213.42^ 0.87 85.69^ 
ADF -5.39^ -3.27** -3.40** -9.28^ 
KPSS 0.29 0.24 0.40* 1.05^ 
 
Panel B: Proportional Bid-Ask Spread 
Mean 0.0112 0.0143 0.0362 0.0084 
Median 0.0113 0.0134 0.0308 0.0076 
Standard Deviation 0.0043 0.0052 0.0220 0.0050 
Maximum 0.0236 0.0288 0.1147 0.0283 
Minimum 0.0048 0.0057 0.0087 0.0021 
Skewness 0.7283 0.8655 1.2143 1.4424 
Jarques-Bera statistic 6.74** 14.79^ 35.93^ 100.80^ 
ADF -1.60 -6.90^ 0.86 -3.94^ 
KPSS 0.50** 0.52** 0.50** 0.14 

 

This section examined the publicly listed individual PPPs stocks and presented the 

returns and liquidity variables employed in this study.  The next section examines the 

systematic risk factors employed in this Chapter.  These factors are important for two 

reasons.  First, these systematic risk factors are employed to estimate the idiosyncratic 
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risk of the PPPs.  Second, these factors will be employed to determine whether 

systematic risk factors can explain the variation of PPP returns.75   

Systematic Risk Factors 

The systematic risk factors for the Australian Fama and French (1993) three-factor 

model and the Carhart (1997) asset pricing model employed in Chapters Five and Six 

are again employed in this analysis.  The sample employed to construct the systematic 

risk factors is from the top 300 companies by market capitalisation listed on the ASX on 

the last trading day of each December for the years 1991 to 2010.76  Any shares not 

fully paid are excluded from the analysis.  For the identified companies, the daily 

returns, turnover, price and market capitalisation are all obtained from Datastream.  The 

daily bid and ask close prices are obtained from Thompson Reuters Tick History 

database maintained by SIRCA from 1 January 1996.77 Companies that do not exhibit a 

record in each of the data fields obtained were excluded from this study resulting in a 

total of 778 companies included in the analysis.   

As discussed in Chapters Five and Six, Australia’s equities markets are dominated by a 

small number of large firms and this feature drives the decision to focus only on the top 

300 companies by market capitalisation.  Prior studies by Demir, Muthuswamy and 

Walter (2004) and Hurn and Pavlov (2004) employ the ASX top 200 stocks and similar 

filters for the same reason.   

The SMB and HML factors are calculated in the manner described in Fama and French 

(1993).  In December of each year, the firms for the subsequent year’s analysis are 

ranked by size and separated into two portfolios, Small and Big.  At the same time, the 

book values from the Worldscope database were obtained for all companies included in 

the sample.78 The book-to-market ratio is obtained by dividing the book value by the 

market value.  Companies with negative book-to-market ratios are excluded from the 

analysis.  The Small portfolio is divided into three portfolios based on the ranking of the 

75 Table 7-2 presents the ADF and KPSS test statistics examining whether the liquidity variables are stationary.  Five 
out of the eight liquidity variables are stationary with ambiguous test results for three of the eight variables.  
Furthermore, two of the proportional bid-ask spread liquidity variables for ConnectEast and Rivercity Motorways are 
identified as non-stationary.  This raises concerns regarding the conclusions drawn from the analysis where these two 
variables (proportional bid-ask spread of Rivercity Motorways and ConnectEast) are employed.   
76 The sample period begins in December 1991 to identify and rank the firms to estimate the SMB, HML and WML 
factors.  Once the firms are identified and ranked, the portfolio returns are calculated from January 1992.   
77 The daily bid and ask close prices are not available before 1 January 1996 in the Thompson Reuters Tick History 
database maintained by SIRCA.   
78 Following Han and Lesmond (2011), the book value is equal to the Total Assets - Total Liabilities + Deferred 
Taxes + Preferred Stock.  In Worldscope, the Preferred Stock line is null for the companies examined. 
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book-to-market ratio with the spilt of 30/40/30 and the value-weighted returns of each 

portfolio are obtained.  This process is repeated for the Big portfolio.  The SMB factor 

is the simple average of the daily returns for all the Small firm portfolios less the simple 

average of the daily returns for all Big firm portfolios.  This methodology follows the 

work of Fama and French (1993).   

The HML factor is estimated by calculating the simple average of the returns for the 

Small and Big portfolios with a Low book-to-market ratio.  This is then subtracted from 

simple average of the returns for the Small and Big portfolios with a High book-to-

market ratio.  This methodology follows the work of Fama and French (1993).  The 

Market, HML and SMB factors are estimated on a daily and monthly basis.   

The Market factor is the returns of the Australian Securities Exchange All Ordinaries 

Accumulation Index.  Data for this factor is obtained from Datastream on a daily basis.  

Finally, the short-term risk-free rate is the 90 day bank accepted bill (BAB) rate sourced 

from the Reserve Bank of Australia.  This follows the work of Brailsford, Handley and 

Maheswaran (2008) and removes the need to estimate an Australian federal government 

risk-free rate for a significant period of the analysis.79   

Table 7-3 reports the descriptive statistics for both the daily and monthly Fama and 

French (1993) factors employed in this study.  The daily return series reported in Table 

7-3 are employed to estimate the idiosyncratic risk of the PPPs.  The monthly return 

series in Table 7-3 are employed to examine the ability of systematic risk factors to 

explain the returns of PPPs in Australia.  Panel A of Table 7-3 presents the daily 

descriptive statistics for the market excess returns, SMB and HML factors.  Panel B of 

Table 7-3 reports the monthly descriptive statistics for the market excess returns, SMB 

and HML factors.  The average daily returns, reported in Panel A of Table 3 indicates 

that the average daily return for the market risk premium and SMB factor is small and 

negative.  However, when the median return is considered, all factors exhibit positive 

returns over the sample period.  The rationale to explain the negative mean returns 

79 Following the election of the Howard Government in 1996 there was a policy choice to reduce Government debt 
levels. Budget surpluses were produced and the Australian federal government debt was reduced resulting in 
Treasury notes no longer being issued by the Government in 2003. 
http://www.aofm.gov.au/content/_download/Historical_tables/Historical_07_08/TableH14.pdf 
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observed in the market risk premium and SMB factor is provided in the following 

paragraph.80 

Table 7-3 Systematic Risk Factors Descriptive Statistics 
This table presents the descriptive statistics of the Australian systematic risk factors included in this 
study for the period February 1992 to December 2010.  Panel A presents the daily mean, median, 
standard deviation, maximum and minimum observations and skewness for the market excess return, 
SMB and HML factors.  Panel B presents the monthly mean, median, standard deviation, maximum 
and minimum observations and skewness for these variables.  In Panel A, the market excess return is 
the difference between the daily All Ordinaries index return and the effective daily 90 day bank 
accepted bill rate.  The daily SMB and HML factor returns are calculated from the daily portfolio 
returns where the portfolios are formed according to the Fama and French (1993) methodology.  In 
Panel B, the market excess return is the difference between the monthly All Ordinaries Accumulation 
index return and the effective monthly 90 day bank accepted bill rate.  The monthly SMB and HML 
factor returns are calculated following the Fama and French (1993) methodology.  ADF is the test 
statistic for the Augmented Dickey-Fuller test for stationarity and KPSS is the test statistic for the 
Kwiatkowski–Phillips–Schmidt–Shin test for stationarity.  *, ** and ^ denote statistical significance at 
the 10%, 5% and 1% levels, respectively. 

 Rm-Rf SMB HML 
 
Panel A: Daily Returns 
Mean -0.000001  -0.000028     0.000126  
Median  0.000203     0.000147     0.000124  
St Dev  0.009356     0.005965     0.006512  
Max    0.060471     0.030630     0.053592  
Min -0.085772  -0.045270  -0.047915  
Skew -0.5772 -0.4651 0.2802 
Jarques-Bera statistic 10670.30^ 1693.27^ 8568.77^ 
ADF -69.23^ -69.14^ -62.55^ 
KPSS 0.07 0.10 0.12 
 
Panel B: Monthly Returns 
Mean    0.000128  -0.001195     0.002114  
Median    0.005991   0.000467     0.002337  
St Dev    0.039097     0.027086     0.034648  
Max    0.074515     0.060199     0.120727  
Min -0.155669  -0.152923  -0.165521  
Skew -0.8700 -0.9674 -0.2024 
Jarques-Bera statistic 41.11 126.00^ 84.52^ 
ADF -13.77^ -13.08^ -15.13^ 
KPSS 0.06 0.10 0.12 

 

The average monthly returns for the systematic risk factors, presented in Panel B of 

Table 3 are interesting.  The market risk premium and HML factor exhibit a positive 

average and median monthly return.  This contrasts with the SMB factor which exhibits 

a negative average and median monthly return.  The mean and median returns for the 

Fama and French (1993) are consistent however, with Faff (2001).  The average SMB 

and HML factor returns discovered by Faff (2001) were -0.3163% and 0.4620% per 

80 The ADF and KPSS test results presented in Table 7-3 for both the monthly and daily returns indicate that the 
systematic risk factors are stationary.   
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month, respectively.  The period of analysis in Faff (2001) was from January 1991 to 

April 1999.  This suggests that the negative mean returns in Table 7-3 are consistent 

with the findings in Faff (2001).  The method employed to construct the Fama and 

French (1993) SMB and HML factors according to Faff (2001), may result in an 

underrepresentation of the small firms.  As this study limits the analysis to the top 300 

firms by market capitalisation, a similar underrepresentation of the small firms may be 

impacting on the SMB factor.  Furthermore, this study includes the period of the Global 

Financial Crisis in 2008 where the Australian equity market experienced large negative 

returns.   

Having described the data that is employed in this study the next section will report the 

results of the analysis.  This analysis begins first with an analysis of whether systematic 

risk factors can explain the variation of PPP returns.   

7.5 Results 

The first analysis in this study examines whether the variation of PPP equity returns can 

be explained by generally accepted asset pricing models.  This is achieved by 

employing the Fama and French (1993) three-factor model.  The results of the Fama and 

French (1993) regressions described in Eq. (7.1) are presented in Table 7-4 for the 

value-weighted portfolio of PPPs as well as each individual PPP examined in this study.   

The regression results presented in Table 7-4 show that the market factor is statistically 

significant for the value-weighted PPP portfolio.  The intercept term (alpha) is 

statistically insignificant for the value-weighted PPP portfolio.  The insignificant 

intercept term suggests (as in Griffin (2002)) that the Fama and French (1993) three-

factor model includes all of the systematic risk factors that explain the variation of PPP 

equity returns.  However, the low r-square value suggests that the PPP portfolio exhibits 

high levels of idiosyncratic risk.   

When the individual PPP equity regressions are considered the conclusion that the 

systematic risk factors explain the variation of returns of PPPs is difficult to sustain.  

The regression coefficients for Rivercity Motorways in Table 7-4 are all statistically 

insignificant.  The lack of significant risk factors is further highlighted by the negative 

adjusted r-square value.  Furthermore, the statistically significant alpha for Hills 

Motorway implies that there are other undiscovered systematic risk factors with an 
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ability to explain returns.  In untabulated results, the Carhart (1997) four-factor model 

reports similar results.  The insignificant alphas reported and the low adjusted r-square 

values reflect high levels of idiosyncratic risk for the PPPs examined.  These individual 

regression results should be treated with caution as Black , Jensen and Scholes (1972) 

demonstrated that regressions for individual assets are econometrically inefficient.  

Instead, Black et. al., (1972) recommend that asset pricing models should be evaluated 

by employing a portfolio approach.  This is the rationale for combining the four 

individual PPP equity returns into a value-weighted PPP portfolio in Table 7-4. 

Table 7-4 Fama and French (1993) PPP regression coefficients 
This table presents the regression coefficients for the following regression 

- -  where  is the monthly return of the portfolio or 
stock of interest,  is the 90 day Bank Accepted Bill rate obtained from the Reserve Bank of Australia 
and  is the monthly return of the ASX All Ordinaries Accumulation index obtained from 
DataStream.   is the monthly Australian Fama and French (1993) size factor,  is the 
monthly Australian Fama and French (1993) book-to-market factor.  Regressions are estimated for the 
period for January 2006 to December 2010 for ConnectEast, January 1996 to May 2005 for Hills 
Motorway, August 2007 to December 2010 for Rivercity Motorways, and from April 1996 to 
December 2010 for Transurban.  The value-weighted PPP portfolio regression is for the period January 
1996 to December 2010.  *, ** and ^ denote statistical significance at the 10%, 5% and 1% levels, 
respectively. 

 
Value-

Weighted 
PPP Portfolio 

ConnectEast Hills 
Motorway 

Rivercity 
Motorways Transurban 

 
Panel A: Regression Coefficient 
Intercept 0.0067 -0.0080 0.0192 -0.0414 0.0071 
Market 0.5099 0.9686 0.2496 -0.5650 0.5337 
SMB 0.0770 0.1133 -0.0002 0.8654 -0.0602 
HML 0.1684 0.7498 -0.4657 0.0903 0.1482 
      
 
Panel B: Standard Error 
Intercept 0.0049 0.0105 0.0074 0.0367 0.0057 
Market 0.1327 0.2623 0.2256 0.8570 0.1512 
SMB 0.1895 0.4046 0.2966 1.2959 0.2163 
HML 0.1376 0.2472 0.2237 0.8045 0.1552 
      
 
Panel C: t-statistic 
Intercept 1.3548 -0.7518 2.5790^ -1.1283 1.2455 
Market 3.8416^ 3.6923^ 1.1064 -0.6593 3.5290^ 
SMB 0.4061 0.2800 -0.0008 0.6678 -0.2782 
HML 1.2234 3.0329^ -2.0815 0.1123 0.9548 
      
 
Panel D: Adjusted R2 
 0.0679 0.2799 0.0246 -0.0967 0.0552 
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The results in Table 7-4 establish that the Fama and French (1993) three-factor model 

can explain the systematic risks of PPP portfolio returns despite the presence of high 

idiosyncratic risk.  This finding is consistent with existing infrastructure research.  In a 

global infrastructure study, Rothballer and Kaserer (2012) found that infrastructure 

returns exhibit high levels of idiosyncratic risk.  This finding according to Rothballer 

and Kaserer (2012) is partly explained by construction risks, operating leverage, 

exposure to regulatory changes, and the lack of product diversification.  In an Australian 

context, research by Bird, Liem and Thorp (2012) examined the ability of the Fama and 

French (1993) asset pricing model to explain the returns of infrastructure index fund 

returns.  Over a similar time period to the analysis included in this thesis, Bird et. al., 

(2012) produce similar results with regards to the adjusted r-square values reported in 

Table 7-4.  As a result, the Fama and French (1993) three-factor model will be 

employed to estimate the idiosyncratic risk of PPP returns.  The next section will 

graphically illustrate these estimates of idiosyncratic risk for PPPs through time. 

7.5.1 Idiosyncratic risk of Australian Public Private Partnerships 

Figures 7-1 to 7-4 illustrate the idiosyncratic risk estimates of the four PPPs examined 

in this study.  The idiosyncratic risk estimates are calculated using daily time series 

employed in Eq. (7.2).  Each graph clearly differentiates the idiosyncratic risk of the 

construction and operations phases separately.  The first PPP examined is Rivercity 

Motorways. 

Figure 7-1 displays the idiosyncratic risk for Rivercity Motorways from the time fully 

paid shares first traded in August 2007 to December 2010.  On first inspection, the 

idiosyncratic risk for Rivercity Motorways during the construction period was lower 

than the operations period.  The major spikes in idiosyncratic risk during the 

construction period correspond with the collapse of Bear Stearns and Lehman Brothers 

investment banks in March and September 2008, respectively.  The collapse of these 

banks resulted in periods of significant disruption in financial markets.  Following these 

periods, the idiosyncratic risk of Rivercity Motorways decreases until October 2009.  

Once operations begin, idiosyncratic risk rises again.  In April 2010, where tolling was 

introduced, idiosyncratic risk jumps as actual traffic failed to meet projections.81  Figure 

7-1 illustrates for the first time, that the construction phase for this PPP exhibits 

81 Rivercity Motorways, (2010b) 
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relatively low idiosyncratic risk compared to the operations period.  This is in contrast 

with the findings of Sorge (2004) and Blanc-Brude and Strange (2007) where risk is 

considered highest during the construction period of a project.  The differences in 

findings can be explained by the two methodologies employed to assess the risk of 

PPPs.  Sorge (2004) and Blanc-Brude and Strange (2007) employ debt spreads to 

identify the perceived risk of a project.  Both studies find that interest rates for project 

finance loans are highest during the construction phase and decrease during the 

operations phase.  The examination of loan interest rates is, as result a point estimate.  

Loan interest rates are constant for the term of the loan.  As a result, it is difficult to 

observe the time-variation in risk of project finance and PPP investments from interest 

rates from the Sorge (2004) and Blanc-Brude and Strange (2007) studies.  In an 

alternative methodology, this Chapter empirically examines the idiosyncratic risk of the 

equity issued by PPPs in an asset pricing framework.  This approach allows the 

assessment of the time-variation of idiosyncratic risk for PPP equity returns.  Overall, it 

is argued that the empirical evidence presented in this chapter is more robust than the 

evidence provided previously.   

Figure 7-1: Rivercity Motorways Idiosyncratic Risk (Std. Dev. of Residuals) 

 

The Rivercity Motorways case study is affected by the fact that the firm entered 

voluntary administration in early 2011, and is considered a financial failure for equity 
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investors.  Whilst this fate appears typical of economic infrastructure PPPs developed in 

the early to mid-2000s, other road PPPs have been able to avoid voluntary 

administration or receivership.82  The remaining PPPs examined in this study 

concentrate on those who have survived and were listed on the Australian Securities 

Exchange for a significant period of time.  The first PPP examined that has not entered 

into voluntary administration or receivership is ConnectEast. 

Figure 7-2: ConnectEast Idiosyncratic Risk (Std. Dev. of Residuals) 

 

Figure 7-2 illustrates the idiosyncratic risk of ConnectEast from January 2006, which 

was the first full month the shares commenced trading on a fully paid basis, to 

December 2010.  Figure 7-2 shows that like Rivercity Motorways, the idiosyncratic risk 

of ConnectEast is lower during the construction phase.  Once operations began, the 

estimate of idiosyncratic risk increased as the realised traffic demand was significantly 

lower than the expected traffic demand.  This is demonstrated by the jump in 

idiosyncratic risk in July 2008 when tolling commenced.  This jump in idiosyncratic 

risk is then followed by three significant spikes.  The first of these extreme spikes in 

idiosyncratic risk occurred in November 2008 when a capital raising was announced 

and the road’s asset value was significantly written down.83  The second of these 

82 Other instances of failures of road PPPs for investors include the Lane Cove Tunnel and the Cross City Tunnel in 
Sydney, Australia. 
83 ConnectEast, (2008a) 
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extreme spikes occurred in March 2009 and was due to major price changes that 

ConnectEast were unable to explain to the ASX.84  The third and final significant jump 

in idiosyncratic risk corresponded with the announcement of a second capital raising 

and a second write-down of the road asset value in August 2009.85   

The graph of ConnectEast’s idiosyncratic risk demonstrates a similar profile to that of 

Rivercity Motorways.  During the construction phase, the idiosyncratic risk is lower in 

comparison to the operations phase.  One reason for this may be that once construction 

is completed and the operations phase commences, the true demand for the road is 

revealed.  If the realised demand is significantly lower than forecast demand (as was the 

case with both ConnectEast and Rivercity Motorways), the idiosyncratic risk increases 

at the commencement of the operations phase and remains significantly higher than the 

construction phase.   

Once investors become comfortable that the PPP will not enter bankruptcy, 

idiosyncratic risk decreases.  Whilst it is easy to explain that the cause for the spike in 

idiosyncratic risk is wholly due to the lower than expected traffic demand, there could 

be another factor influencing this analysis.  ConnectEast began tolling during the Global 

Financial Crisis where liquidity in financial markets was negatively affected.  This 

period of major financial market disruption may have exacerbated the increase in 

idiosyncratic risk.  To better understand the negative effect of the GFC, we can examine 

the remaining two PPPs which were constructed and commenced operations before 

2008.  As a result, both should provide guidance as to whether the increase in 

idiosyncratic risk during the operations phase is typical of PPPs in Australia.   

Having examined the idiosyncratic risk of two PPPs that performed poorly, this study 

now examines a PPP which did not enter receivership nor was it required to recapitalise.  

Figure 7-3 illustrates the idiosyncratic risk of the Hills Motorway from January 1996 

until it was delisted following Transurban’s takeover in March 2005.   

The idiosyncratic risk of Hills Motorway illustrated in Figure 7-3 shows that there was 

little discernible difference in idiosyncratic risk between the construction and operations 

phases.  There is a slight increase in idiosyncratic risk when operations began in May 

1997, however, this increase was not as severe as seen in both Rivercity Motorways and 

84 ConnectEast, (2009a) 
85 ConnectEast, (2009) 
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ConnectEast.  Idiosyncratic risk increased as a result of traffic forecasts not being 

realised.86  As this traffic shortfall did not impact the solvency of the firm as 

significantly as witnessed with Rivercity Motorways and ConnectEast, the increase in 

idiosyncratic risk between the construction and operations phases was not as 

pronounced.  There were only two instances of the idiosyncratic risk increasing 

significantly after traffic ‘ramp-up’ (after July 2000).  The first occurred in July 2002, 

which corresponds to a surprise decrease in the amount of traffic using the Hills 

Motorway.87  The second major spike occurred in March 2005, which corresponds with 

the takeover bid by Transurban that was ultimately successful.88   

Figure 7-3: Hills Motorway Idiosyncratic Risk (Std. Dev. of Residuals) 

 
 

The fourth and final PPP examined in this study is Transurban.  It is also the PPP with 

the longest time series.  Figure 7-4 illustrates the idiosyncratic risk of Transurban from 

April 1996 to December 2010.  There were four major spikes in idiosyncratic risk 

during the sample period.  The first spike in idiosyncratic risk occurred in January 2000.  

This rise in idiosyncratic risk in Transuban was associated with the construction 

difficulties and an overestimation of traffic demand for some parts of the toll road 

86 Hills Motorway, (1998) 
87 Hills Motorway, (2002) 
88 Transurban, (2005) 
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project. 89, 90  As the construction difficulties were overcome and traffic ‘ramped-up’, 

the idiosyncratic risk of Transurban decreased.  The next major spike occurred in April 

2005 when Transurban tabled a takeover bid for Hills Motorway.91  Following the 

successful takeover, idiosyncratic risk again decreased until the Global Financial Crisis 

emerged in 2008.  The final spike in idiosyncratic risk occurred in November 2009 

when the consortium of pension funds and investment managers bid for control of 

Transurban.92  Following the unsuccessful bid, idiosyncratic risk fell.   

Figure 7-4: Transurban Idiosyncratic Risk (Std. Dev. of Residuals) 

 

By examining the four PPPs listed on the Australian Securities Exchange, the findings 

reveal that the riskiest period for PPP equity returns occur at the end of the construction 

phase and the commencement of the operations phase.  It is during this time period that 

construction issues are discovered, in the case of Transurban, or actual demand for the 

infrastructure is less than expected, as in the case of Rivercity Motorways, ConnectEast 

and Hills Motorway.  Bain (2010) suggests that the reason for the low idiosyncratic risk 

during the construction period is that well-structured PPPs with fixed price construction 

contracts insulate the investors from material cost overruns.  The idiosyncratic risk 

89 Transurban, (2000) 
90 Myer, (2003) 
91 Transurban, (2005) 
92 Transurban, (2010b) 
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illustrated in Figures 7-1 to 7-4 supports the analysis of Bain (2010).  Once operations 

commence, the ability to protect investors is limited, and when realised traffic demand 

is significantly less than expected demand, as in the case of Rivercity Motorways, 

idiosyncratic risk increases dramatically.   

Our findings reveal that there is time-variation in the idiosyncratic risk of PPPs equity 

returns.  The next section will present a variety of hypothesis tests employed to 

determine whether there is a statistically significant difference in the idiosyncratic risk 

of PPP equity returns between the construction and operations phases.   

Where possible, the hypothesis tests will employ an equal number of observations of 

idiosyncratic risk for both the construction and operations phases.  This is completed to 

ensure that the analysis is limited to the construction and operations phases and to limit 

the contamination of other corporate activities.93   

7.5.2 Tests for a break in idiosyncratic risk 

We proceed to examine whether there are statistical differences in idiosyncratic risk 

between the construction and operations phases.  To estimate the possibility of 

statistical differences, three hypothesis tests are calculated.  The first test is a t-test 

which examines whether there is a difference in mean in the idiosyncratic risk between 

the sub-sample two periods.  The results for the t-test for a difference between two 

means is presented in Panel C of Table 7-5.  Furthermore, Panels A and B of Table 7-5 

presents the descriptive statistics for idiosyncratic risk for the four PPPs for both the 

construction and operations phases, respectively.   

The mean, median, standard deviation of idiosyncratic risk for all PPPs reported in 

Table 7-5 is lower during the construction phase in comparison to the operations phase.  

The tests for equality presented in Panel C of Table 7-5 are more revealing.  For all 

PPPs examined, the test for a difference in mean and median report a statistically 

significant difference in the mean and median idiosyncratic risk between the 

construction and operations phases.  Furthermore, for two PPPs (ConnectEast and 

Transurban) the difference in variance test identifies a statistically significant difference 

in the variance of idiosyncratic risk between the construction and operations phases. 

93 Following corporate activity, Transurban ceases to be a single PPP from October 2002 (Transurban, (2003)). 
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The findings in Table 7-5 suggest that the idiosyncratic risk is greater during the 

operations period than during the construction period for all the PPPs examined.  This 

finding appears counter-intuitive given the prior work of Sorge (2004) and Blanc-Brude 

and Strange (2007) which demonstrated that interest rates on loans during the 

construction phase are higher than during the operations phase.  However, the evidence 

presented in Table 7-5 lends support to the previous work of Bain (2010).   

 

Table 7-5 Descriptive Statistics of Idiosyncratic Risk  
This table presents the descriptive statistics for the monthly idiosyncratic risk for four 
listed Australian Public Private Partnerships (PPPs).  Idiosyncratic risk is estimated as 
the standard deviation of the residuals from a Fama and French (1993) three-factor 
model regression employing end of day closing prices from Datastream.  Panel A reports 
the descriptive statistics for every PPP during the construction phase.  Panel B reports 
the descriptive statistics for the operations phase.  Panel C reports the test statistics for a 
difference in means, median and variance in idiosyncratic volatility between the 
construction and operations phase for every PPP.  *, ** and ^ denote statistical 
significance at the 10%, 5% and 1% levels, respectively.   

 ConnectEast Hills 
Motorway 

Rivercity 
Motorways Transurban 

 
Panel A: Construction Period    
Mean 0.0520 0.0552 0.1574 0.0441 
Median 0.0460 0.0548 0.1434 0.0417 
St Dev 0.0194 0.0162 0.0914 0.0177 
Max 0.1055 0.0858 0.4361 0.0813 
Min 0.0268 0.0268 0.0334 0.0148 
Observations 29 17 32 41 
 
Panel B: Operations Period    
Mean 0.1279 0.0725 0.3246 0.0750 
Median 0.1210 0.0709 0.3236 0.0694 
St Dev 0.0734 0.0197 0.1264 0.0231 
Max 0.3499 0.1129 0.6316 0.1457 
Min 0.0448 0.0416 0.2064 0.0449 
Observations 29 17 9 41 
 
Panel C: Tests of Equality    
Difference in Mean 5.3849^ 2.8062^ 4.4498^ 6.8145^ 
Difference in Median 5.1319^ 2.3766** 3.6694^ 5.7592^ 
Difference in Variance 14.3071^ 1.4741 1.9134 1.7042* 

 

Following the tests for equality, two further tests are calculated to examine the whether 

there are differences in idiosyncratic risk between the construction and operations 

phases.  The first test employs the dummy variable regression described in Eq. (7.8). of 

this study.  The dummy variable employed in this analysis equals one during the 
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operations phase and zero otherwise.  The results of the PPP regressions described by in 

Eq. (7.8) are reported in Table 7-6.   

The regression results reported in Table 7-6 shows that the operations dummy is 

positive and statistically significant for ConnectEast, Rivercity Motorways and 

Transurban with the coefficients of 0.0199, 0.0475 and 0.0166, respectively.  This 

implies that there is a statistically significant increase in idiosyncratic risk in the 

operations phase of these three PPPs.  For Hills Motorways, the operations dummy 

remains statistically insignificant.  This suggests that this dummy regression finds no 

differences in idiosyncratic risk between the construction and operations periods for 

Hills Motorway.   

Table 7-6 Idiosyncratic Risk Difference Results 
This table presents the regression coefficients for the following regression 

- -  where is the monthly 
idiosyncratic risk estimate at time t.  is a dummy variable equalling one if the 
PPP is operational and 0 otherwise.  Regressions are estimated for the period from January 
2006 to October 2010 for ConnectEast, January 1996 to October 1998 for Hills Motorway, 
August 2007 to December 2010 for Rivercity Motorways, and from April 1996 to January 
2003 for Transurban.  *, ** and ^ denote statistical significance at the 10%, 5% and 1% 
levels, respectively. 

 ConnectEast Hills 
Motorway 

Rivercity 
Motorways Transurban 

 
Panel A: Regression Coefficient 
Intercept 0.0493 0.0349 0.1138 0.0253 

-   0.1178 0.0213 0.0416 0.3428 
-   0.0953 0.3805 0.2802 0.1092 

Operations Dummy 0.0512 0.0091 0.1142 0.0166 
     
Panel B: Standard Error 
Intercept 0.0150 0.0133 0.0367 0.0064 

-   0.1234 0.1682 0.1581 0.1175 
-   0.1242 0.1679 0.1536 0.1158 

Operations Dummy 0.0199 0.0071 0.0475 0.0061 
     
Panel C: t-statistic 
Intercept 3.2859^ 2.6207** 3.1030** 3.9403^ 

-   0.9551 0.1269 0.2630 2.9175^ 
-   0.7674 2.2668** 1.8235 0.9424 

Operations Dummy 2.5786** 1.2725 2.4036** 2.7043^ 
     
Panel D: Adjusted R2     
 0.1687 0.2196 0.3386 0.4530 
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The finding that there was no change in idiosyncratic risk for Hills Motorways is 

expected given its experience and that of the other PPPs within the sample.  

ConnectEast, Rivercity Motorways and Transurban all suffered from substantial 

differences between expected and actual traffic patronage.  In addition to the negative 

patronage shock, Transurban encountered difficulties during construction.  Conversely, 

Hills Motorways did not suffer from construction difficulties, nor was patronage 

forecast overly optimistic.  As a result, the financial viability of Hills Motorways was 

never in question.  

The third and final hypothesis test employed to estimate whether there are differences in 

idiosyncratic risk is the Chow (1960) test on the autoregressive equation described in 

Equations (7.9) and (7.10).  The Chow (1960) test is used to examine whether there is a 

difference in the idiosyncratic risk from the construction phase to the operations phase.  

The results of the Chow (1960) tests are presented in Table 7-7.   

Table 7-7 Idiosyncratic Risk Difference Results 
This table presents the F-statistics for the Chow test for structural breaks for idiosyncratic risk 
for four PPPs in Australia.  For each PPP, the regression is estimated as 

- -  where  is the monthly idiosyncratic risk 
estimate at time t.  Regressions are estimated for the period from January 2006 to October 
2010 for ConnectEast, January 1996 to October 1998 for Hills Motorway, August 2007 to 
December 2010 for Rivercity Motorways, and from April 1996 to January 2003 for 
Transurban.  The break-point is the first month after the road commences operations.  *, ** 
and ^ denote statistical significance at the 10%, 5% and 1% levels, respectively.   

ConnectEast Hills Motorway Rivercity Motorways Transurban 
3.1277** 0.5311 4.4512^ 3.0790** 

 

Table 7-7 shows that the Chow (1960) test identifies statistically significant differences 

for Rivercity Motorways, ConnectEast and Transurban.  The finding is consistent with 

the previous two tests reported earlier in this study.  The Chow (1960) test does not find 

a statistically significant difference in the idiosyncratic risk between the construction 

and operations periods for the Hills Motorway.  The result for Hills Motorways may be 

due to the difference between forecast and actual traffic projections were not that large 

and the financial viability of the PPP was never in question.   

The analysis so far suggests that the idiosyncratic risk of a PPP is greatest during the 

operations period rather than the construction period.  For all PPPs examined, the mean 

and median of idiosyncratic risk is greater during the operations phase.  The differences 

in means are statistically significant for all of the PPPs examined in this study.   
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This study then examined whether there is a difference in idiosyncratic risk between the 

construction and operations periods of the PPP.  To achieve this, this study employed 

two methods.  First, an AR(2) regression was estimated on idiosyncratic risk with a 

dummy variable for the operations period.  For ConnectEast, Rivercity Motorways and 

Transurban, this dummy variable is positive and statistically significant indicating 

idiosyncratic risk is higher in the operations phase than the construction phase.  For 

Hills Motorways, this dummy variable is insignificant.   

Finally, a Chow (1960) test was employed to determine whether there was a statistically 

significant difference in the AR(2) regression.  The Chow (1960) test found a 

statistically significant break point in idiosyncratic risk between the construction and 

operations phases in ConnectEast, Rivercity Motorways and Transurban.  For Hills 

Motorways, the Chow (1960) test revealed no statistically significant difference in 

idiosyncratic risk between the construction and operations phases.   

By identifying a difference in idiosyncratic risk, the next section examines whether the 

idiosyncratic risk estimates, consistent with Han and Lesmond (2011) and the findings 

in Chapter Six, are influenced by liquidity bias.  Specifically, this section will examine 

whether the difference in idiosyncratic risk between the construction and operations 

periods remains after correcting for liquidity biases for ConnectEast, Rivercity 

Motorways and Transurban. 

7.5.3 Liquidity-adjusted idiosyncratic risk 

Chapter Six of this thesis demonstrated that Australian idiosyncratic risk estimates can 

be biased due to liquidity factors.  As a result, corrections need to be applied when 

examining idiosyncratic risk in Australia.  In this study, a bias correction is estimated by 

orthogonalising the idiosyncratic risk estimates by contemporaneous liquidity measures.  

The general form of the regression estimated to remove the liquidity bias is described in 

Eq. (7.11).  The results of these regressions are reported in Table 7-8.   

For all PPPs examined, the regression that includes the intercept, Spread and 

%ZeroReturnDays as explanatory variables produces the highest adjusted r-square 

value, indicating the best fit for the data.  This functional form is applied in this study to 

orthogonalise the idiosyncratic risk of the PPPs to remove the liquidity bias.   
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After the idiosyncratic risk estimates are orthgonalised, the three tests for statistically 

significant difference in idiosyncratic risk are then re-estimated.  Table 7-9 presents the 

descriptive statistics as well as the tests of equality of the mean, median and variance of 

idiosyncratic risk between the construction and operations periods.   

Table 7-8 Coefficients for Liquidity-adjustment of idiosyncratic risk 
This table presents the regression coefficients for a time series regression of the idiosyncratic volatility on 
liquidity proxies.  Idiosyncratic risk is estimated from the Fama and French (1993) three-factor model.  
'Spread' is the proportional spread, calculated as the monthly average of the daily close ask price less the 
daily close bid price divided by the daily close quoted midpoint.  '% Zero Return Days' is the percentage of 
trading days within a month that experience no price movement.  Regressions are estimated for the period 
from January 2006 to December 2010 for ConnectEast, January 1996 to May 2005 for Hills Motorway, 
August 2007 to December 2010 for Rivercity Motorways, and from April 1996 to December 2010 for 
Transurban.  t-statistics are reported in brackets *, ** and ^ denote statistical significance at the 10%, 5% 
and 1% levels, respectively.   

Intercept Spread %Zero Returns Days Adjusted R2 
Panel A: ConnectEast 

-0.0240 9.9313^  0.4393 
[-1.3433] [6.7417]   

    
0.1101^  -0.1710 0.0395 
[7.2401]  [-1.7092]  

    
0.0016 9.9114^ -0.2151^ 0.5124 

[0.0833] [7.1522] [-2.9227]  
Panel B: Hills Motorway 

0.0450^ 1.4266^  0.0846 
[6.6634] [3.1882]   

    
0.0638^  -0.1286 0.0087 

[27.3045]  [-1.0376]  
    

0.0447^ 1.4672^ -0.1381 0.0881 
[6.6044] [3.2388] [-0.6473]  

Panel C: Transurban 
0.0329^ 3.0744^  0.2549 
[8.4159] [7.7150]   

    
0.0644**  -0.0833* 0.0291 
[19.5310]  [-2.2829]  

    
0.0385^ 3.0868^ -0.0861** 0.2860 
[8.8680] [7.8895] [-2.7448]  

Panel D: Rivercity Motorways 
0.0772^ 3.4114**  0.2688 
[2.2081] [3.7868]   

    
0.1624^  0.1628 0.0223 
[4.2132]  [0.9434]  

    
0.0953^ 4.2220^ -0.2356 0.3004 
[2.5550] [3.8867] [-1.3097]  
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Table 7-9 presents some revealing results.  Again, for all PPPs examined, the mean and 

median idiosyncratic risk is higher in the operations phase than in the construction 

phase.  The removal of liquidity effects does not alter the previous conclusions.  It is 

interesting to note that for ConnectEast, there is no longer a statistically significant 

difference in the mean idiosyncratic risk between the construction and operations 

periods.  However, for Hills Motorway, Rivercity Motorways and Transurban, there 

remains a statistically significant difference in the idiosyncratic risk means and medians.   

Table 7-9 Descriptive Statistics Liquidity-adjusted Idiosyncratic Risk  
This table presents the descriptive statistics for the monthly idiosyncratic volatility for 
four listed Australian Public Private Partnerships (PPP).  Idiosyncratic volatility is 
estimated as the residual from the Fama and French (1993) three-factor model regression 
employing end of day close prices from Datastream.  Panel A reports the descriptive 
statistics for each PPP during the construction phase, Panel B reports the descriptive 
statistics for the operations phase.  Panel C reports the test statistics for a difference in 
means, median and variances in idiosyncratic volatility between the construction and 
operations phases for every PPP.  *, ** and ^ denote statistical significance at the 10%, 
5% and 1% levels, respectively.   

 ConnectEast Hills 
Motorway 

Rivercity 
Motorways Transurban 

Panel A: Construction Period    
Mean -0.0063 0.0357 0.0746 0.0250 
Median -0.0057 0.0323 0.0742 0.0248 
St Dev 0.0237 0.0174 0.0765 0.0171 
Max 0.0414 0.0690 0.3752 0.0636 
Min -0.0776 0.0101 -0.0445 -0.0199 
Observations 29 17 32 41 
Panel B: Operations Period    
Mean 0.0098 0.0480 0.1687 0.0480 
Median -0.0013 0.0501 0.0999 0.0485 
St Dev 0.0602 0.0173 0.1434 0.0244 
Max 0.1939 0.0957 0.4931 0.1063 
Min -0.0881 0.0241 0.0142 -0.0284 
Observations 29 17 9 41 
Panel C: Tests of Equality    
Mean -1.3351 -2.1353** -2.6464** -5.3798^ 
Median 0.5443 1.9977** 2.1575** 4.7854^ 
Variance 6.4345^ 1.7001 3.5149* 1.7413* 

 

The tests for a difference in the liquidity-adjusted idiosyncratic risk are now re-

estimated.  The first test includes a dummy variable for the operations period, as 

described in Equation (7.8), for the liquidity-adjusted idiosyncratic risk.  These 

regression results are reported in Table 7-10. 

The results presented in Table 7-10 show that for ConnectEast, Hills Motorway and 

Rivercity Motorways, the operations dummy variable is insignificant.  However, for 

192 
 



Transurban, the operations dummy remains positive and statistically significant.  This 

finding is interesting as it implies that there has been a structural increase in 

idiosyncratic risk for the project.  This increase in risk may be the result of either the 

construction issues identified in 2001, or the lower than expected traffic demand 

resulting in investors reassessing the risk of the project.  Overall the differences in the 

dummy regression results in Table 7-10 and the earlier results in Table 7-6 suggest that 

the changes in idiosyncratic risk are the result of changes in liquidity in these PPP 

equity returns.   

Table 7-10 Liquidity-adjusted Idiosyncratic Risk Difference Results 
This table presents the regression results for the following regression 

- -  where is the monthly 
liquidity-adjusted idiosyncratic risk estimate at time t.  is a dummy variable 
equalling one when the PPP is operational and 0 otherwise.  Regressions are estimated for the 
period from January 2006 to October 2010 for ConnectEast, January 1996 to October 1998 
for Hills Motorway, August 2007 to December 2010 for Rivercity Motorways, and from April 
1996 to January 2003 for Transurban.  *, ** and ^ denote statistical significance at the 10%, 
5% and 1% levels, respectively.   

 ConnectEast Hills 
Motorway 

Rivercity 
Motorways Transurban 

 
Panel A: Regression Coefficient 
Intercept -0.0074 0.0252 0.0731 0.0174 

-   -0.1356 0.0243 -0.0474 0.2562 
-   -0.1450 0.3180 0.1309 0.0809 

Operations Dummy 0.0200 0.0067 0.0792 0.0156 
     
Panel B: Standard Error     
Intercept 0.0090 0.0097 0.0260 0.0047 

-   0.1378 0.1769 0.1710 0.1198 
-   0.1369 0.1776 0.1768 0.1217 

Operations Dummy 0.0128 0.0068 0.0464 0.0061 
     
Panel C: t-statistic     
Intercept -0.8257 2.5859* 2.8097^ 3.6738^ 

-   -0.9869 0.1374 -0.2770 2.1373* 
-   -1.0594 1.7901** 0.7404 0.6644 

Operations Dummy 1.5672 0.9904 1.7047 2.5719* 
     
Panel D: Adjusted R2     
 0.0087 0.0993 0.0866 0.3193 

 

Finally, the Chow (1960) test is employed to identify a statistically significant 

difference in the liquidity-adjusted idiosyncratic risk between the construction and 

operations phases.  The form of the regression is described in Equation (7.9) and the 

results are presented in Table 7-11.   
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The results in Table 7-11 show that for all PPPs examined, there is no statistically 

significant difference in the liquidity-adjusted idiosyncratic risk for ConnectEast, Hills 

Motorway and Rivercity Motorways.  The Chow (1960) test finds a statistically 

significant difference in the liquidity-adjusted idiosyncratic risk for Transurban which is 

consistent with the findings from the dummy variable regression.   

Table 7-11 Liquidity-adjusted Idiosyncratic Risk Difference Results 
This table presents the F-statistics for the Chow test for a difference in idiosyncratic risk for 
four PPPs in Australia.  For each PPP, the regression is estimated 

- -  where  is the monthly liquidity-adjusted 
idiosyncratic risk estimate at time t.  Regressions are estimated for the period from January 
2006 to October 2010 for ConnectEast, January 1996 to October 1998 for Hills Motorway, 
August 2007 to December 2010 for Rivercity Motorways, and from April 1996 to January 
2003 for Transurban.  The break-point is the first month after the road commences operations.  
*, ** and ^ denote statistical significance at the 10%, 5% and 1% levels, respectively.   

ConnectEast Hills Motorway Rivercity Motorways Transurban 
1.4385 0.9099 1.0480 3.2950* 

 

In summary, this section employed liquidity-adjusted idiosyncratic risk estimates to 

remove the liquidity biases observed by Han and Lesmond (2011) and in Chapter Six of 

this thesis.  The tests found no difference in liquidity-adjusted idiosyncratic risk for 

ConnectEast, Hills Motorway and Rivercity Motorways.  However, the hypothesis tests 

for Transurban identify a clear difference in idiosyncratic risk between the construction 

and operations phases.   

A summary of the findings of this study is presented in Table 7-12.  This table displays 

the results for the three tests conducted to examine the hypothesis that idiosyncratic risk 

is higher in the operations phase of a PPP than the construction phase.  Panel A reports 

the hypothesis test results for the raw idiosyncratic risk estimates whilst Panel B reports 

the results for the liquidity-adjusted idiosyncratic risk estimates.   

Panel A of Table 7-12 demonstrates that of the four PPPs examined in this study, three 

PPPs (ConnectEast, Rivercity Motorways and Transurban) all exhibit clear differences 

in the initial idiosyncratic risk estimates between the construction and operations 

phases.  When the idiosyncratic risk estimates are adjusted for liquidity biases, it was 

found that only Transurban exhibited a statistically significant difference in 

idiosyncratic risk between the construction and operations phases for all tests employed.   

The findings of this study indicate that the difference in idiosyncratic risk, for 

ConnectEast and Rivercity Motorways identified earlier in this study, is due to liquidity 
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effects instead of the risk of the project changing.  These changes in liquidity may be 

associated with an increased uncertainty regarding the returns and indeed the solvency 

of these PPPs.  According to Easley and O’Hara (2010), liquidity can decrease during 

periods of extreme uncertainty as traders are unable to rank securities to form portfolios.  

As a result, traders do not trade in the asset.  When these PPPs began operations the 

realised demand for the roads was significantly less than the forecasts suggested in the 

Initial Public Offering.  As a result, uncertainty regarding asset valuations and returns 

would have significantly increased.  This would have impacted on traders’ ability to 

determine a fair value for the assets, leading for them to withdraw from the market, 

thereby decreasing liquidity.   

In the case of Transurban, no increase in liquidity risk was observed.  This may be due 

to the error in the traffic forecasts did not threaten the solvency of the PPP.  Instead, the 

higher idiosyncratic risk identified in the operations phase may be the result of project 

risk.   

Table 7-12 Summary of Test Results 
This table presents a summary of the conclusions for the tests performed on idiosyncratic risk of the four 
PPPs (ConnectEast, Hills Motorways, Rivercity Motorways and Transurban) examined in this chapter.   
indicates that the test identified a difference in idiosyncratic risk between the construction and operations 
phases whilst – indicates that no difference was identified.  The Table Number column presents the table 
that displays the results summarised in that row.  Panel A summarises the results for the raw idiosyncratic 
risk estimates whilst Panel B presents the results for the liquidity-adjusted idiosyncratic risk.   

 ConnectEast Hills 
Motorway 

Rivercity 
Motorways Transurban Table Number 

Panel A: Raw Idiosyncratic Risk 
Difference in 
Mean      7-5 

Difference in 
Median     7-5 

Difference in 
Variance  - -  7-5 

Dummy Variable  -   7-6 
Chow  -   7-7 
Panel B: Liquidity-Adjusted Idiosyncratic Risk 
Difference in 
Mean -    7-9 

Difference in 
Median -    7-9 

Difference in 
Variance  -   7-9 

Dummy Variable - - -  7-10 
Chow - - -  7-11 
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7.6 Conclusion 

This study examined the systematic and idiosyncratic risk of four individual PPPs listed 

on the Australian Securities Exchange.  As this study examined only four individual 

PPPs, care must be taken in generalising the results.  As further PPPs are developed, it 

would be informative if this analysis was conducted again.  However, this study 

provides three original contributions to the literature.  The first original contribution 

found that the Fama and French (1993) three-factor model explained the systematic 

risks of a value-weighted portfolio of listed PPP stocks.  When the individual PPPs were 

examined this study found that the systematic risk factors in the Fama and French 

(1993) three-factor model are able to explain the systematic risks for three of the four 

individual PPPs.  Furthermore, the Fama and French (1993) three-factor model implied 

that significant idiosyncratic risk was present in the returns of all individual PPPs.   

The second original contribution of this study was the analysis of idiosyncratic risk of 

PPPs through time.  To the author’s knowledge, this is the first study that attempts to 

quantify the time-variation of PPP equity risk.  Of the four PPPs examined, it was 

possible to observe similar patterns in risk.  During the construction phase, idiosyncratic 

risk was low.  As the PPP moved from the construction phase to the operations phase, 

idiosyncratic risk increased and for three PPPs examined, idiosyncratic risk was 

significantly higher in the operations phase.   

The third and final original contribution of this PPP study was the analysis of 

idiosyncratic risk which was free of liquidity biases.  When the liquidity biases were 

removed from the estimated idiosyncratic risk, this study found that that the risk during 

the construction period was not significantly different from the operations period for 

three of the four PPPs examined.  The finding implies that the PPP with an identified 

difference in idiosyncratic risk, Transurban, experienced an increase in project specific 

risk from the construction to the operations periods.  Furthermore, this finding implies 

that the difference observed in the idiosyncratic risk of ConnectEast and Rivercity 

Motorways was driven by changes in liquidity of these stocks.   

The findings of this study provide a number of avenues for future research.  First, this 

study is confined to examining the risk of four listed PPPs within Australia.  It would be 

a worthwhile exercise to examine the risk of other publicly listed PPPs, around the 

world to examine whether these findings are consistent in other capital markets.  
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Finally, this study confirms previous literature which suggests that there is a 

relationship between idiosyncratic risk and liquidity.  Future research has the 

opportunity to examine these two variables and examine what factors are driving this 

relationship.   
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Chapter 8 Conclusion 
 

8.1 Introduction 

This thesis has examined the factors that explain the variation of Public Private 

Partnership (PPP) returns.  To accomplish this, this thesis employed a ‘general to 

specific’ methodology, identifying the systematic risk factors that explain the variation 

of Australian equity and bond returns and applying these findings to PPPs.  A graphical 

depiction of the general to specific research approach employed in this thesis is 

presented in Figure 8-1 below. 

Figure 8-1 The general to specific approach research questions 

 

The first empirical study examined the ability of systematic risk factors to explain the 

variation of Australian bond returns.  The second empirical study applied the findings of 

the first empirical study to examine the factors that could explain the variation of 

Australian PPP bond returns.  The third empirical study examined the ability of 

conditional and unconditional asset pricing models to explain the variation of Australian 

equity and infrastructure returns.  Furthermore, the third empirical chapter examined the 

ability of asset pricing models to predict one month ahead returns for Australian equity 

and infrastructure portfolios.  The fourth empirical study examined the interaction 

between liquidity and idiosyncratic risk in Australian equity returns.  The fifth and final 
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empirical study provided a specific analysis of PPPs by examining the systematic risk 

factors that explain the returns of ASX listed PPPs and their idiosyncratic risk.   

The first empirical chapter demonstrated that three systematic risk factors, term, default 

and liquidity explain the variation of bond returns in Australia.  This finding is the first 

time that this combination of systematic risk factors has been examined in the 

Australian context.  As such, this study presents a significant contribution to the 

understanding of the systematic risk factors that explain the variation of returns in one 

of the most important capital markets in Australia.   

The second empirical chapter applied the general findings from the first empirical 

chapter to examine the systematic risk factors that explain the variation of PPP bond 

returns.  This chapter documented that the term, default and liquidity systematic risk 

factors explain a significant proportion of the variation of PPP bond returns.  The 

discovery that a three-factor model can explain a significant proportion of the variation 

of PPP bond returns aids significantly in the understanding of the cost of debt of these 

projects.   

The third empirical chapter of this thesis analysed the ability of asset pricing models to 

explain and predict the variation of Australian equity returns.  This thesis compared the 

ability of conditional and unconditional versions of the CAPM and the Carhart (1997) 

four-factor model to explain the variation of Australian equity returns.  It was 

discovered that an unconditional version of the Carhart (1997) model provides the best 

explanation for the variation of Australian style index returns.  The third empirical 

chapter also considered the ability of asset pricing models to predict the variation of 

Australian equity returns.  We discovered that, dependent on the portfolios examined, a 

fixed forecast excess return was the best performing model in predicting future returns.  

This finding is important as it demonstrates that asset pricing models that provide the 

best explanation for the variation of historical returns perform poorly when employed to 

ex-ante predict future returns.   

The fourth empirical chapter considered whether the idiosyncratic risk of Australian 

equity returns possesses information content.  Of interest in this study was the influence 

of liquidity biases on the estimation of idiosyncratic risk for Australian stocks.  The 

thesis demonstrated that the observed relationship between high idiosyncratic risk 

stocks and subsequent negative returns was a result of liquidity biases.  When the biases 
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were corrected, this relationship became insignificant.  This original contribution to the 

literature demonstrates the importance of considering liquidity in asset pricing tests in 

an Australian setting.   

The fifth and final empirical chapter examined the systematic risks that explain the 

variation of returns of PPP equities and their idiosyncratic risks.  This study 

documented, for the first time, that the Fama and French (1993) three-factor model can 

explain the systematic risks in PPP stock returns in Australia.  Second, this study 

discovered that idiosyncratic risk for PPPs is lower during the construction phase which 

subsequently increases during the operations phase.  This original contribution 

empirically demonstrates for the first time, that the highest risk period for a PPP occurs 

during the operations phase.  We then examined the impact of liquidity on idiosyncratic 

risk of PPPs in Australia.  We discovered that, when liquidity is controlled for, the 

change in idiosyncratic risk between the construction and operations phases disappears 

for the majority of the PPPs examined.  This original finding illustrates the role liquidity 

plays as a transmission mechanism of idiosyncratic risk in PPP equity returns.   

8.2 Relevance 

The findings of this thesis have important implications for investors and policy makers.  

The overwhelming need for infrastructure investment in Australia, and the inability of 

governments to marshall the required investment, requires creative solutions involving 

the private sector.  The essays in this thesis provide a basis for understanding the factors 

that explain the risk and returns of PPPs, which is one form of private sector 

infrastructure investment.  More broadly the findings of this thesis can be applicable to 

many other forms of private sector infrastructure investment.   

Our results that reveal systematic risk factors explain the majority of the variation of 

equity and debt returns for PPPs, in the secondary market, is informative for two 

reasons.  First, investors are able to obtain more accurate valuations of these 

investments.  Second, for the first time, it is demonstrated that PPPs are not earning a 

return which is free of any risk.  This finding suggests that the PPP structure does allow 

for risk transfer from the public sector to the private sector.  This result provides 

comfort that governments employing PPPs to provide infrastructure can do so, safe in 
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the knowledge that there is no wealth transfer from the public to the private sector in the 

analysis of the secondary market.94   

Of particular relevance for industry practitioners, regulators and policy makers is the 

finding that a fixed excess return of 6.0% per annum provides the best forecast of 

returns for Australian infrastructure returns.  This finding implies that the expense and 

difficulty associated with identifying an equity discount rate that ensures a ‘fair’ rate of 

return for critical infrastructure can be simplified.  Furthermore, this work identifies for 

investors an expected return benchmark for infrastructure investment.  The 

identification of a benchmark rate of return for infrastructure investment can provide an 

inducement for investors to consider infrastructure in their asset allocation decision. 

Finally, the ability to quantify the risk of an infrastructure project throughout its 

lifecycle is important for both policy makers and investors.  This can guide policy 

makers to provide additional attention to the risker parts of the infrastructure life-cycle 

(identified in this thesis as the beginning of the operations phase) to ensure a successful 

project.  This may require an assessment of what infrastructure is economically 

sustainable with a comparison to what infrastructure is desirable.   

8.3 Research Contributions 

This thesis makes a number of contributions to both the asset pricing literature and the 

PPP literature.  The five significant original findings discovered in this thesis are: 

First, previous studies of Australia’s fixed income markets have focused on identifying 

the factors that explain interest rate spreads for bonds and swaps.  This thesis proposed 

that a three-factor model comprising of the systematic risk factors of term, default and 

liquidity developed from the U.S. literature could explain the variation of Australian 

bond returns.  This thesis, for the first time, developed proxies for the term and default 

risk factors in Australia.  Furthermore, this study quantified liquidity in the Australian 

bond market, and employed this proxy as a systematic liquidity factor.  It was found that 

the three systematic risk factors, term, default and liquidity explain the majority of the 

variation of Australian bond returns.  This finding informs Australian bond investors 

94 This statement cannot be verified in terms of transfers of wealth from the private to the public sector in the primary 
market as this data was unavailable.   
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and allows practical applications for the evaluation of bond manager performance, 

hedging Australian fixed interest risks and calculating the cost of debt for projects.   

Second, prior studies of project finance and PPP investments have examined the role 

that residual risk of a project plays in explaining the variation of project debt returns.  In 

this study, the ability of systematic risk factors to explain the variation of project returns 

was examined.  This study demonstrated that the systematic risk factor of term, default 

and liquidity, identified in Chapter Three of this thesis do explain the majority of PPP 

bond returns in Australia.  This original contribution provides comfort to policy makers 

that there are no abnormal profits for investors in owning PPP debt in the secondary 

market.  Furthermore, this research provides practical applications in the pricing of PPP 

debt and evaluating the performance of infrastructure debt portfolio managers.   

The previous literature examining the forecasting ability of asset pricing models in 

Australia has considered how to improve the ability of the CAPM to predict returns.  No 

study has examined whether there are other asset pricing models that possess greater 

accuracy in predicting returns.  The third major original contribution of this thesis was 

to examine the predictive ability of asset pricing models and to compare these models 

with a fixed excess return to determine which model provides the best prediction of 

Australian equity returns.  The findings revealed that the best performing asset pricing 

models for Australian style indices (portfolios formed on the basis of size and value or 

growth characteristics) were the CAPM and the Carhart (1997) models estimated with 

the intercept suppressed.  For Australian industry indices, this study discovered that a 

fixed excess return of 5.0% per annum was found to outperform all asset pricing models 

examined.  Finally, for infrastructure portfolios, a fixed excess return of 6.0% per 

annum outperformed all predictive asset pricing models.  These findings are important 

for practitioners, policy makers and investors as it has implications for discount rates, 

valuation and portfolio evaluation.   

Prior studies of idiosyncratic risk and returns in Australia have not examined its 

interrelationship with liquidity.  Furthermore, the conclusions drawn in these studies are 

conflicting.  This thesis examined the ability of liquidity biases to influence 

idiosyncratic risk estimates in Australia and the effect this bias exhibits on the pricing 

ability of idiosyncratic risk.  This study discovered that, in Australia, liquidity biases are 

present in the measurement of idiosyncratic risk.  This finding is significant as it 
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demonstrates that realised idiosyncratic risk exhibits no information ability for 

Australian equity returns.   

The final contribution of this study was to examine the time-varying risk of a PPP.  This 

is the first study to quantify the changing nature of risk in PPP equity returns.  This 

study identified similar patterns in idiosyncratic risk for the PPPs examined.  During the 

construction phase, idiosyncratic risk was found to be low.  As the PPP progressed from 

the construction phase to the operations phase, idiosyncratic risk increases.  This study 

provides evidence that the riskiest time period of a PPP is when operations commence, 

not during the construction phase as previously suspected.   

8.4 Avenues for Future Research 

This study identifies seven issues that deserve further research.  First, the findings in 

this thesis are Australia centric.  However, the infrastructure funding challenges 

identified in Australia are not unique.  PPPs have been employed to varying degrees of 

success around the world.  A similar analysis examining the systematic risk factors that 

explain the variation of returns for both PPP equity and bonds for PPPs around the 

world is warranted.  This will determine whether the factors found to explain Australian 

PPP returns are unique to an Australian setting.   

Second, the study of systematic risk factors in the bond market focused on nominal 

bond issues.  This study ignored the floating rate bonds or CPI linked bonds issued by 

PPPs.  In order to completely understand the factors that explain debt market returns, 

these two types of interest rate securities need to be examined.  As a result, future 

research needs to consider whether systematic risk factors can explain the variation of 

returns on these types of bond issues. 

Third, the research of Australian PPP bonds found that for economic PPPs (where a user 

charge is the revenue source), the ability of the three-factor bond pricing model to 

explain the variation of returns is reduced.  Even with its poor performance the three-

factor model is still capable of explaining at a minimum 37% of the variation of returns.  

This study was only able to obtain data for only one economic PPP with two bonds.  As 

a result, further research is required to determine whether the relatively poor 

performance of the economic PPP in this study is common for all economic PPPs.   
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Fourth, future research should consider the ability of economic and financial variables 

to predict asset returns in Australia.  This thesis examined several variables which found 

to possess predictive ability in U.S. equity returns.  Of all the variables examined, only 

two were found to possess a weak predictive ability for Australian equity returns.  A 

further examination of the predictive ability of economic and financial variables is 

warranted given the poor performance of these factors in asset pricing models in 

Australia.   

Fifth, this thesis employed a relatively short period of time to evaluate the asset pricing 

models with the best predictive performance in Australia.  Where possible, the analysis 

can be extended to include a significant time series of Australian equity returns to 

identify the best alternatives for forecasting equity returns over many decades.  

Furthermore, additional analysis is required to determine whether there are better 

performing asset pricing models over a longer time horizon rather than one month ahead 

which was the forecasting horizon in this thesis.   

Six, this thesis has confirmed that there is a relationship between idiosyncratic risk and 

liquidity.  However, the nature of this relationship and the underlying causes of it 

remains unresolved.  This area is ripe for further research as there are opportunities to 

examine a stock’s liquidity and its interactions with idiosyncratic risk and the liquidity 

systematic risk factor. 

Seventh and finally, the idiosyncratic risk of four ASX listed PPPs was examined in this 

thesis.  This limited sample is due to the dearth of listed PPPs in Australia.  This small 

sample allows us to conclude that the highest risk of a PPP occurs at the commencement 

of the operations phase.  Future research on the idiosyncratic risk characteristics of 

PPPs  outside of Australia would assist in verifying these findings.   

8.5 Conclusion 

The findings of this thesis contribute to the established knowledge of infrastructure 

returns and asset pricing in Australia.  As such, the original contributions of this thesis 

are important to the asset pricing and PPP literature.  This thesis presented evidence, for 

the first time, that the variation of Australian bond returns can be explained by three 

factors term, default and liquidity.  Furthermore, this thesis discovered that these three 

factors explain a significant proportion of the variation of Australian PPP bond returns.   
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This thesis then compared the ability of conditional and unconditional asset pricing 

models to explain and predict Australian equity returns.  This thesis found that despite 

incorporating variables that exhibit weak predictive ability of equity returns the 

improvement of conditional asset pricing models to explain the variation of returns is 

marginal at best.  Instead, this thesis identified that unconditional models or a simple 

fixed return model predicts future returns more accurately than conditional asset pricing 

models.   

The final equity study considered idiosyncratic risk and returns in Australia.  This thesis 

demonstrated that when liquidity biases are controlled for, idiosyncratic risk possesses 

no pricing ability in Australian equity returns.  Furthermore, this thesis documented, for 

the first time, the time-variation of idiosyncratic risk in PPPs in Australia.  This 

demonstrated that the period of highest risk for a PPP is at the commencement of the 

operations phase, not during the construction phase as previously hypothesised in the 

PPP literature.   

Finally, to summarise, this thesis has presented a number of new findings relevant for 

both Australian asset pricing literature and infrastructure investments.  This research 

provides investors and policymakers with an increased understanding of the risks and 

returns of PPPs.  This may go some way in discovering arrangements that will 

encourage the private sector to partner with the public sector to provide the 

infrastructure needs of Australia in the future.   
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Appendix A 
A.1 Introduction 

This Appendix to Chapter Five presents the regression results for the MSCI style, 

infrastructure and Datastream industry regressions for the conditional asset pricing 

models where the information variable is in levels.  The results of this analysis are 

presented in Section A.2.  Furthermore, this appendix presents RMSFE and the 

Giacomini and White (2006) Conditional Predictive Ability test results for the 

predictive performance tests for the Datastream industry portfolios.  The results of this 

analysis are presented in Section A.3 of this Appendix. 

A.2 Conditional Asset Pricing Tests 

The section presents the results of the regressions for the conditional asset pricing 

models where the information variable is in levels.  The regression results for the 

Conditional CAPM, described in Chapter Five where the information variable is in 

levels are presented in Table A-1.  The regression results for the monthly MSCI style 

and infrastructure indices are presented in Panel A of Table A-1 whilst Panel B presents 

the quarterly regression results.  In Panel A, the information variable is statistically 

significant for three of the ten portfolios examined.  Furthermore, the adjusted r-square 

value only marginally improves over the unconditional version of the CAPM.  In Panel 

B, no information variable is statistically significant.  As a result, Table A-1 indicates 

that the conditional CAPM with the information variable in levels underperforms the 

unconditional Carhart (1997) four-factor model in explaining the variation of returns.   

Table A-2 presents the Datastream industry indices Conditional CAPM regression 

results where the information variable is in levels.  The monthly Datastream industry 

portfolios regression results are presented in panel A of Table A-2 whilst panel B 

presents the quarterly regression results.  The results presented in Table A-2 indicate 

that the conditional CAPM with the information variable in levels underperforms the 

unconditional Carhart (1997) four-factor model in explaining the variation of returns.   
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Table A-1 MSCI Monthly Conditional CAPM Regression- (Levels) 

This table presents the regression coefficients for the following regression 
 where  is the excess return on the portfolio of interest,  is the 90 day Bank Accepted Bill rate obtained 

from the Reserve Bank of Australia and  is the monthly return of the ASX All Ordinaries Accumulation index obtained 
from DataStream.  In Panel A is the lagged 90 day Bank Accepted Bill rate obtained from the Reserve Bank of Australia.  
In Panel B  is the lagged Consumer Price Index obtained from the Australian Bureau of Statistics.  LCG is the MSCI Large 
Cap Growth portfolio, LCV is the MSCI Large Cap Value portfolio, MCG is the MSCI Mid Cap Growth portfolio, MCV is the 
MSCI Mid Cap Value portfolio, SCG is the MSCI Small Cap Growth portfolio, SCV is the MSCI Small Cap Value portfolio, 
MI is the MSCI Infrastructure Portfolio, ASXUT is the ASX Utilities portfolio, ASXTra is the ASX Transport portfolio and PPP 
refers to the PPP portfolio.  All regressions are conducted for the period 30 May 1994 to 31 December 2010 for the Large 
Growth, Large Value, Mid Growth and Mid Value portfolios.  For the Small Growth and Small Value portfolios the sample 
period is 30 May 1997 to 31 December 2010.  The MSCI Infrastructure regression is conducted for the period January 1999 to 
December 2010.  The S&P/ASX 200 Utilities and S&P/ASX 200 Transport regressions are conducted for the period March 
2000 to December 2010 and the PPP portfolio regression is conducted for the period January 1995 to December 2010.  Panel A 
presents the results for monthly returns whilst Panel B presents the results for quarterly returns. *, ** and ^ denote statistical 
significance at the 10%, 5% and 1% levels, respectively. 
  LCG LCV MCG MCV SCG SCV MI ASXUT ASXTr

 
PPP 

 
Panel A: Monthly Conditional CAPM Regressions 
Coefficient 

  0.00 0.00 0.00 0.00 0.00 0.00 -0.01 0.00 0.00 0.01 
  0.79 1.60 1.01 0.72 0.67 0.91 0.5 0.16 1.64 0.76 
  50.77 -141.69 24.11 36.50 112.82 31.19 -5.01 83.05 -148.7 -52.29 

           
Standard Error 

  0.00 0.00 0.00 0.00 0.00 0.00 0.00^ 0.00 0.0 0.01 
  0.20^ 0.19^ 0.23^ 0.19^ 0.24^ 0.24^ 0.39 0.35 0.46^ 0.55 
  40.35 38.66^ 46.14 38.40 50.73^ 50.71 79.13 69.94 92.37 111.77 

           
Adjusted R2           
 0.72 0.70 0.70 0.68 0.75 0.69 0.15 0.26 0.36 0.07 

 
Panel B: Quarterly Conditional CAPM Regressions 

Coefficient 
  0.00 0.00 -0.01 0.00 0.01 -0.01 -0.03 0.01 0.00 0.01 
  1.25 0.80 1.13 0.81 1.33 0.95 0.95 0.91 1.57 0.74 
  -0.09 0.06 0.00 0.01 -0.04 0.05 -18.1 -14.2 -20.54 -11.02 

           
Standard Error 

  0.01 0.01 0.01 0.01 0.01 0.01 0.01^ 0.01 0.01 0.02 
  0.18^ 0.19^ 0.19^ 0.18^ 0.21^ 0.25^ 0.31^ 0.35^ 0.51^ 0.53 
  0.05 0.05 0.05 0.05 0.06 0.07 8.05^ 9.06 13.03 14.4 

           
Adjusted R2           

 0.71 0.70 0.74 0.65 0.77 0.68 0.19 0.21 0.35 0.02 
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Table A-2 Monthly Datastream Industry Conditional CAPM Regressions – (Levels) 

This table displays the regression coefficients for the following regression  where  is the monthly excess return on the portfolio of interest,  is the 90 day Bank Accepted Bill rate 
obtained from the Reserve Bank of Australia and  is the monthly excess return of the ASX All Ordinaries Accumulation index obtained from DataStream.  In Panel A  is the lagged 90 day Bank Accepted Bill rate obtained from the 
Reserve Bank of Australia.  In Panel B,  is the lagged Consumer Price Index obtained from the Australian Bureau of Statistics. Panel A presents the results for monthly returns whilst Panel B presents the results for quarterly returns.  *, ** and ^ 
denote statistical significance at the 10%, 5% and 1% levels, respectively. 
 BM CD CS CM DI FB Fin GI GR HC I Ins Med GM Min R RE Ret Sup TL UTL 
 
Panel A: Monthly Conditional CAPM Regression 
Coefficient 

  0.00 0.00 0.00 0.00 0.00 0.00 0.00 -0.00 0.00 0.00 -0.00 0.00 0.00 0.01 0.01 0.00 0.00 0.00 0.00 0.00 0.01 
  2.03 1.32 0.53 1.17 1.18 0.78 1.51 1.96 0.95 0.56 1.27 1.62 1.75 0.89 0.85 0.43 0.49 0.85 0.60 1.03 0.35 
  -213.36 -45.57 9.99 -6.81 -45.39 -40.71 -125.00 -238.62 -23.19 29.62 -39.76 -143.76 -106.75 72.42 76.09 58.55 61.68 -33.96 77.17 -11.97 32.20 

                      
Standard Error 

  0.00 0.00 0.00 0.00 0.00 0.00 0.00^ 0.00 0.00 0.00 0.00 0.00 0.00 0.00^ 0.00^ 0.00 0.00 0.00 0.00 0.00 0.00^ 
  0.34^ 0.33^ 0.26^ 0.30^ 0.34^ 0.29^ 0.19^ 0.28^ 0.35^ 0.26^ 0.27^ 0.34^ 0.33^ 0.26^ 0.30^ 0.34 0.29 0.19 0.28 0.35^ 0.26 
  69.29 66.50 53.08 61.88 69.90 58.36 39.81^ 56.91^ 71.63 52.26 54.72 69.29 66.50 53.08 61.88 69.89 58.36 39.81 56.91 71.63 52.26 

 
Adj-R2 
 0.46 0.51 0.31 0.56 0.42 0.28 0.67 0.46 0.34 0.40 0.60 0.38 0.41 0.52 0.54 0.38 0.46 0.30 0.33 0.50 0.15 
 
Panel B: Quarterly Conditional CAPM Regression 
Coefficient 

  0.01 0.01 0.01 0.01 0.00 0.00 0.01 0.00 0.01 0.01 0.00 0.01 0.01 0.02 0.02 0.01 0.00 0.01 0.00 0.01 0.02 
  1.03 0.73 1.20 1.43 1.11 1.35 1.13 0.94 0.61 1.23 1.30 1.30 0.95 0.98 0.90 0.87 1.00 0.69 1.04 1.23 1.00 
  -0.01 0.13 -0.23 -0.07 -0.09 -0.27 -0.04 -0.07 0.12 -0.19 -0.07 -0.12 0.12 0.06 0.06 -0.03 -0.04 0.02 0.01 -0.10 -0.21 

                      
Standard Error 

  0.01 0.01 0.01 0.01 0.01 0.01 0.01^ 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 0.01 
  0.30^ 0.30^ 0.20^ 0.23^ 0.26^ 0.22^ 0.17^ 0.24^ 0.25^ 0.18^ 0.20^ 0.32^ 0.43^ 0.31^ 0.29^ 0.24^ 0.23^ 0.24^ 0.32^ 0.27^ 0.30^ 
  0.09 0.09 0.06^ 0.07 0.08 0.06^ 0.05 0.07 0.07 0.05^ 0.06 0.09 0.12 0.09 0.08 0.07 0.07 0.07 0.09 0.08 0.09^ 

 
Adj-R2 
 0.42 0.49 0.37 0.65 0.40 0.36 0.70 0.37 0.52 0.49 0.65 0.36 0.39 0.48 0.47 0.40 0.49 0.38 0.42 0.43 0.13 
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Table A-3 MSCI Conditional Carhart – (Levels) 

This table presents the regression coefficients for the following regression 
 Panel A displays the results of the 

monthly returns regression whilst Panel B displays the regression results of the Quarterly returns.   is the excess return on the portfolio of 
interest, is the 90 day Bank Accepted Bill rate obtained from the Reserve Bank of Australia and  is the excess return of the ASX All 
Ordinaries Accumulation index obtained from DataStream.   is the Australian Fama and French (1993) size factor,  is the 
Australian Fama and French (1993) book-to-market factor.   is the Australian momentum factor.    in Panel A is the lagged 90 day 
Bank Accepted Bill rate obtained from the Reserve Bank of Australia.   in Panel B is the lagged Consumer Price Index obtained from the 
Australian Bureau of Statistics.  LCG is the MSCI Large Cap Growth portfolio, LCV is the MSCI Large Cap Value portfolio, MCG is the 
MSCI Mid Cap Growth portfolio, MCV is the MSCI Mid Cap Value portfolio, SCG is the MSCI Small Cap Growth portfolio, SCV is the 
MSCI Small Cap Value portfolio, MI is the MSCI Infrastructure Portfolio, ASXUT is the ASX Utilities portfolio, ASXTra is the ASX 
Transport portfolio and PPP refers to the PPP portfolio.  All regressions are conducted for the period 30 May 1994 to 31 December 2010 for the 
Large Growth, Large Value, Mid Growth and Mid Value portfolios.  For the Small Growth and Small Value portfolios the sample period is 30 
May 1997 to 31 December 2010.  The MSCI Infrastructure regression is conducted for the period January 1999 to December 2010.  The 
S&P/ASX 200 Utilities and S&P/ASX 200 Transport regressions are conducted for the period March 2000 to December 2010 and the PPP 
portfolio regression is conducted for the period January 1995 to December 2010.  *, ** and ^ denote statistical significance at the 10%, 5% and 
1% levels, respectively.  
 LCG LCV MCG MCV SCG SCV MI ASXUT ASXTra PPP 
Panel A: Monthly Conditional Carhart Regression  
Coefficient           

  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.01 
  0.76 1.48 1.08 0.78 1.32 1.20 0.85 -0.16 1.79 1.48 
  -0.21 -0.38 0.76 -0.19 1.03 0.00 -0.25 0.47 -0.03 -0.21 
  0.15 0.24 0.19 -1.17 0.59 -0.80 0.42 0.42 1.89 -1.00 
  -0.31 0.23 -0.22 0.63 -0.05 0.54 0.88 0.18 2.00 1.54 
  63.95 -106.23 5.53 8.79 -47.84 -65.39 -82.93 150.22 -212.72 -188.13 
  -37.02 52.34 -110.50 76.75 -64.65 135.01 -8.68 -96.64 59.70 93.06 
  14.77 -82.21 -19.34 208.04 -87.94 123.09 -168.85 -62.17 -346.86 226.16 
  76.27 -72.88 62.83 -144.82 31.90 -145.04 -257.75 -48.78 -491.57 -354.68 

Standard Error          
  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00* 0.01 
  0.20^ 0.20^ 0.25^ 0.19^ 0.20^ 0.21^ 0.45 0.43 0.47^ 0.61^ 
  0.31 0.30 0.38^ 0.29 0.33^ 0.35 0.75 0.73 0.79 0.92 
  0.23 0.22 0.28 0.22^ 0.23^ 0.25^ 0.52 0.49 0.54^ 0.67 
  0.20 0.19 0.25 0.19 0.21 0.22^ 0.46 0.43 0.47^ 0.59^ 
  41.88 41.22^ 52.45 40.12 42.58 45.11 95.60 90.21 98.55^ 125.89 
  62.41 61.42 78.15 59.79 73.22 77.58 162.60 155.10 169.43 187.43 
  48.67 47.90 60.94 46.63^ 52.91 56.05^ 117.20 109.97 120.13^ 145.64 
  43.15 42.46 54.03 41.34^ 46.30 49.05^ 102.23^ 96.04 104.92^ 129.07^ 

Adjusted R2 0.79 0.75 0.73 0.75 0.89 0.85 0.24 0.25 0.56 0.15 
 
Panel B: Quarterly Conditional Carhart Regression 

 

Coefficient           
  0.00 0.00 0.00 0.00 0.02 -0.01 -0.03 0.00 -0.01 0.00 
  1.20 0.85 1.10 0.92 1.21 1.05 1.16 1.01 2.06 1.06 
  -0.11 -0.54 0.86 0.31 0.81 0.50 0.07 0.16 -0.65 -0.02 
  0.04 0.04 0.21 -0.09 0.28 -0.28 -0.39 1.08 -0.96 -1.48 
  0.35 -0.28 -0.06 -0.09 -0.08 -0.04 0.45 0.67 0.82 0.58 
  -0.05 0.05 -0.01 -0.03 -0.07 -0.07 -25.35 -20.19 -33.89 -21.80 
  -0.05 0.10 -0.21 -0.04 -0.07 0.13 0.35 -0.04 27.99 17.02 
  0.08 -0.09 -0.02 -0.09 -0.02 -0.07 7.69 -28.26 50.92 65.71 
  -0.08 0.04 0.00 0.03 0.01 0.00 -15.09 -16.91 -22.35 -19.43 

Standard Error          
  0.01 0.01 0.01 0.01 0.01^ 0.01 0.01^ 0.01 0.01 0.02 
  0.16^ 0.17^ 0.19^ 0.17^ 0.15^ 0.18^ 0.33^ 0.38^ 0.47^ 0.53^ 
  0.22 0.24^ 0.26^ 0.24 0.22^ 0.26 0.57 0.61 0.76 0.70 
  0.14 0.15 0.16 0.15 0.13^ 0.15 0.41 0.55* 0.68 0.56^ 
  0.11^ 0.12^ 0.13 0.12 0.10 0.12 0.29 0.33^ 0.40 0.39 
  0.05 0.05 0.06 0.05 0.04 0.05 9.03^ 9.97^ 12.31^ 15.01 
  0.06 0.07 0.08^ 0.07 0.06 0.08 15.16 16.10 19.88 20.30 
  0.05 0.05 0.06^ 0.05 0.05 0.06 11.86 14.87 18.36^ 17.43^ 
  0.03^ 0.03 0.04 0.03 0.03 0.03 7.56* 8.52* 10.51^ 10.16 

Adjusted R2 0.81 0.79 0.79 0.72 0.9 0.85 0.19 0.33 0.60 0.22 
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The conditional Carhart (1997) four-factor model regression results for the monthly and 

quarterly returns are presented in Table A-3.  Panel A of Table A-3 presents the 

monthly regression results and Panel B of Table A-3 presents the quarterly regression 

results.  For the MSCI style indices, the regression results in Table A-3 demonstrate that 

the conditional models fail to improve on unconditional models in explaining the 

variation of returns.  Only five of the possible forty information variables are 

statistically significant for the monthly returns whilst six information variables of the 40 

are statistically significant for the quarterly returns.  Furthermore, this is a negligible 

improvement in the goodness of fit for the regression results.  The conditional Carhart 

(1997) four-factor model, presented in Table A-3 demonstrates no consistent 

improvement in performance over the unconditional model for the MSCI style 

infrastructure portfolios.   

For the infrastructure indices the results in Table A-3 present an interesting finding.  For 

all portfolios the monthly conditional Carhart (1997) four-factor model does not 

improve upon the unconditional model in explaining the variation of returns.  When the 

quarterly returns are examined however, the finding is reversed.  For all infrastructure 

indices examined, the adjusted r-square values increases.  Furthermore, eight of the 

possible 16 information variables are statistically significant at the five percent 

significance level.  However, as previously demonstrated in this study the quarterly 

information variable is not stationary in levels.  Therefore, the results using the 

information variables in levels should be treated with caution.   

When the conditional Carhart (1997) model, is tested on the Datastream industry 

indices, the conclusions drawn are consistent with the results in Chapter Five.  The 

ability of the conditional Carhart (1997) model to explain the variation of returns for the 

Datastream industry indices is not significantly improved.  The results presented in 

Tables A-4 and A-5 reveal that in most cases, the information variable is statistically 

insignificant.  On the occasions where the information variables are statistically 

significant, only very small increases in adjusted r-square values are observed.  This 

indicates that the increased number of regression coefficients does not improve the 

ability of the models to explain asset returns.   
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Table A-4  Monthly Datastream Industry Conditional Carhart Regression – (Levels) 

This table displays the presents coefficients for the following regression  where 
 is the monthly excess return on the portfolio of interest,  is the 90 day Bank Accepted Bill rate obtained from the Reserve Bank of Australia and  is the monthly excess return of the ASX All Ordinaries Accumulation index obtained from 

DataStream.   is the monthly Australian Fama and French (1993) size factor,  is the monthly Australian Fama and French (1993) book-to-market factor.   is the monthly Australian momentum factor.   is the lagged 90 day Bank 
Accepted Bill rate obtained from the Reserve Bank of Australia.  All regressions are estimated for the period January 1991 to December 2010.  *, ** and ^ denote statistical significance at the 10%, 5% and 1% levels, respectively. 
 BM CD CS CM DI FB Fin GI GR HC I Ins Med GM Min R RE Ret Sup TL UTL 
Coefficient 

  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.01 0.00 0.00 0.00 0.01 0.01 0.01 
  1.75 1.17 0.33 1.12 1.21 0.44 1.19 1.52 1.09 0.39 1.27 1.25 1.50 0.79 0.91 0.51 0.52 0.87 0.72 1.38 0.05 
  0.62 -1.32 0.13 0.32 0.49 0.38 0.14 1.51 -0.51 0.03 1.16 0.51 -1.54 -0.19 -0.05 -0.18 0.03 0.14 -0.38 -0.15 0.06 
  -1.40 0.26 0.45 -1.16 -0.69 0.60 0.34 -0.93 0.30 1.27 -0.54 0.03 -0.14 -0.33 -0.34 -0.30 -0.36 0.42 0.57 0.12 0.04 
  0.69 -0.35 -0.14 0.21 0.04 -0.41 0.25 0.42 -0.13 -0.25 0.38 -0.05 -0.01 -0.61 -0.41 0.43 0.52 0.08 -0.88 0.22 -0.59 
  -151.50 -12.97 64.18 -1.99 -61.10 43.89 -44.15 -140.94 -60.49 81.56 -41.49 -48.93 -46.38 88.04 56.29 38.93 52.72 -33.60 33.51 -93.92 97.60 
  -110.81 267.11 -66.62 -40.15 -88.60 -115.75 -32.60 -335.11 152.78 -46.21 -189.94 -113.92 306.54 -8.21 -18.31 77.27 16.65 -11.20 153.67 108.94 -18.75 
  222.72 -106.95 -105.36 208.39 158.19 -134.57 -115.33 174.36 -51.61 -261.51 100.61 -80.04 -73.90 87.55 97.65 25.72 46.99 -88.53 -83.94 -27.23 -24.51 
  -145.48 76.57 26.92 -39.03 -16.12 73.00 -64.16 -123.91 10.67 53.26 -95.35 1.32 12.13 146.37 102.99 -107.94 -128.65 -22.82 139.50 -68.29 121.72 

                      
Standard Error 

  0.00 0.00 0.00 0.00 0.00 0.00 0.00^ 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00* 0.00 0.00 0.00 0.00* 0.00* 
  0.36^ 0.35^ 0.28 0.33^ 0.38^ 0.31 0.20^ 0.29^ 0.39^ 0.27 0.29^ 0.39^ 0.48^ 0.39** 0.37** 0.29* 0.28* 0.35** 0.44 0.32^ 0.40 
  0.54 0.53** 0.42 0.49 0.57 0.46 0.30 0.43^ 0.58 0.41 0.43^ 0.59 0.71** 0.58 0.55 0.43 0.41 0.52 0.66 0.47 0.60 
  0.45^ 0.44 0.36 0.41^ 0.48 0.39 0.26 0.37** 0.49 0.34^ 0.36 0.49 0.60 0.49 0.47 0.37 0.35 0.44 0.55 0.40 0.51 
  0.36* 0.35 0.28 0.33 0.38 0.31 0.20 0.29 0.38 0.27 0.29 0.39 0.47 0.39 0.37 0.29 0.28* 0.35 0.44** 0.31 0.40 
  75.84** 74.06 59.49 68.93 79.44 65.09 42.60 61.09** 80.87 56.92 60.37 82.26 99.75 81.98 77.57 60.93 58.11 73.28 92.34 66.38 84.27 

  107.92 105.38*
* 84.66 98.09 113.05 92.62 60.62 86.93^ 115.08 80.99 85.90** 117.05 141.94*

* 116.66 110.39 86.70 82.69 104.28 131.41 94.45 119.91 

  97.00** 94.71 76.09 88.16** 101.60 83.24 54.49** 78.13** 103.43 72.79^ 77.21 105.20 127.57 104.85 99.21 77.92 74.32 93.72 118.10 84.89 107.77 
  78.45* 76.61 61.54 71.31 82.18 67.33 44.07 63.19* 83.66 58.88 62.45 85.09 103.18 84.81* 80.24 63.03* 60.11** 75.80 95.52 68.66 87.17 

                      
Adj-
R2 0.50 0.53 0.32 0.58 0.42 0.30 0.71 0.52 0.35 0.45 0.62 0.42 0.45 0.53 0.55 0.42 0.48 0.29 0.38 0.53 0.14 
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Table A-5  Quarterly Datastream Industry Conditional Carhart Regression – (Levels) 

This table presents the regression coefficients for the following regression  where 
 is the quarterly excess return on the portfolio of interest,  is the 90 day Bank Accepted Bill rate obtained from the Reserve Bank of Australia and  is the quarterly excess return of the ASX All Ordinaries Accumulation index obtained from 

DataStream.   is the quarterly Australian Fama and French (1993) size factor,  is the quarterly Australian Fama and French (1993) book-to-market factor.   is the quarterly Australian momentum factor.   is the lagged Consumer 
Price Index obtained from the Australian Bureau of Statistics.  All regressions are estimated for the period January 1991 to December 2010.  *, ** and ^ denote statistical significance at the 10%, 5% and 1% levels, respectively. 
 BM CD CS CM DI FB Fin GI GR HC I Ins Med GM Min R RE Ret Sup TL UTL 
Coefficient 

  0.01 0.03 0 0.01 0.01 0.01 0.01 0.01 0 0.01 0.01 0 0.01 -0.01 0.03 0.03 0.01 0 0.01 0.01 0.02 
  0.8 0.65 0.92 1.06 1.25 0.98 1.21 1.16 0.89 0.79 1.06 1.32 1.31 1.23 0.77 0.71 1.04 1.17 0.81 1.08 1.34 
  -0.44 -0.3 -0.39 -0.6 -0.32 0.47 -0.66 -0.12 0.04 0.08 -0.62 0.62 0.59 -0.59 0.26 0.33 -0.31 -0.52 0.14 0.05 0.69 
  0.35 0.26 0.12 -0.35 0.44 -0.34 -0.62 0.2 -0.53 0.02 -0.47 -0.3 0.32 0.07 0.36 0.25 -0.15 -0.23 -0.1 -0.19 -0.14 
  -0.58 -0.42 0.4 -0.3 -0.49 -0.45 -0.35 0.01 -0.27 0.08 -0.35 -0.34 0.04 0.75 -0.33 -0.34 -0.11 0 0.1 -0.36 -0.34 
  0.09 0.1 0.05 -0.19 0.01 -0.04 -0.25 -0.05 -0.03 0.01 -0.14 -0.08 -0.06 0.03 0.15 0.15 -0.13 -0.14 -0.05 -0.06 -0.15 
  0.08 0.26 0.14 0.17 0.08 -0.12 0.21 0.02 -0.03 0.13 0.14 -0.09 -0.27 0.17 -0.19 -0.19 0.27 0.31 0.04 0.13 -0.08 
  0.05 -0.21 0.08 0.2 -0.04 0.11 0.26 0.06 0.3 0.05 0.17 0.17 0.02 0.2 -0.3 -0.24 0.22 0.25 0.13 0.02 0.14 
  0.2 0.15 -0.16 0.07 0.2 0.14 0.06 -0.03 0.05 -0.07 0.08 0.09 -0.03 -0.24 0.12 0.12 0.02 -0.02 -0.07 0.05 0.04 

                      
Standard Error 

  0.01 0.01** 0.01 0.01 0.01 0.01 0.01 0.01** 0.01 0.01 0.01* 0.01 0.01 0.02 0.01** 0.01** 0.01 0.01 0.01 0.01 0.01* 
  0.26^ 0.33* 0.3^ 0.2^ 0.2^ 0.26^ 0.22^ 0.16^ 0.22^ 0.25^ 0.18^ 0.18^ 0.32^ 0.43^ 0.31** 0.29** 0.22^ 0.21^ 0.24^ 0.33^ 0.26^ 
  0.35 0.45 0.41 0.26** 0.27 0.35 0.29** 0.21 0.29 0.33 0.24** 0.25** 0.43 0.57 0.41 0.39 0.3 0.28* 0.33 0.44 0.35* 
  0.29 0.36 0.33 0.21 0.22** 0.29 0.24** 0.17 0.24** 0.27 0.2** 0.2 0.35 0.46 0.33 0.32 0.24 0.23 0.27 0.36 0.28 
  0.2^ 0.25 0.23* 0.15** 0.15^ 0.2** 0.17** 0.12 0.17 0.19 0.14** 0.14** 0.24 0.32** 0.23 0.22 0.17 0.16 0.19 0.25 0.2* 
  0.08 0.1 0.09 0.06^ 0.06 0.08 0.07^ 0.05 0.07 0.08 0.06** 0.06 0.1 0.13 0.09 0.09 0.07* 0.06** 0.08 0.1 0.08* 
  0.11 0.14* 0.13 0.08** 0.09 0.11 0.09** 0.07 0.09 0.11 0.08* 0.08 0.14* 0.18 0.13 0.13 0.1^ 0.09^ 0.11 0.14 0.11 
  0.1 0.12* 0.11 0.07^ 0.07 0.1 0.08^ 0.06 0.08^ 0.09 0.07** 0.07** 0.12 0.16 0.11** 0.11** 0.08^ 0.08^ 0.09 0.12 0.1 
  0.06^ 0.07** 0.06** 0.04* 0.04^ 0.06** 0.05 0.03 0.05 0.05 0.04** 0.04** 0.07 0.09** 0.07* 0.06* 0.05 0.04 0.05 0.07 0.06 

                      
Adj- 
R2 0.58 0.54 0.53 0.45 0.76 0.45 0.44 0.76 0.54 0.56 0.56 0.74 0.42 0.45 0.53 0.52 0.54 0.62 0.4 0.45 0.53 
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A.2 Datastream Portfolios Predictive Return Tests 

As a final examination of the predictive performance of the asset pricing models, the 

Datastream industry indices are examined.  The results in Table A-6 demonstrate that of 

all the fixed excess returns examined for the full study period the 3.0% per annum fixed 

excess return produces the lowest RMSFEs on average.  For all fixed excess returns 

smaller than 5.0% per annum the forecast bias is, on average, negative.  The results for 

the sample where the Global Financial Crisis is excluded from the analysis, in Table A-

7 is consistent with the MSCI indices discussed earlier in this study.  The RMSFEs for 

all the MSCI indices are lower than that observed for the complete sample.  

Furthermore, the fixed excess return of 10.0% per annum produces the lowest RMSFEs.  

Again, forecast bias varies according to the industry index and the fixed rate of return 

employed.  However, the 3.0% per annum fixed excess return results in approximately 

equal amount of positive and negative forecast bias.   

The RMSFEs and forecast bias for the asset pricing models and industry portfolios are 

displayed in Tables A-8 for the complete sample and A-9 for the Global Financial Crisis 

free sample.  The results presented in Table A-8 demonstrate that, on average, the 

unconditional asset pricing models exhibit lower RMSFEs than the conditional versions.  

The forecast bias for the unconditional asset pricing models is, in nearly all cases, 

negative implying that the unconditional models underestimate returns, on average.  

When the Global Financial Crisis is excluded from the analysis (see Table A-9), the 

results are similar to those observed with the MSCI indices.  The RMSFEs for all asset 

pricing models are reduced and the unconditional asset pricing models exhibit lower 

RMSFEs than the conditional asset pricing models.  The performance of conditional 

asset pricing models is consistent with that shown earlier in this study.  All conditional 

asset pricing models examined produce larger RMSFEs, on average, than the 

unconditional asset pricing models.  The forecast bias of the conditional asset pricing 

models in the pre-Global Financial Crisis sample is similar to the bias in the full sample.   
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Table A-1 Datastream Industry Fixed Excess Return RMSFEs – Full Sample 

This table presents the RMSFE *100 and the forecast Bias*1000 for the one month ahead forecasts for the period January 1997 to December 2010 for the Datastream Industry portfolios.  The fixed excess returns are 
expressed as a percentage per annum.   

  BM CD CS CM DI FB Fin GI GR HC I Ins Med GM Min R RE Ret Sup TL UTL 
Fixed 1.00% RMSFE 6.48 6.34 3.98 6.46 5.97 4.30 4.50 5.06 5.84 4.41 5.60 6.22 7.92 7.14 6.81 4.87 4.87 4.88 6.81 5.54 4.98 
 Bias -0.06 -0.19 0.01 -0.03 -0.17 -0.13 -0.03 -0.15 -0.05 -0.06 -0.11 -0.19 -0.22 0.03 0.06 -0.15 -0.14 0.10 -0.12 -0.10 -0.05 
Fixed 2.00% RMSFE 6.48 6.34 3.98 6.45 5.97 4.30 4.49 5.06 5.83 4.41 5.61 6.22 7.92 7.13 6.81 4.87 4.87 4.87 6.81 5.55 4.98 
 Bias -0.11 -0.19 -0.05 -0.08 -0.18 -0.12 -0.08 -0.14 -0.10 -0.10 -0.06 -0.18 -0.20 -0.03 -0.01 -0.14 -0.13 0.02 -0.07 -0.06 -0.09 
Fixed 3.00% RMSFE 6.47 6.34 3.97 6.45 5.97 4.31 4.49 5.07 5.83 4.40 5.61 6.22 7.92 7.13 6.80 4.88 4.87 4.86 6.82 5.55 4.98 
 Bias -0.14 -0.17 -0.09 -0.13 -0.17 -0.10 -0.11 -0.12 -0.13 -0.12 0.00 -0.16 -0.18 -0.09 -0.06 -0.12 -0.10 -0.04 -0.01 0.00 -0.13 
Fixed 4.00% RMSFE 6.47 6.34 3.97 6.44 5.97 4.31 4.49 5.07 5.83 4.40 5.62 6.23 7.93 7.12 6.80 4.88 4.87 4.86 6.82 5.56 4.97 
 Bias -0.17 -0.15 -0.11 -0.16 -0.15 -0.06 -0.13 -0.09 -0.16 -0.13 0.07 -0.13 -0.14 -0.13 -0.11 -0.09 -0.06 -0.09 0.05 0.08 -0.14 
Fixed 5.00% RMSFE 6.47 6.34 3.97 6.44 5.98 4.32 4.49 5.07 5.83 4.40 5.63 6.23 7.93 7.12 6.79 4.88 4.88 4.85 6.83 5.57 4.97 
 Bias -0.19 -0.11 -0.12 -0.18 -0.12 0.00 -0.13 -0.04 -0.17 -0.12 0.15 -0.10 -0.09 -0.17 -0.15 -0.04 0.00 -0.12 0.13 0.16 -0.15 
Fixed 6.00% RMSFE 6.47 6.35 3.97 6.44 5.98 4.32 4.49 5.08 5.83 4.41 5.64 6.23 7.94 7.11 6.79 4.89 4.89 4.85 6.84 5.58 4.97 
 Bias -0.19 -0.07 -0.11 -0.19 -0.07 0.07 -0.12 0.02 -0.17 -0.10 0.24 -0.05 -0.04 -0.19 -0.18 0.02 0.07 -0.14 0.22 0.25 -0.14 
Fixed 7.00% RMSFE 6.47 6.35 3.97 6.44 5.99 4.33 4.49 5.09 5.83 4.41 5.65 6.24 7.94 7.11 6.79 4.90 4.89 4.85 6.85 5.59 4.98 
 Bias -0.19 -0.01 -0.08 -0.19 -0.02 0.16 -0.09 0.10 -0.16 -0.06 0.35 0.02 0.03 -0.21 -0.19 0.09 0.15 -0.14 0.31 0.36 -0.11 
Fixed 8.00% RMSFE 6.47 6.36 3.98 6.44 5.99 4.34 4.50 5.10 5.83 4.41 5.66 6.25 7.95 7.11 6.79 4.91 4.90 4.85 6.86 5.60 4.98 
 Bias -0.17 0.06 -0.03 -0.18 0.05 0.27 -0.05 0.19 -0.14 -0.01 0.47 0.09 0.10 -0.21 -0.20 0.18 0.25 -0.13 0.42 0.48 -0.08 
Fixed 9.00% RMSFE 6.47 6.37 3.98 6.44 6.00 4.35 4.50 5.11 5.83 4.42 5.67 6.26 7.96 7.11 6.79 4.92 4.92 4.86 6.87 5.62 4.99 
 Bias -0.15 0.14 0.04 -0.16 0.13 0.39 0.01 0.29 -0.11 0.06 0.60 0.17 0.18 -0.21 -0.20 0.29 0.36 -0.11 0.54 0.62 -0.02 
Fixed 
10.00% RMSFE 6.48 6.38 3.99 6.45 6.01 4.37 4.51 5.12 5.84 4.43 5.69 6.27 7.97 7.11 6.79 4.93 4.93 4.86 6.89 5.63 4.99 

 Bias -0.11 0.23 0.12 -0.13 0.22 0.52 0.09 0.41 -0.06 0.15 0.74 0.27 0.27 -0.19 -0.19 0.40 0.49 -0.07 0.66 0.76 0.04 
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Table A-2 Datastream Industry Fixed Excess Return RMSFEs – Global Financial Crisis Free Sample 

This table displays the RMSFE *100 and the forecast Bias*1000 for the one month ahead forecasts for the period January 1997 to December 2007for the Datastream Industry portfolios.  The fixed excess returns are 
expressed as a percentage per annum.   

  BM CD CS CM DI FB Fin GI GR HC I Ins Med GM Min R RE Ret Sup TL UTL 
Fixed 
1.00% RMSFE 6.48 6.34 3.98 6.46 5.97 4.30 4.50 5.06 5.84 4.41 5.60 6.22 7.92 7.14 6.81 4.87 4.87 4.88 6.81 5.54 4.98 

 Bias -0.06 -0.19 0.01 -0.03 -0.17 -0.13 -0.03 -0.15 -0.05 -0.06 -0.11 -0.19 -0.22 0.03 0.06 -0.15 -0.14 0.10 -0.12 -0.10 -0.05 
Fixed 
2.00% RMSFE 6.48 6.34 3.98 6.45 5.97 4.30 4.49 5.06 5.83 4.41 5.61 6.22 7.92 7.13 6.81 4.87 4.87 4.87 6.81 5.55 4.98 

 Bias -0.11 -0.19 -0.05 -0.08 -0.18 -0.12 -0.08 -0.14 -0.10 -0.10 -0.06 -0.18 -0.20 -0.03 -0.01 -0.14 -0.13 0.02 -0.07 -0.06 -0.09 
Fixed 
3.00% RMSFE 6.47 6.34 3.97 6.45 5.97 4.31 4.49 5.07 5.83 4.40 5.61 6.22 7.92 7.13 6.80 4.88 4.87 4.86 6.82 5.55 4.98 

 Bias -0.14 -0.17 -0.09 -0.13 -0.17 -0.10 -0.11 -0.12 -0.13 -0.12 0.00 -0.16 -0.18 -0.09 -0.06 -0.12 -0.10 -0.04 -0.01 0.00 -0.13 
Fixed 
4.00% RMSFE 6.47 6.34 3.97 6.44 5.97 4.31 4.49 5.07 5.83 4.40 5.62 6.23 7.93 7.12 6.80 4.88 4.87 4.86 6.82 5.56 4.97 

 Bias -0.17 -0.15 -0.11 -0.16 -0.15 -0.06 -0.13 -0.09 -0.16 -0.13 0.07 -0.13 -0.14 -0.13 -0.11 -0.09 -0.06 -0.09 0.05 0.08 -0.14 
Fixed 
5.00% RMSFE 6.47 6.34 3.97 6.44 5.98 4.32 4.49 5.07 5.83 4.40 5.63 6.23 7.93 7.12 6.79 4.88 4.88 4.85 6.83 5.57 4.97 

 Bias -0.19 -0.11 -0.12 -0.18 -0.12 0.00 -0.13 -0.04 -0.17 -0.12 0.15 -0.10 -0.09 -0.17 -0.15 -0.04 0.00 -0.12 0.13 0.16 -0.15 
Fixed 
6.00% RMSFE 6.47 6.35 3.97 6.44 5.98 4.32 4.49 5.08 5.83 4.41 5.64 6.23 7.94 7.11 6.79 4.89 4.89 4.85 6.84 5.58 4.97 

 Bias -0.19 -0.07 -0.11 -0.19 -0.07 0.07 -0.12 0.02 -0.17 -0.10 0.24 -0.05 -0.04 -0.19 -0.18 0.02 0.07 -0.14 0.22 0.25 -0.14 
Fixed 
7.00% RMSFE 6.47 6.35 3.97 6.44 5.99 4.33 4.49 5.09 5.83 4.41 5.65 6.24 7.94 7.11 6.79 4.90 4.89 4.85 6.85 5.59 4.98 

 Bias -0.19 -0.01 -0.08 -0.19 -0.02 0.16 -0.09 0.10 -0.16 -0.06 0.35 0.02 0.03 -0.21 -0.19 0.09 0.15 -0.14 0.31 0.36 -0.11 
Fixed 
8.00% RMSFE 6.47 6.36 3.98 6.44 5.99 4.34 4.50 5.10 5.83 4.41 5.66 6.25 7.95 7.11 6.79 4.91 4.90 4.85 6.86 5.60 4.98 

 Bias -0.17 0.06 -0.03 -0.18 0.05 0.27 -0.05 0.19 -0.14 -0.01 0.47 0.09 0.10 -0.21 -0.20 0.18 0.25 -0.13 0.42 0.48 -0.08 
Fixed 
9.00% RMSFE 6.47 6.37 3.98 6.44 6.00 4.35 4.50 5.11 5.83 4.42 5.67 6.26 7.96 7.11 6.79 4.92 4.92 4.86 6.87 5.62 4.99 

 Bias -0.15 0.14 0.04 -0.16 0.13 0.39 0.01 0.29 -0.11 0.06 0.60 0.17 0.18 -0.21 -0.20 0.29 0.36 -0.11 0.54 0.62 -0.02 
Fixed 
10.00% RMSFE 6.48 6.38 3.99 6.45 6.01 4.37 4.51 5.12 5.84 4.43 5.69 6.27 7.97 7.11 6.79 4.93 4.93 4.86 6.89 5.63 4.99 

 Bias -0.11 0.23 0.12 -0.13 0.22 0.52 0.09 0.41 -0.06 0.15 0.74 0.27 0.27 -0.19 -0.19 0.40 0.49 -0.07 0.66 0.76 0.04 
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Table A-3 Datastream Industry Asset Pricing Models RMSFEs – Full Sample 

This table presents the RMSFE *100 and the forecast Bias*100 for the one month ahead forecasts for the period January 1997 to December 2010 for the Datastream Industry portfolios.  The forecasts are obtained by 
multiplying the coefficients estimated over a 60 month period and by the average factor returns for this period.  The conditional risk factor is obtained by regressing factor returns on Zt-1 then multiplying the regression 
coefficient by Zt, consistent with Simin (2008).  Panel A displays the unconditional asset pricing models, Panel B displays the conditional asset pricing models.   

  BM CD CS CM DI FB Fin GI GR HC I Ins Med GM Min R RE Ret Sup TL UTL 
 
Panel A: Unconditional Models 

Carhart RMSFE 6.54 6.41 4.02 6.50 6.02 4.36 4.53 5.14 5.91 4.48 5.68 6.36 8.00 7.21 6.87 4.90 4.92 4.95 6.96 5.66 5.06 

 Bias -0.03 -0.02 -0.01 -0.02 -0.02 -0.01 -0.01 -0.02 -0.02 -0.01 -0.01 -0.02 -0.04 -0.03 -0.03 0.00 0.00 -0.01 0.02 0.01 0.00 
Carhart No 
Intercept RMSFE 6.57 6.40 4.00 6.50 6.03 4.34 4.54 5.12 5.91 4.44 5.65 6.29 7.97 7.22 6.88 4.84 4.85 4.92 6.89 5.62 5.03 

 Bias -0.02 -0.02 0.00 -0.02 -0.02 -0.01 0.00 -0.01 -0.01 -0.01 -0.01 -0.02 -0.03 -0.01 0.00 -0.01 -0.01 0.00 -0.03 -0.01 -0.01 

CAPM RMSFE 6.52 6.42 4.02 6.50 6.03 4.36 4.53 5.13 5.93 4.48 5.69 6.31 8.01 7.20 6.87 4.89 4.91 4.96 6.94 5.66 5.06 

 Bias -0.02 -0.02 -0.01 -0.02 -0.02 -0.01 -0.01 -0.02 -0.02 -0.01 -0.02 -0.01 -0.04 -0.03 -0.03 0.00 0.00 -0.02 0.00 0.00 0.00 
CAPM no 
intercept RMSFE 6.53 6.39 4.00 6.50 6.03 4.33 4.55 5.10 5.90 4.42 5.68 6.24 7.95 7.19 6.86 4.90 4.90 4.91 6.86 5.62 5.00 

 Bias -0.01 -0.02 0.00 0.00 -0.02 -0.01 0.00 -0.02 0.00 -0.01 -0.01 -0.02 -0.04 0.00 0.00 -0.01 -0.01 0.01 -0.02 -0.01 0.00 
 
Panel B: Conditional Models 
Conditional 
Carhart RMSFE 11.62 10.65 8.91 10.58 9.50 10.73 10.31 11.71 11.34 11.39 8.86 12.63 16.44 21.91 20.35 13.51 11.12 11.22 14.74 9.33 18.86 

 Bias 0.09 -0.05 3.38 0.16 0.80 5.95 2.16 0.01 1.06 7.11 2.66 4.47 -0.16 12.24 10.67 4.76 2.61 0.55 0.07 0.87 13.94 
Carhart No 
Intercept RMSFE 12.33 10.49 8.44 11.43 9.45 10.88 10.98 12.74 11.33 11.04 8.90 12.61 16.33 20.41 18.83 14.40 11.51 11.04 15.40 9.23 18.10 

 Bias 0.12 -0.01 0.00 -0.02 0.00 -0.01 0.01 0.01 0.02 -0.01 0.06 0.00 -0.04 -0.03 -0.03 0.01 0.00 0.04 -0.01 -0.01 -0.02 

CAPM RMSFE 6.56 6.32 4.10 6.71 6.10 4.41 4.47 5.29 5.83 4.54 5.72 6.39 8.05 7.36 7.02 4.95 4.97 5.00 6.72 5.55 5.07 

 Bias -0.02 -0.01 -0.01 -0.03 -0.02 -0.01 -0.01 -0.02 -0.01 -0.01 -0.02 -0.02 -0.03 -0.03 -0.03 -0.01 -0.01 -0.01 0.00 -0.01 -0.01 
CAPM no 
intercept RMSFE 7.64 6.72 4.02 6.69 6.32 4.41 4.52 5.66 6.07 4.53 5.82 6.55 8.30 7.58 7.30 4.84 4.81 5.10 6.95 5.52 5.15 

 Bias 0.12 -0.01 0.00 -0.02 0.00 -0.01 0.01 0.01 0.02 -0.01 0.06 0.00 -0.04 -0.03 -0.03 0.01 0.00 0.04 -0.01 -0.01 -0.02 
CAPM variable 
intercept RMSFE 7.61 6.77 4.04 6.67 6.36 4.44 4.49 5.72 6.09 4.53 5.83 6.61 8.39 7.52 7.23 4.84 4.83 5.13 7.02 5.57 5.16 

 Bias 0.22 -0.02 -0.01 0.03 0.01 -0.01 -0.01 0.01 -0.01 -0.01 0.03 -0.02 -0.04 -0.02 -0.02 -0.01 -0.01 0.00 0.02 0.01 0.00 
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Table A-4 Datastream Industry Asset Pricing Models RMSFEs – Global Financial Crisis Free Sample 

This table displays the RMSFE *100 and the forecast Bias*1000 for the one month ahead forecasts for the period January 1997 to December 2007 for the Datastream Industry portfolios.  The forecasts are obtained 
by multiplying the coefficients estimated over a 60 month period and by the average factor returns for this period.  The conditional risk factor is obtained by regressing factor returns on Zt-1 then multiplying the 
regression coefficient by Zt, consistent with Simin (2008).  Panel A displays the unconditional asset pricing models, Panel B displays the conditional asset pricing models 
  BM CD CS CM DI FB Fin GI GR HC I Ins Med GM Min R RE Ret Sup TL UTL 
 
Panel A: Unconditional Models 

Carhart RMSFE 5.85 6.04 3.74 4.97 5.36 4.23 3.66 4.19 4.86 4.11 4.97 5.78 7.64 6.66 6.47 3.51 3.46 4.76 6.25 4.82 4.97 

 Bias -0.02 -0.02 0.00 -0.01 -0.02 -0.01 -0.01 -0.01 -0.02 -0.01 -0.02 -0.03 -0.03 0.01 0.01 -0.01 -0.01 -0.01 -0.01 -0.01 -0.01 

Carhart No Intercept RMSFE 5.89 6.01 3.75 5.00 5.37 4.21 3.68 4.21 4.82 4.12 4.95 5.74 7.61 6.66 6.47 3.52 3.45 4.74 6.15 4.78 4.95 

 Bias -0.01 -0.02 0.02 0.02 -0.02 -0.01 0.02 0.00 0.01 0.00 -0.02 -0.02 -0.04 0.05 0.04 0.01 0.00 0.02 -0.03 -0.02 -0.01 

CAPM RMSFE 5.83 6.04 3.74 4.97 5.37 4.24 3.66 4.19 4.86 4.11 5.00 5.72 7.65 6.65 6.46 3.51 3.45 4.77 6.21 4.81 4.97 

 Bias -0.03 -0.03 -0.01 -0.01 -0.02 -0.01 -0.01 -0.01 -0.01 -0.01 -0.02 -0.03 -0.04 -0.01 -0.01 -0.01 -0.01 -0.01 -0.02 -0.01 -0.02 

CAPM no intercept RMSFE 5.87 5.99 3.74 5.03 5.37 4.19 3.70 4.19 4.81 4.09 4.98 5.66 7.58 6.67 6.49 3.54 3.46 4.73 6.10 4.75 4.92 

 Bias 0.01 -0.02 0.02 0.06 -0.02 -0.01 0.03 -0.01 0.02 0.00 -0.02 -0.02 -0.04 0.02 0.02 0.03 0.02 0.04 -0.03 -0.02 0.01 
 
Panel B: Conditional Models 

Conditional Carhart RMSFE 11.58 11.30 9.08 10.77 7.95 11.63 10.87 9.86 11.09 11.51 8.53 12.05 17.16 24.23 22.59 13.09 10.05 11.60 14.24 8.31 21.01 

 Bias 0.46 0.00 3.99 0.27 0.98 7.73 3.23 1.04 1.09 8.26 2.81 4.93 0.37 21.00 17.62 7.89 4.45 1.04 0.18 0.72 24.25 

Carhart No Intercept RMSFE 12.42 11.11 8.95 11.75 7.99 11.85 11.68 11.35 10.92 11.56 8.66 12.54 17.03 22.42 20.77 14.40 10.84 11.53 15.43 8.37 20.07 

 Bias -0.03 0.05 0.00 -0.02 -0.02 -0.01 0.05 -0.01 0.09 0.00 -0.01 0.12 0.05 -0.02 -0.01 0.03 0.01 0.11 -0.03 -0.02 -0.02 

CAPM RMSFE 5.84 6.08 3.75 5.05 5.41 4.24 3.67 4.20 4.92 4.04 5.02 5.65 7.71 6.76 6.57 3.52 3.47 4.81 6.09 4.82 4.93 

 Bias -0.02 -0.03 0.00 0.00 -0.02 -0.01 -0.01 -0.01 -0.02 -0.01 -0.01 -0.02 -0.05 0.00 0.01 -0.01 -0.01 -0.01 -0.03 -0.02 -0.02 

CAPM no intercept RMSFE 6.62 6.29 3.75 5.40 5.46 4.21 3.77 4.21 4.96 4.10 4.98 6.10 7.88 6.70 6.52 3.67 3.56 4.92 6.07 4.76 5.10 

 Bias -0.03 0.05 0.00 -0.02 -0.02 -0.01 0.05 -0.01 0.09 0.00 -0.01 0.12 0.05 -0.02 -0.01 0.03 0.01 0.11 -0.03 -0.02 -0.02 

CAPM variable intercept RMSFE 6.55 6.35 3.75 5.33 5.46 4.26 3.71 4.22 5.02 4.12 4.98 6.19 7.97 6.69 6.50 3.60 3.51 4.97 6.17 4.82 5.09 

 Bias 0.03 0.01 -0.01 0.00 -0.02 -0.01 -0.01 -0.01 0.03 -0.01 -0.02 0.06 0.01 -0.03 -0.02 -0.01 -0.01 0.04 -0.02 -0.01 0.00 
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As with the MSCI indices, the Giacomini and White (2006) test is estimated on the 

industry returns to identify the best performing forecast model.  In the first case, the 

fixed returns are analysed to identify the fixed percentage return that is the best 

predictor of industry returns.  The results of this analysis are presented in Table A-10.  

Finally, the fixed returns are compared to the asset pricing models in Table A-11. 

 
Table A-5 Datastream Industry Portfolios Relative Forecast Performance –Fixed 

Excess Returns 
The numbers in the columns for both Panel A and Panel B displays the number of times the fixed return was chosen 
over the fixed return in the row when the Giacomini and White (2006) Conditional Predictive Ability test rejected the 
null hypothesis at the 10% level.  Forecasts are for the Datastream industry index returns.  Panel A presents the results 
for the forecast periods from January 1997 to December 2010.  Panel B: presents the results for the forecast periods 
from January 1997 to December 2007.   
 
Panel A: Complete Sample 

 1.0% 2.0% 3.0% 4.0% 5.0% 6.0% 7.0% 8.0% 9.0% 10.0% 
1% - 1 1 0 0 0 0 0 0 0 
2% 0 - 0 0 0 0 0 0 0 0 
3% 0 0 - 0 0 0 0 0 0 0 
4% 0 0 0 - 0 0 0 0 0 0 
5% 0 0 0 0 - 0 0 0 0 0 
6% 0 0 0 0 0 - 0 0 0 0 
7% 0 0 0 0 0 0 - 0 0 0 
8% 0 0 0 0 0 0 0 - 0 0 
9% 0 0 0 0 0 0 0 0 - 0 
10% 0 0 0 0 2 0 0 3 4 - 
Total 0 1 1 0 2 0 0 3 4 0 
 
Panel B: Global Financial Crisis Free Sample 

 1.0% 2.0% 3.0% 4.0% 5.0% 6.0% 7.0% 8.0% 9.0% 10.0% 
1% - 2 1 1 1 1 0 0 0 0 
2% 0 - 1 1 1 0 0 0 0 0 
3% 0 0 - 1 0 0 0 0 0 0 
4% 0 0 0 - 0 0 0 0 0 0 
5% 0 0 0 0 - 0 0 0 0 0 
6% 0 0 0 0 0 - 0 0 0 0 
7% 0 0 0 0 0 0 - 0 0 0 
8% 0 0 0 0 0 0 0 - 0 0 
9% 0 0 0 0 0 0 0 0 - 0 
10% 0 0 0 0 0 0 0 1 0 - 
Total 0 2 2 3 2 1 0 1 0 0 

 

Panel A of Table A-10 shows that for the complete sample, the most chosen fixed return 

is the 9.0% per annum, this is followed by 8.0% and 5.0% per annum fixed excess 

returns.  For the sample with the Global Financial Crisis removed, presented Panel B of 

Table A-10, the 4.0% per annum fixed return is the most frequently chosen.  This is 

followed by the 5.0%, 3.0% and 2.0% per annum fixed excess returns.   
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Table A-6 Datastream Conditional Predictive Test Results – Asset Pricing Models and Fixed 

Excess Returns 
The numbers in the columns for both Panel A and Panel B displays the number of times the asset pricing forecast model was chosen over 
the fixed return in the row when the Giacomini and White (2006) Conditional Predictive Ability test rejected the null hypothesis at the 
10% level.  Forecasts are for the Datastream industry portfolio returns.  Panel A presents the results for the forecast periods from January 
1997 to December 2010.  Panel B: presents the results for the forecast periods from January 1997 to December 2007.  The forecasts are 
obtained by multiplying the coefficients estimated over a 60 month period and by the average factor returns for this period.  The 
conditional risk factor is obtained by regressing factor returns on Zt-1 then multiplying the regression coefficient by Zt, consistent with 
Simin (2008).  C is the Unconditional Carhart (1997) model, NC is the Unconditional Carhart (1997) No Intercept model, CAPM is the 
Unconditional CAPM, NICAPM is the Unconditional CAPM no intercept, CC is the Conditional Carhart (1997) model, CNC is the 
Conditional Carhart (1997) No Intercept model, CCAPM is the Conditional CAPM, NICCAPM is the Conditional CAPM no intercept 
and VICCAPM is Conditional CAPM variable intercept model. 
 
Panel A: Complete Sample 

 5.0% 8.0% 9.0% C NC CAPM NICAP
M CC CNC CCAP

M 
NICCA

PM 
VICCA

PM 
5% - 0 0 0 0 0 0 0 0 0 0 0 

8% 0 - 0 0 0 0 0 0 0 0 0 0 

9% 0 0 - 0 0 0 0 0 0 0 0 0 

C 6 3 2 - 2 1 2 0 0 0 1 0 

NC 3 0 0 0 - 0 0 0 0 0 0 0 

CAPM 5 3 2 0 0 - 3 0 0 0 1 0 

NICAPM 2 0 0 0 0 0 - 0 0 0 0 0 

CC 21 21 21 21 21 21 21 - 9 21 21 21 

CNC 21 21 21 21 21 21 21 9 - 21 21 21 

CCAPM 8 8 9 4 5 4 7 0 0 - 4 1 

NICCAPM 5 4 4 5 3 5 2 0 0 0 - 0 

VICCAPM 9 8 7 5 8 7 8 0 0 2 4 - 

Total 80 68 66 56 60 59 64 9 9 44 52 43 

 
Panel B: Global Financial Crisis Free Sample 

 3.0% 4.0% 5.0% C NC CAPM NICAP
M CC CNC CCAP

M 
NICCA

PM 
VICCA

PM 
C - 1 0 0 0 0 0 0 0 0 0 0 

NC 0 - 0 0 0 0 0 0 0 0 0 0 

CAPM 0 0 - 0 0 0 0 0 0 0 0 0 

NICAPM 4 3 2 - 1 1 10 0 0 0 2 0 

CC 7 6 6 0 - 3 12 0 0 0 1 0 

CNC 3 1 2 0 0 - 12 0 0 0 1 0 

CCAPM 3 2 2 1 2 0 - 0 0 0 1 0 

NICCAPM 21 21 21 21 21 21 2 - 8 21 21 2 

VICCAPM 21 21 21 21 21 21 17 1 - 21 21 2 

C 10 11 10 7 6 7 19 0 0 - 5 0 

NC 4 7 7 0 3 2 14 0 0 0 - 0 

CAPM 10 11 9 6 5 7 21 0 0 2 2 - 

Total 83 84 80 56 59 62 107 1 8 44 54 4 

 

Table A-11 presents the results of the Giacomini and White (2006) test comparing the 

predictive performance of fixed excess returns and asset pricing models.  The Panel A 

reports results for the full sample whilst Panel B reports the results for the Global 
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Financial Crisis free sample.  For the full sample, the most selected asset forecasting 

model is the fixed excess return of 5.0% per annum.  This is followed by the 8.0% and 

9.0% per annum fixed excess returns, respectively.  Of the asset pricing models the best 

performing is the unconditional CAPM with the intercept suppressed.  For the Global 

Financial Crisis free sample, the most selected forecasting model was the unconditional 

CAPM with the suppressed intercept.  The fixed excess returns are then the second best 

performing asset pricing forecasts, followed by the remaining unconditional asset 

pricing models.  The conditional asset pricing models are the worst performing 

according to the Giacomini and White (2006) methodology.   

The Giacomini and White (2006) test suggests that the fixed excess return of 5.0% per 

annum is preferred over the alternative asset pricing models.  This finding implies that 

an estimate of a fixed excess return of 5.0% per annum can improve the accuracy of 

equity return estimates for project evaluation and valuation. 
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