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An ARCH/GARCH Arbitrage Pricing Theory Approach to Modelling the

Return Generating Process of South African Stock Returns

ABSTRACT

This study investigates the return generating m®emderlying the South African
stock market. The investigation of the return getieg process is framed within
the Arbitrage Pricing Theory (APT) framework withet APT reinterpreted so as to
provide a conceptual framework within which theuratgenerating process can be
investigated. In modelling the return generatingcpss, the properties of South
African stock returns are taken into consideraaod an appropriate econometric
framework in the form of Autoregressive Conditiortteroscedastic (ARCH) and
Generalized Autoregressive Conditional Heterosdeda$&ARCH) models is
applied. Results indicate that the return geneggtocess of South African stock
returns is described by innovations in multipld figctors representative of several
risk categories. The multifactor model of the ratgenerating process explains a
substantial amount of variation in South Africanocét returns and the
ARCH/GARCH methodology is an appropriate econoroetramework for the
estimation of models of the return generating pecdhe APT framework is
successfully applied to model and investigate thirn generating process of

South African stock returns.
Keywords: Arbitrage Pricing Theory, Autoregresstvenditional Heteroscedastic,

Generalized Autoregressive Conditional Heterosderja8RCH, GARCH, time
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GLOSSARY OF TERMS

The abbreviations above are applicable, unlesswibe stated.

APT framework:Conceptual framework consisting of the linear factmdel representative
of the return generating process and the crossesattAPT model relating expected returns

to estimated factor loadings.

APT model:Model that relates expected (equilibrium) returodactor loadings estimated
within the linear factor model. Unlike the lindarctor model which explains the time series
behaviour of returns, the APT model explains cisestional differences in expected returns
(D. Bower, R. Bower & Logue, 1984).

ARCH effect:Varying amplitude of returns or residuals over dinmdicative of unequal

variance (Engle, 2001).

ARCH/GARCH frameworkEconometric methodology based upon ARCH and GARCH
models and their extensions. Used in the modelbhgime-varying variance and the

estimation of models of the return generating psece

ARCH and GARCH parameterSerms in ARCH and GARCH models (e.g. lagged neslid

and conditional variance terms).

Assets:Financial instruments with a market value. Throughthis study, assets are also

referred to as securities in generic terms, andibamd stocks where appropriate.

Factor loading:Reaction of the dependent factor to movementsatbfa in the linear factor
model (Reinganum, 1981). Also referred to in thiadg as a coefficient, factor beta,

exposure or sensitivity.
Generalization/Generalizability (of modeExtension of a model specification/applicability

of a model specification to an extended numberimdricial series which are not used in

initial model building and estimation.
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HeteroscedasticityThe unequal variance of random observations awes. in econometrics,
this term is used to describe the non-constantimee of the residual terms obtained from
regression (Gujarati, 2003; Brooks, 2008).

Idiosyncratic risk:Risk that is specific to an asset. Factors reptatiea of idiosyncratic risk
are factors that are unrelated to overall econotoieditions (Roll & Ross, 1995). Also

referred to in this study as unique, firm specifiwersifiable or unsystematic risk.

Innovations:Unexpected changes in factor series which are septative of the unexpected

components of factors (Priestley, 1996).

Linear factor modelModel of the return generating process characteimesystematic risk
factors under the APT framework. Used in the edimnaof factor loadings within the APT
framework. The linear factor model relates retumsiovements in the factors describing the

return generating process over time (Roll & Ro880).

Priced factor: A factor for which the risk premium associated wéhfactor loading is

statistically significant in the cross-sectionalARodel (Roll & Ross, 1980).

Residual market factoifhe unexpected change in the market index thattisttributable to

factors in the base specification. The residualketafactor is acatch-all proxy for omitted

and unidentified risk factors in theturn generating process specification (Burmeister
Wall, 1986; Van Rensburg 1996).

Returns:Changes in asset prices over a period of time.

Serial correlation: Statistical relationship between the time seriesbservations (Gujarati,
2003).

South African stock return®eturns on the JSE All-Share Indeixreturns on the industrial

sector and economic group indices that represeneét¢bnomic groups and industrial sectors

that compromise the JSE All-Share Index (contextual
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Systematic risk factoRisk factor that has a pervasive influence on stetkrns and reflects
economy-wide risk (Roll & Ross, 1995). Systemaisk rfactors are those that influence

returns on aggregates such as market indices eyelpartfolios.
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1. INTRODUCTION

1.1. Background

The Arbitrage Pricing Theory (APT) proposed by R¢$876) postulates a model which
establishes the relationship between multiple ssumaf risk and asset returns (Gibbons,
1986). A number of studies, starting with thos&ofl and Ross (1980) and Chen (1983), test
the propositions of the APT by investigating thenter of factors in the return generating
process and the number of priced factors in exgdg@eguilibrium) returns. The APT permits
such inquiry as it consists of two equations. Tih& £quation assumes that asset returns are
generated by &-factor model which describes the return generapmacess (Brealey &
Meyers, 2003). The second equation relates faotalihgs estimated in thkefactor model to
expected returns (Roll & Ross, 1980). Early studigsthe APT rely upon factor analytic
approaches to estimate loadings on factors andingdo identify the structure of the return
generating process (Reinganum, 1981). The usectdrfanalytic approaches however poses
a limitation in that only the number and not thernitity of factors in the return generating
process is established. The first widely cited gtiedaddress this limitation is that of Chen,
Roll and Ross (1986) who identify a set of macroecoic factors that are considered to be
proxies for systematic risk. A number of these gpecified factors are found to be “priced” —
able to explain the time series characteristicgaetfirns and expected returns (Elton &
Gruber, 1988). It is the latter aspect of the APtRe-modelling of equilibrium relationships -

that is studied widely.

Although investigations of the APT focusing uposeispricing have been undertaken, there
is another aspect of the APT framework that is aftdrded the same consideration in the
empirical literature, but is of immense interebe theory underpinning the APT model that
proposes that the return generating process cdedmibed by a multifactor model. Whereas
the APT may lead to useful predictions regardingeexed returns even if the underlying
multifactor model of the return generating procissgot correctly specified, the time series
behaviour of returns is still worthy of consideoatiif efficient estimates of factor loadings or
sensitivities are desired (Gibbons, 1986). Eltomyd@r and Blake (1998) argue that the

return generating process is an important builditogk in asset pricing models. However,

! See Roll and Ross (1980), Chen (1983), Kryzanbarstt To (1983), Hughes (1984), Beenstock and Chan
(1986), and Elton and Gruber (1988) amongst others.



according to Gibbons (1986), research on asseingrimodels focuses upon testing the
equilibrium implications of asset pricing modelsdamssumes that the model of the return
generating process is adequately specified. Thggesis that in this line of research, less

consideration is given to the structure of themefyenerating process.

Perhaps, the reason for this is the complexityhef return generating process. Researchers
must specify the structure of the return genergpirogess, identify factors that feature in the
return generating process and define how theserfaenter the return generating process.
Fortunately, the APT provides eonceptual framework“the APT framework”) which
permits the investigation of the return generagimgcess. As a conceptual framework, the
APT proposes that the return generating proceslagcterized by multiple factors entering
as innovations and adapts existent theory so pertuoit the identification of systematic risk
factors that feature in the return generating ec&he development of this framework can
be traced through the literature. Early studiehsag those of Roll and Ross (1980) focus
upon identifying the structure of the return getiagpprocess and the pricing of assets.
While the focus of these early studies is primagBset pricing, it is acknowledged that
returns are driven by multiple factors. Studieshsas those of Cheet al. (1986) and Hamao
(1988) employ pre-specified factors to explain etpé returns and acknowledge an
underlying return generating process characterized (assumed) innovations in
macroeconomic factors measuring the impact ungpdcgystematic risk factors. Studies
such as those of Burmeister and Wall (1986) agmyAPTdirectly as a framework to model

the return generating process of asset returns.

1.2. Purpose and contribution of the study

The purpose of this study is to model and invegtighe return generating process of South
African stock market returns within the confinestioé APT framework. To do so, it is first
shown that the APT does indeed provide a framevworknot only modelling the cross-
section of expected returns but also for invesiggthe return generating process. In the first
part of this study, the APT is reinterpreted asoaceptual framework with a focus upon
explaining the time series behaviour of asset nstuit is within the APT framework that the
model of the return generating process of Soutlcadfr stock returns is assumed to follow a
k-factor structure. Furthermore, the category aeatity of risk factors featuring in the return
generating process is motivated by APT literat@ieenet al (1986), Beenstock and Chan
(1988), Elton and Gruber (1988), and Clare and Td®(t1994) acknowledge that the number



of factors that are priced in cross-sectional &sidind are assumed to have a pervasive
influence on the time series behaviour of stockrret is potentially large. Notably, Berry,
Burmeister and McElroy (1988: 30) state that “thsr@o ‘correct’ set of factors; there are
many equivalent sets of correct factors,” whichegiuse to similar empirical results.
Fortunately, the APT framework sets out criteriatfoe identification of these factors, their
derivation, statistical properties and identifiee genus of these factors. In investigating the
return generating process of South African stodkirns within the APT framework, a
number of hypotheses areirectly investigated:

Hypothesis 1:South African stock returns are characterized bymaltifactor return
generating process.

Hypothesis 2:A multifactor model of the return generating pracgsrovides a better
description of the time series behaviour of Souificdn stock returns relative to a single-
factor alternative.

Hypothesis 3:international risk plays an important role in eapling South African stock

returns.

Prior to building, modelling and investigating thedurn generating process of South African
stock returns, a detailed consideration of the tsedes properties of stock returns and
volatility is undertaken. This constitutes the setgart of the study. The distribution of
returns is described by both the mean and variaaoé, therefore a comprehensive
investigation of the return generating process nalgt into consideration the properties of
these two moments. Having considered the propeofidise first two moments of the return
distribution, an appropriate econometric framewttr&t captures the observed properties is
considered. Therefore, the return generating psoadsSouth African stock returns is

modelled within arappropriateeconometric framework.

The contribution of this study is therefore thrdefd-irst, this study is not concerned with
pricing implications; it is concerned with ideniifily and describing the return generating
process of South African stock returns. In accocdanith the APT framework, innovations
in factors are used to model the return generginogess (Berret al, 1988). Second, this
study models the return generating process as #&fastor model within an appropriate
econometric framework, which takes into consideratihe properties of stock returns and

variance. This presents an improvement in termecohometric methodology over a number



of similar studies which rely upon the Least SgsdteS) methodology (see Burmeister &
Wall, 1986; Berryet al, 1988; Bilson, Brailsford & Hooper, 2001). Finalland perhaps
most importantly, this study addresses a gap withéliterature. Many studies employing
multifactor models either directly or indirectlylamowledge the role of the APT framework
in motivating for multifactor specifications (seefneister & Wall, 1986; Berrgt al, 1988;
Chen, Hsieh, Vines & Chiou, 1998; Cheung & Ng, 1,98®w, 2004; Sadorsky, 2001,
Sadorsky & Henriques, 2001; Sadorsky, 2008). Tistéséies rely upon the APT framework
to motivate for the factor structure of the modedt @o select risk factors used to explain
returns. Whereas these studies serve as examptesvothe APT is applied as a framework
and reference is made to APT literature to motivatemultifactor cross-sectional and time
series specifications, the link between the APBRmassset pricing theory and the APT as a
framework is not adequately explored. This studgresises this gap; the role of the APT in
informing the factor structure and identity of rigctors is investigated and the propositions

of the APT framework are applied within a time esrcontext.

1.3. Methodology

Aside from relying upon the APT framework as a @ptaal framework, Autoregressive
Conditional Heteroscedastic (ARCH) and Generalizéditoregressive Conditional
Heteroscedastic (GARCH) models proposed by Engd84)L and extended by Bollerslev
(1986), Engle, Lilien and Robins (1987), Nelson Q1P and others are employed in
modelling the return generating process of SouthcAf stock returns. This econometric
framework (“the ARCH/GARCH framework”) is well-sed for the modelling of stock
returns as it discards the assumptions of normatilependence and a constant variance and
provides insight into the second moment of therithstion (Elyasiani & Mansur, 1998;
Engle, 2004). This framework is particularly appeglas it can be applied in a wide variety
of contexts and is more robust to the presencest@rbscedasticity and ARCH effects in the
residuals relative to the LS framework. The ARCHR32H framework provides a more
statistically adequate and robust description ef sturn generating process (Sadorsky &
Henriques, 2001).

1.4. Outline of the study
Chapter 2 outlines the APT framework and discussase of its central propositions.
Evidence concerning the validity of the framewaskpresented; if the APT is to serve as a

conceptual basis for the investigation of the retyenerating process, its propositions must



be valid. Important and relevant propositions & &PT framework are considered and it is
shown that there is a linkage between the crossmsat APT model describing expected
returns and the underlying linear factor model dbsw the return generating process.
Chapter 3 introduces the macroeconomic APT modlagplications of the APT framework
in examining the return generating process of stetrns are demonstrated. A theoretical
model and criteria for selecting and identifyingcttas within the APT framework are
outlined and discussed in Chapter 4, and a numtsystematic risk factors are identified. A
note of caution is in order here; the list of systéic risk factors is potentially large and
therefore the purpose of this discussiomasto provide an exhaustive list of these factors,
but rather to introduce this category of risk fastoChapter 5 discusses the assumptions
underlying the first two moments of the return wsttion, namely the mean and the
variance. Studies that challenge these assumpéimseviewed. Chapter 6 introduces the
ARCH and GARCH (ARCH/GARCH) econometric frameworknda discusses its
applicability not only to the modelling of the catidnal variance, but also to the modelling
of returns in various contexts. Chapter 7 outlittes methodology employed and presents
empirical evidence on the properties of South Afnistock returns. The empirical analysis is
undertaken in Chapter 8. The return generatingga®e motivated by the APT framework —
is modelled and analyzed within the ARCH/GARCH eamuoetric framework. Chapter 9
summarizes the primary empirical results, emphasike role of the APT framework as a
conceptual basis, notes the role of the ARCH/GAR@&hework and identifies areas for

further research.

1.5. Delimitations

APT literature mainly focuses upon testing the ARd@del and implications arising from the

equilibrium relationships between risk and returAsnumber of studies, such as those of
Hamao (1988) and Van Rensburg (1996, 2000) seekttblish which factors are priced in

specific markets. Other studies, such as thoseoohRand Taylor (1991) and Clare and
Thomas (1994), challenge the findings of prior ssdand point out deficiencies in prior

work. This study is of an exploratory nature anduies upon investigating the return
generating processithin the APT framework. As in Burmeister and Wall (1988d Berry

et al (1988), estimates of risk premia aret of interest and the pricing of factors is not
investigated. This study is a starting point forttier research, be it of an exploratory nature
or be it research seeking to establish equilibri@hationships in the South African stock

market.



2. THE ARBITRAGE PRICING THEORY ASA CONCEPTUAL
FRAMEWORK

2.1. An outline of the Arbitrage Pricing Theory

The Arbitrage Pricing Theory (APT) is a responséhim acknowledgement that a number of
factors other than market returns drive assetmst(iKandir, 2008). Cheat al (1998) state
that the APT is a natural successor to the Capisskt Pricing Model (CAPM), its single-

factor predecessor which relies upon a single fach® market betag,, ), to explain the

cross-section of expected returns (see Sharpe,).1864ilarly, Roll and Ross (1980) argue
that the APT is a response to King’'s (1966) and &ig'y(1973) findings challenging the

validity of a single-factor model and also a resgmto the findings of Basu (1977) and Banz
(1981) which suggest that the CAPH], is not the only factor affecting expected retuins.

fact, it is King (1966) who prior to the seminal rkaf Ross (1976) proposed a multifactor
return generating process characterized by a nuofdeandom change functions (factors)”
and showed that returns can be decomposed intoemard industry components (King
1966: 141). Similarly to the CAPM, the APT seekslascribe expected returns but in doing
so, more than one source of risk is consideredxplaging expected returnand in the

underlying return generating process.

The APT was introduced by Ross (1976) around theestime studies challenging the
CAPM began emerging and the role of multiple faxtorthe return generating process and
equilibrium pricing relationships begun to be acktexlged. For example, in noting the role
of multiple factors in the return generating pra;d®oll and Ross (1980: 1074) argue that the
major difference between the CAPM and APT is thatAPT permits a number of factors in
the return generating process whereas the singterfanodel - “the intuitive grey eminence
behind the CAPM” - relies upon a single factor. Timplication of permitting a number of
factors to feature in the return generating proigsbkat systematic risk may not necessarily
be measured by a single factor as is the assumptidarlying the CAPM, which postulates
that systematic risk is fully captured by the marnBurmeister, Roll & Ross, 1994). In light
of this, the APT can be considered as an alteraatvthe CAPM and as an alternative to a
single-factor framework (Reinganum, 1981; Chen,3)9Blowever, unlike the CAPM which
relies upon a broad stock market index as a proxysystematic risk, the APT does not

identify particular factors that proxy for systemaisks and further, does not indicate how



many such factors exist (Burmeistet al, 1994). Despite these limitations, the APT
framework still qualifies as an attractive propmsit from a theoretical perspective by
proposing that the return generating process catebemposed into a number of factors and
that the compensation for bearing risk is refledbgdseveral risk premia, as opposed to a

single risk premium as assumed under the singlexf&@APM framework.

The APT framework is described by two equations fitst equation, often referred to as the
linear factor modeljs based upon the assumption that returns are afedeby ak-factor
return generating process. The discrepancy betwesdizedreturns on an asset and expected
returns is postulated to equal the sum of the mhiffequantities of risks relevant to an asset
multiplied by realizations of corresponding riskctiars and an asset specific shock (Ross,
1976; Roll & Ross, 1980; Bermt al, 1988):

Rt - E( R) :i p Et & (2.1)

k=1

where R, is the realized return on asset timet, E(R )is the expected return on asseind

R, —E(R) is the discrepancy between actual and expectacheebn asset The sensitivity
of asset to realizations of systematic (common) risk fadt@s denoted byb, , which is the
coefficient (beta, exposure or loading) on risktdéadk denoted byF, . Each risk factor is

assumed to be unpredictable at the beginning afygweriod and has an expected value of

zero, which suggests that realized returns areldquéheir expected returng&(R  at the

beginning of every period. Factor loadings can bemated using factor analysis when
factors are not specified or by ordinary LS regmess when factors are pre-specified
(Reinganum, 1981; Chest al, 1986). In both instances, a time series modehefreturn
generating process of asset returns is derivedr(@pi995). The term “systematic” carries a
particularly important implication within the framverk; risk factors are assumed to have a
pervasive influence on stock returns and refdgstematior economy-wide risks common to
all assets (Berret al, 1988; Roll & Ross, 1995). Dhrymes, Friend, M.It€kin and N.
Gultekin (1985) suggest that it is this assumptiating to the nature of the risk factors that
makes models derived within the APT framework sengind parsimonious. As the

assumption that returns are influenced by systemak factors is central to the APT



framework, the factors that matter are those thavemaggregates (market indices, large

portfolios).

The APT framework also makes specific assumpti@ating to the residuals (stochastic

error terms) of the linear factor model. Residuasnoted byeg, in equation (2.1), are

assumed to be asset specific whierepresents asseiVan Rensburg, 1996; Burmeistetr

al., 1994). The importance of the residuals stemm filee assumption that idiosyncratic risk
may be diversified away, and therefore, returnsaggregates are driven by systematic risk
only (Roll & Ross, 1995). As a result, firm specifiactors or events are relegated to the

residuals,g, ,

which capture risk specific to assdRoll & Ross, 1980, 1995). The second
assumption relating to the residuals of assetsdj as denoted hg, ande; respectively, is

that the covariance between the residuals is équadro:

covlg,,£,1=0 (2.2)

Strong dependence betweep and g, implies that there are other systematic risk fiescto

the return generating process aside fromkhéypothesized factors (Roll & Ross, 1980;
Elton & Gruber, 1988). Van Rensburg (2000) cautitregt this assumption is likely to be
violated for specifications of the return genergtiprocess which employ pre-specified
systematic risk factors. Finally, it is assumedt thesiduals are uncorrelated with factor

realizations (Burmeisteat al, 1994):

covl,,F,]=0 (2.3)

This assumption suggests that after controlling rfardtiple risk factors, the residuals no
longer reflect the impact of these and othek factors not directly incorporated into the
return generating process. Equations (2.2) and) (a8 be used to identify omitted risk
factors and equation (2.1) is the motivation fardging the return generating process of
South African stock returns within a multifactoarfinework. Whereas numerous studies have
investigated the equilibrium implications and thedretical underpinnings of the APT, the

implication of equation (2.1) that returns can lesatibed by &-factor model within the



APT framework has not been considered as extensitrelother words, fewer studies have

applied the APT as a framework to describe the 8erees behaviour of asset returns.

Aside from assuming a multifactor return generatpr@cess and making assumptions

relating to the residuals, the APT framework res@mumber of neoclassical assumptions:

1) Markets are assumed to be perfectly competitive faiotionless (Fama, 1995; Van
Rensburg, 1996).

2) Investors prefer more wealth to less wealth and thexefore, risk averse wealth
maximizers (Reinganum, 1981; Van Rensburg, 1996).

3) Individuals are assumed to have homogenous belegfarding the form of the return
generating process (Van Rensburg, 1996).

Burmeisteret al, (1994) and Brown and Reilly (2009) state that &PT framework is free

of some of the restrictive assumptions of the CARNY this is evident from the limited set
of assumptions above. Unlike the CAPM, returnsrarterequired to be normally distributed,
no assumptions are made regarding investors’ yfilinctions and a market portfolio that

contains all risky assets and is mean-varianceiefii need not exist.

The second equation which completes the APT framieweferred to as the APT model or
the APT relatiof (see Elton, Gruber & Blake, 1995; Van Rensbur@6)9establishes the
equilibrium relationship between expected retumd ask premia by determining whether
factors in the return generating process are “gri¢Roll & Ross, 1980; Amenc & Le Sourd,

2005). For a factor to be priced, estimates of pskmia, usually denoted by, , must be

statistically different from zero for an associafadtor sensitivity to explain expected returns
These risk premia, estimated using methods sudhase of Fama and MacBeth (1973),
represent compensation for exposure to systemisficim the return generating process,
which is rewarded by the market with increased etquk returns (Van Rensburg, 1996;

Burmeisteret al, 1994). Exposure to systematic risk is rewardechbse of the assumption

2 Henceforth, this equation will be referred to las tAPT model” to distinguish it from the linearctar model
representative of the return generating processifggaion in equation (2.1). This terminology i®rbowed
from Eltonet al (1995) who formerly define the cross-sectionabielmf expected returns as the “APT model.”
Although, this terminology is often used interchealgly to describe multifactor specifications of tie¢urn
generating process and the cross-sectional resdtipnlinking expected returns to factor sensitbsti a
distinction is maintained throughout this study.



that although firm specific factors can influeneéurns on individual assets, these factors can
be cancelled out by holding well-diversified polids. Therefore, any remaining risk is
systematic in nature. Finally, central to the framk is the assumption that because risk-
free arbitrage profits are impossible, a positixpeeted return can only be earned by taking
on exposure to risk, which requires undertakinggtimvestment of funds (Burmeister al,
1994). This implies that in equilibrium, the expattreturn on a zero investment and a zero
systematic risk portfolio is zero assuming thatnfispecific risk is eliminated through
diversification (Reinganum, 1981). Assuming thadréhexists a riskless asset - an asset with

a zero beta - the expected retui(R), on asset in equilibrium is denoted by the APT

model as (Roll & Ross, 1980; Amenc & Le Sourd, 2005
K

E(R)=4+2 AR (2.4)
k=1

where A, is the expected return on an asset with zerosaite risk (a riskless asset) and
denotes the risk premiumr the price of riskcorresponding to the exposurb, () to risk
factor F, estimated in equation (2.1) (Roll & Ross, 1980eh1983; Burmeisteet al,

1994). If the risk premium on the exposure to agivisk factor is statistically significant,

then this factor is said to be priced. Such a figdeads to the main implication of equation
(2.4); the APT model explairgoss-sectionatlifferences in expected returns. Assuming that
factor realizations have an expected value of aérhe beginning of each period, the APT

model states that expected returns are equal, toand the sum of different types of risk
quantifiedby the respectivéy, s multiplied by the corresponding risk premiutp (Berry et

al., 1988; Burmeisteet al, 1994). A divergence between the number of factorequation
(2.1) and the number of priced factors in equaf@d) may arise; althougk-factors may
characterize the return generating process, nohayl be priced with the number of priced
factors ranging between 1 akd(Chen, 1983). Importantly, Chen (1983) emphasthes
although certain factors may not be priced, thissdaot mean that they are irrelevant. Factors
that are not priced are not relevant in explainexgected returns, but still play a role in
informing investment decisions and in explaining tieturn generating process. Elton and
Gruber (1988) define factors that are not pricedhase that only explain the time series

behaviour of returns and factors that are pricedhase that explain both the time series
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behaviour of returnand expected returns. Risk factors that explain exgecgturns can
however only be identified through empirical resbarwhich requires returns to exhibit
sensitivity to realizations of the risk factors.ighin essence, motivates for a time series
analysis of the relationships between systemadic factors and asset returns (Beetyal,
1988). The arguments of Chen (1983) and Elton andb& (1988) are important as they
suggest that APT studies, which focus on explair@rgected returns, also provide insight
into the identity of factors that explain the timeries behaviour of returns. Moreover, such
studiesacknowledgea multifactor return generating process. In thpsits seminal studies
such as Chan, Chen and Hsieh (1985), Gheal (1986) and Hamao (1988) provide insight
into factors that explain returns over time andtlagdentify the structure of the return

generating process.

Essentially, the APT is a two-stage framework. lhe tfirst stage, factor loadings are
estimated using time series techniques and thenrgenerating process is modelled. In the
second stage, the equilibrium relationships betwegpected returns and the risk premia
associated with exposures to risk factors in thiarmegenerating process aestimated in

cross-sectional regressions. Factor loadings etdna the first stage are used as “data” to

obtain estimates ofl, in the second stage (McElroy & Burmeister, 198Bjis is the

conventional approach to estimating risk premia.udiigns (2.1) and (2.4) can be
reinterpreted as a single equation, reflecting rifle of the APT as a unified framework.
Burmeister and Wall (1986) substitute the APT madetquation (2.4) into the model of the
return generating process in equation (2.1). Tlaisslates into what Bermgt al (1988: 31)
call the “full APT":

K K
R =4 +X AR +D QR +e, (2.5)
k=1 k=1

The importance of the APT framework is threefoldrst; it suggests that returns are
described by a multifactor return generating prec&econd, it suggests that there is more
than a single source of systematic risk. Finatlyprovides a framework for investigating the
return generating process; Roll and Ross (1980 that it is the formalism of the APT that
suggests both the theoretical and empirical straaifithe framework needs to be explored to

understand which economic forces affect returngofding to the authors, the APT provides
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a solid theoretical framework for ascertaining vileetmultiple factors feature in the return

generating process and whether these factors iaeslpr

Chapter 2 proceeds by outlining and investigatielgwant and specific propositions that
make the APT framework a suitable framework for mithg and investigating the return
generating process. A motivation for a concepttehework for the modelling of the return
generating process is provided and the relevantkeo$tated propositions is contextualized
(section 2.2). These propositions are then invasdywith reference to the literature (section
2.2.1 - 2.2.4) and the limitations of the APT framoek are noted (section 2.2.5). A summary

of this chapter is provided in the conclusion (gec2.3).

2.2. Motivation for a conceptual framework

By postulating that multiple factors drive returasd that these factors are systematic in
nature, the APT framework provides motivation airdation for investigating and modelling
the return generating process within a multifaatontext. In particular, there are four
propositions stemming from the APT that warrantHer consideration and are indicative of
the APT’s role as a conceptual framework within etthihe return generating process may be

modelled and investigated (Roll & Ross, 1980). Eha®positions are as follows:

1) The return generating process can be describedibgak-factor model.

2) Expected returns are explained by factors thaufean the return generating process —
expected returns depend ugofactors andk-factors are priced reflecting the structure of
the return generating process (Beenstock & Chad6)19

3) Only factors indicative of systematic risk explaixpected returns.

4) A multifactor model of returns is superior in terrokexplanatory power relative to a

single-factor alternative.

Proposition (1) suggests that the return generatrogess can be described by a multifactor
model (as opposed to a single-factor model) arglials, the return generating process should
be modelled within a multifactor framework (secti@2r2.1). Early studies, such as those of
Roll and Ross (1980), Hughes (1984) and Beenstock Ghan (1986), rely upon factor

analytic techniquésand various selection criteria to derive the optilr sufficient number

3 For a brief review of classical factor analytichieiques see Kryzanowski and To (1983).

12



of factors required to describe the return genegaprocess. The advantage of a factor
analytic approach is that the number of relevantofs in the return generating process is
derived as opposed to imposed as is the case vattels)employing pre-specified factors
(Kryzanowski & To, 1983). Proposition (2) suggesist priced factors — factors that explain
expected returns - are also those that explainiie series behaviour of returns (Elton &
Gruber, 1988). This proposition is usually not ¢desed in detail as most APT studies
employing pre-specified factors, such as thoselan@t al (1985), Cheret al. (1986) and
Hamao (1988), focus upon explaining the cross-@eabf expected returns and give little
consideration to the underlying return generatingcess and the role of pre-specified risk
factors in the return generating process. Neverfielif it can be shown thabmefactors in
the return generating process are reflected irttbgs-section of expected returns, then there
is a basis for drawing inferences from APT literatuvhich focuses on explaining
equilibrium returns and applying these inferencesinvestigating the return generating
process (section 2.2.2). Indeed, this line of reaspis accepted by Elton, Gruber, Brown
and Goetzmann (2003) who state that although thd& wbChenet al (1986) — which is
directly based upon the APT framework — focusesnupgplaining expected returns, it
provides a framework for multifactor models of tle¢urn generating process. Many studies
that directly draw upon the APT model and the frawmix in general to motivate for
multifactor time series specifications of the ratgenerating process fail to establish the link
between the APT model and the underlying multifactburn generating process (see Bower
et al, 1984; Liow, 2004). For example, Liow (2004: Hrgues that the multifactor time
series model of the return generating process tfrme on commercial real estate in
Singapore is “governed conceptually by the multipletor model implied under the APT.” It
is assumed in Liow’s (2004) study that the APT banapplied to explain the time series
variation in returns without consideration beingegi to the linkage between the APT model
and the underlying linear factor model. Togetheese two models form the APT framework
although they are often considered in isolatiorov8hg that factors that feature in the return
generating process are also those that explaircribgs-section of expected returns lends
credence to the application of inferences drawmfoooss-sectional literature to time series
analysis and to the argument that the APT is aeqoal framework within which the return
generating process can be investigated. By shothiigexpected returns reflect the nature of
the return generating process, an often ignorddigja between the two components of the
framework is established and the case for usingMP€ as a framework is strengthened. If

markets compensate exposure to multiple risk fadtorthe return generating process, then
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multiple risk factors must explain stock returngiotime. The argument that inferences can
be drawn from APT literature if such a linkage li@wn to exist is especially pertinent given
Elton and Gruber's (1988) assumption that pricectold also explain the time series

behaviour of returns.

If propositions (1) and (2) hold, then the APT pd®s impetus for a detailed examination of
the return generating process by suggesting thétipteufactors explain returns over time.
For proposition (2) to be accepted, the numberrimied factors must reflect the number of
factors in the return generating process (Chen3198roving proposition (2) suggests that
factors identified as priced also explain the tseees variation in returns. This proposition is
relatively easy to confirm; all that is requiredtieat when the return generating process is
shown to incorporate a number of factors, somehese factors are priced. Additionally,
testing proposition (2) also translates into a ééshe APT model by showing that systematic
risk is not measured in only one way as suggesyeithdo CAPM (Burmeisteet al, 1994).
Moreover, showing that multiple factors are pricddo suggests that a multifactor return
generating process is indeed the basis for a oektiip between expected returns and

sensitivities to multiple risk factors (Bowet al. 1984).

An important question relating to the return getiegaprocess and the APT model is the
identity of factors. While the APT framework doest rspecifically identify factors, some

guidance is provided in this regard. The APT sutgdisat only systematic risk factors
explain expected returns and therefore it is syatienrisk that is of interest in the return
generating process. Proposition (3) can be confirimge showing that only systematic risk
factors are priced (section 2.2.3). This propositioiginates from the assumption that within
the APT framework, risk exposures to systematik feectors determine the volatility and

performance of well-diversified portfolios (Burmigs et al, 1994). Confirming this

proposition requires for it to be shown that onoeeisification has taken place, the only
sources of risk that remain — and that are pricak -systematic risks not eliminated through
diversification. In the context of APT literature high focuses upon cross-sectional
relationships, this can be investigated by showiray expected returns on well-diversified
portfolios are not explained by factors represérgatf idiosyncratic risk (Reinganum, 1981;
Burmeisteret al, 1994). Proposition (4) does not follow directhpm the assumptions

underlying the APT framework, but is based uponrtesoning that there is no justification

in relying upon a more complex framework if it doeg convey more information relative to
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a simpler model (Reinganum, 1981). A simpler modall an alternative theoretical
framework are offered by the CAPM which is basedrufhe assumption that market betas
completely explain the cross-section of expectéarns (Campbell, Lo & MacKinlay, 1997;
Beenstock & Chan, 1986). Underlying the CAPM is iphas (1963: 281) single-factor
modef which is considered by Roll and Ross (1980) toabsimpler model of the return
generating process; an alternative to the mulbfalibear factor model assumed to underpin
the APT model. Proposition (4) can be confirmedbgwing that a multifactor model within
the context of the APT framework provides a supediescription of the return generating
process and the cross-section of expected retafasve to a single-factor model (addressed
in section 2.2.4; discussed within the South Africantext in Chapter 8). If this is the case,
then adopting the multifactor APT framework istjfisd. If this is not the case, the single-
factor CAPM framework should be adopted. As the ARddel is central to the framework
and is widely studied, establishing that the APTdelois superior to an alternative in
explaining expected returns provides a basisirfterring that a multifactor model of the
return generating process is superior in explairtimg time series behaviour of returns.
Notwithstanding this, the explanatory power of thlerlying linear factor model is also of

direct interest.

2.2.1. Number of factors in the return generatinggess

The literature recognizes that the APT framework ba used to establish the number of
factors in the return generating process (see B889). Roll and Ross (1980) undertake the
first extensive empirical study of the APT. Timerise and cross-sectional analysis is
conducted using a two-step approach utilizing retn stocks listed on the New York Stock
Exchange (NYSE) and American Stock Exchange (AMEXd)he United States (US) over
the July 1962 to December 1972 period. In the &tep, time series data is used to estimate
factor loadings on groups of individual stotksd in the second step, factor loadings are
used to explain the cross-section of expectednsturhe results of the time series analysis
relating to the structure of the return generapngcess indicate that at most five factors are
required to explain the return generating proc@kbough this is not a direct test of the APT

model, these results support the proposition olifiifactor return generating process.

* The original formulation of Sharpe’s (1963) “siaghdex” model is as follows:

R =A+BI+ G where Aand B are parameters of the model a®lis a random factor. Sharpe (1963)
postulates that is the level of any factor that is deemed to be dimgle most important factor influencing
returns, such as the level of the stock marketwisae or the Gross National Product (GNP).

® To estimate factor loadings, 42 groups of 30 stagch are used.
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Kryzanowski and To (1983) state that the numbedactors in the return generating process
is of particular interest; if the number of factassequal or similar to the number of assets in
the economy, or if the number of factors is exaedgilarge, then the APT framework is
unsatisfactory and not a viable conceptual fram&wior the modelling of the return
generating process and asset pricing. While recogpithat there are a number of
assumptions underlying the APT framework, the agtiseek to validate the assumption that
the return generating process underlying the NYB& Eoronto Stock Exchange (TSH$
characterized by at least one systematic risk fadtocontrast to the findings of Roll and
Ross (1980), returns on US securities are charaeteby at least ten factors over the entire
sample period, although factors beyond the fourtth fifth factor are seemingly trivial in
terms of explanatory power (Kryzanowski and To, 398able 4). Having noted that Roll
and Ross’ (1980) samples of 30 securities requirenore than five factors, in contrast to
their samples of 50 securities which require teotdis, Kryzanowski and To (1983)
investigate the relationship between sample sizetlae minimum number of factors. Results
suggest that although the number of factors istive$y related to sample size, this does not
mean that the number oabn-trivial factors is dependent upon sample size; the numiber
relevantfactors ranges between four and five regardlessanfple size. This proposition is
supported by the finding that factors beyond thertfo or fifth factor lie on a flat gradient
according to the scree téstsee Kryzanowski & To, 1983: Figure 1). This fingiis
interpreted as implying that factors beyond ththffictor are either trivial or non-trivial but
not general in that they are important for spec#fecurity subsets or over specific time
periods. In the latter case, where factors areifspéc certain security subsets, these factors
are not systematic and therefore do not qualifleggimate APT factors. Kryzanowski and
To (1983) conclude that a five-factor structure ti8lobe sufficient from an economic
perspective to describe the return generating gsoea conclusion similar to that of Roll and
Ross (1980). Results of the analysis conducted anadian securities yield similar

conclusions (see Kryzanowski & To, 1983).

Hughes (1984) suggests that the theoretical fortionl@f the APT formalizes the notion of a
multifactor return generating process and given proposition, seeks to test the hypothesis

that Canadian security returns are described byipraifactors. Unlike Roll and Ross (1980),

® The sample period for US securities covers theiaign1948 to December 1977 period and for Canadian
securities, the sample period is from January 18@2ecember 1971.

" Kryzanowski and To (1983) state that the screkisesimilar to tests used in stepwise regressioexamine
changes in the coefficient of determination.
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Hughes (1984) not only considers the number ofofactequired to explain returns on two
groups of Canadian securities listed on the TSH twe January 1971 to December 1980
period, but also investigates the amount of tinteesevariation explained by systematic risk
factors. Initially, a model with twelve factors estimated using factor analysis for each
group. Together, these factors explain over 50qmrof the variation in returns. The first
factor accounts for a third of the variation expéad and therefore, plays the most important
role in explaining the variation in returfhisThe remaining eleven factors account for
approximately a fifth of the variation in returnis.light of these results, Hughes (1984) states
that although these additional eleven factors expéss variation relative to the first factor, a
multifactor model nevertheless has greater exptepgbower than a single-factor model.
Moreover, results indicate that the four factorbssquent to the first factor individually
explain between 2 percent and 4 percent of theatian in returns, whereas the last seven
factors individually explained between 1 percentl @percent of the variation in returns.
Together, the four factors subsequent to the firstior explain an additional 10.8 percent of
the variation in Group A returns and an additioh2l3 percent of the variation in Group B
returns® Similarly to the findings of Roll and Ross (19&0)d Kryzanowski and To (1983),
Hughes’ (1984) findings suggest that five factotplain mostof the variation in returns and
factors beyond the fifth factor contribute margipato the explanation of the return

generating process.

Beenstock and Chan (1986) investigate numerous@spéthe APT framework using data
for the December 1961 to December 1981 period fteenLondon Share Price Database
(LSPD). In an initial set of tests, the structofethe return generating process is explored
using three samples of 80 firms each. Linear faotodels with a minimum number of
factors are fitted initially and the number of fast is increased by one at a time until
likelihood ratio tests of the goodness-of-fit oéthroposed model are no longer statistically
significant. The stationarity of the return genergtprocess is also tested by fitting models
over two sub-periods (Beenstock & Chan, 1986: TabhleOver the entire sample period of

twenty years, the number of factors identifiedtfoe three sample groups is sixteen, nineteen

8 A possible reason for the disproportionate exitanyapower of the first factor is that this facisrthe market
index (Chen, 1983).

° If one considers the percentage increase in thgoption of variation explained by the additionalif factors,
then the percentage increase in the proportionadhtion explained is 36.49 percent for Group A 88#43
percent for Group B. These values are arrived atultpgracting the proportion of total variation eaipkd by the
first factor from the proportion of total variatioexplained by the first five factors and dividing Ithe
proportion of total variation explained by the fifactor.
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and twenty-two respectively. Over the sub-peridtle, number of factors for each sample
remains more or less constant, suggesting thatethen generating process is of a stationary
nature. Given the extensive number of factors énréturn generating process, Beenstock and
Chan (1986) acknowledge that the number of facteay increase with sample size. The
authors show that when samples consist of apprdglynd5 stocks, the number of factors is
over ten, but when a sample consists of 80 staities,number of factors in the return
generating process is approximately twenty. Thisttsbuted to the emergence of sector
specific factors whiclshouldbe diversifiable and are therefore not relevanhwithe APT
framework - a proposition similar to that put fordaby Kryzanowski and To (1983).
Beenstock and Chan’s (1986) observation regardiegpositive relationship between the
number of factors and sample size is in line withl Rnd Ross’ (1984) argument that it is
always possible to induce factors that are idiostnc and not systematic in nature with
increases in sample size. By this line of reasqgnBepnstock and Chan (1986) argue that
although the number of factors may increase withpda size, this does not invalidate the
appropriateness of the APT framework as by definjtithese factors are diversifiable.
Similarly to Kryzanowski and To (1983) and Hughé&984), Beenstock and Chan (1986)
find that most of the explanatory power is concaett in the first four factors and factors

beyond the fourth factor contribute small and coraple amounts of explanatory power.

Elton and Gruber (1988) state that identifying dastwhich influence stock returns and
modelling the return generating process is impoértana number of applications such as
estimating the covariance structure of returnsuiee in asset pricing and event studies. To
identify the factor structure of the return gen@@iprocess, the authors consider four groups
of Japanese stocks compromising the Nomura Resétitute (NRI) 400 stock index over
the April 1971 to March 1986 period. This index @aats for over half of the total
capitalization on the Tokyo Stock Exchange (TSE ¢h April 1987). Based upon the
Schwarz Information Criterion (SIC), three groups #ound to be characterized by a four-
factor return generating process whereas a singlepgis characterized by a three-factor
return generating process (Elton & Gruber, 1988ufé 1). Further tests conducted by Elton
and Gruber (1988) confirm that the most likely n@mbf common(as opposed to sample
specific) factors in the return generating prodgsedsur. To confirm the multifactor structure
of the return generating process, securities asoried into size based portfolios and returns

on these portfolios are regressed onto alternative, three, four, five and six-factor
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solutions. The reported adjusted coefficient ofedeination [R?) indicates that gains in
explanatory power beyond the fourth factor are igége relative to the explanatory power
of the first four factors. For example, th increases from 0.686 when two factors derived
from the first sample are used to explain retuan8.771 for four factors and to 0.772 for six
factors (Elton & Gruber, 1988: Table 3). These Issulemonstrate that the gain in
explanatory power is negligible when additionaltéas beyond the first four factors are used
to explain returns. Elton and Gruber (1988) go ostiate that this finding supports the
preliminary evidence that a four-factor model iffisient to describe the return generating

process of stocks on the TSE.

Roll and Ross (1980), Kryzanowski and To (1983)ghs (1984), Beenstock and Chan
(1986) and Elton and Gruber (1988) all arrive atrailar conclusion; returns across markets
are described by a multifactor return generatinac@ss with the number of factors ranging
between four and five. Regardless of what the emantber of factors is, what is certain and
common across these studies is that the numbexctdrg in the return generating process is
alwaysgreater than one. In their entirety, these findingnade within the APT framework -

support the proposition of a multifactor return gexting process. It does, however, remain to

be seen whether factors in the return generatioggss are priced.

2.2.2. Number of priced factors

In a formal test of the APT model, Roll and Ros88Q) find that in cross-sectional analysis
with an assumed zero beta (risk-free) return oe&ent, at least one factor is priced in 90
percent of groups of securities and two or moréofacare priced in 60 percent of groups of
securities considered in the study. Furthermorthird of the groups exhibit at least three
statistically significant risk premia. Roll and Ro& 980) conclude that at least three factors
are priced and it is unlikely that more than foactbrs are reflected in expected returns.
These findings suggest that a description of rsetum equilibrium also relies upon a
multifactor model and therefore, the APT model et the multifactor structure of the
return generating process. The authors recognaentith APT factors being unidentified, it
is possible that factors that generate returngidiform group to group and therefore, are not
systematic as required by the APT framework. Tcemieine whether the same factors

generate returns in each sample, Roll and RosD)188t whether the intercepi,, of the

cross-sectional regressions used to estimate rigknip on factor exposures differs
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statistically across groups. As the intercept suiaged to be the expected return on a riskless
rate and is unrelated to systematic factors, iukhbe identical across groups. The authors
find that the intercepts do not differ across gsUpAlthough this implies a consistent
underlying factor structure, Roll and Ross (198@)ton that this test is weak. Nevertheless,
these findings suggest that the APT model refldetamultifactor structure of the underlying
return generating process and point towards theende of a set giriced factors that have a

systematic effect upon returns.

Chen (1983) does not employ a factor analytic aggrdo derive the number of factors in the
return generating process and insteaposesa five-factor model upon return series obtained
from the Center for Research in Security Prices§BRdatabase. The five-factor model of
the return generating process is, according to Gh883), motivated by the findings of Roll
and Ross (1980) and therefore the number of retdaators in the return generating process
is not considered directly. Results of the crosdigeal regressions reveal that in the
different sub-periods considered, the number afeatifactors islwaysgreater than one. For
example, during the first sub-period (1963 to 1966) factors are priced whereas during the
third sub-period (1971 to 1974), two factors arequd. As in Roll and Ross (1980), the
multiple priced factors reflect the multifactor wstture of the (imposed) return generating
process. Chen (1983) further tests whether the AR@el has cross-sectional explanatory
power by testing whether risk premia are jointly&go zero. The null hypothesis is rejected
confirming the presence of multiple priced factorsexpected returns. The finding that at
least two factors are priced, depending upon thepguiod considered, suggests that at least
two factors explain the time series behaviour ¢dfimes even if the structure of the return
generating process is not directly investigatede Tihding that multiple priced factors are
reflected in expected returns supports the proposivof an underlying multifactor return

generating process.

Hughes (1984), having shown that up to twelve factdescribe the return generating
process, finds that between the two groups of Qanagkcurities considered, three to four
factors are priced. As in Roll and Ross (1980) amén (1983), the presence of multiple
priced factors imperfectly reflects the multifac&iructure of the return generating process
suggested by factor analysis. To ascertain theistensy of the factor structure, Hughes

19 To obtain the time series of intercepts, crossiseal regressions are estimated éachgroup using factor
loadings for each asset in the 42 groups in theokarRor an outline of this procedure see Roll Bods (1980).
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(1984) investigates whether the intercept acrosstilo groups is constant. Results suggest
that this is indeed the case; the factors thatriesexpected returns on the first group are the
same factors that explain expected returns ond¢bensl group. In an extension of the tests
relating to the consistency of the factor structudeighes (1984) demonstrates that the
intercept for both groups is equal to proxies & tisk-free interest rate in the form of rates
on treasury bills and the bankers’ acceptance Tdtese findings suggest that not only does
the intercept term have an economic interpretatio@,intercept term in the APT model is
equal to the risk-free rate of return as assumetth®APT framework. In a further test of the
consistency of the factor structure, Hughes (1284} risk premia estimated for one group to
explain returns on the alternate grdtiiResults show that the risk premia for a given grou
are able to explain expected returns for the adterngroup suggesting that pricing
relationships are not unique for each gréupccording to the author, this points towards a
consistency in the factor structure between setscohomic factors which drive returns for
the two groups. Moreover, Hughes’ (1984) findingendnstrate that multiple factors are
priced and therefore, the cross-sectional APT muefldcts the underlying multifactor return

generating process.

Beenstock and Chan (1986) test the APT model gbkshing how many of the factors in
the return generating process are priced in thubesamples spanning two sub-periods. In
contrast to the findings of Roll and Ross (198A)the first sub-period (1962 to 1971), the
number of factors that are priced ranges betweem aed two across sub-samples when a
two-tailedt-test is applied and between two and three whemeaailedt-test is applied. The
finding of no priced factors is limited to a singleb-sample (Sample 3) when a two-tatled
test is applied and it is common to observe betwe®nand three priced factors for all sub-
samples regardless of the typea-oést applied. For the second sub-period (197281}, the
number of priced factors ranges between zero apduien a two-tailetttest is applied and
between one and two when a one-tatktelst is applied. The correlation between the numbe
of factors in the return generating process deribgdBeenstock and Chan (1986) and the
number of priced factors is weak. This is espegiallident in the second sub-period, where
only one factor is priced for most sub-samples.séhiéndings suggest that the number of

priced factors does not fully reflect the numberfaiftors in the return generating process.

" For example, returns for each firm in Group A mgressed on estimatesrisk premiafor Group B.

12 Hughes (1984) reports that when Group A returesragressed on Group B risk premia, between 2 and 4
coefficients are statistically significant in 80rpent of regressions. When Group B returns areessgd on
Group A risk premia, between 2 and 5 coefficiemesstatistically significant in 80 percent of regg®ns.
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This inference is especially applicable to the sdcaub-period where the number of priced is
centred on one, depending upon the typé-tekt applied. In their entirety, Beenstock and
Chan’s (1986) findings provide somewhat ambiguousilence relating to the linkage

between the number of factors in the return gemgygtrocess and the number of priced

factors in the cross-sectional APT model.

Elton and Gruber’'s (1988) findings are similarhoge of Beenstock and Chan (1986). After
having found that four factors are sufficient topkxn the return generating process
underlying the returns on groups of securities camising the NRI 400 stock index, factor
sensitivities estimated in time series regressamesused to explain expected returns within
the APT model. Results indicate that only a sirigt#or is priced suggesting the multifactor
structure of the return generating process is oty freflected by the APT model. This
suggests that an overt reliance upon the APT mtudéifer the number of factors in the
return generating process in this instance wilhptawards a single factor where it has been
shown by Elton and Gruber (1988) that four factmes more appropriate. Nevertheless, these
findings suggest the APT model does reflect thecstre of the return generating process,
albeit weakly; a factor that features in the retgemerating process priced in expected
returns. However, these findings also suggest tatcorrelation between the number of
priced factors in the APT model and the numbemotdrs in the underlying return generating
process is weak.

The findings of Roll and Ross (1980), Chen (1988) Blughes (1984), Beenstock and Chan
(1986) and Elton and Gruber (1988) suggest thginglupon the number of priced factors in
the APT model to draw inferences regarding thecstire of the underlying return generating
process will result in an understatement of the lmemof factors in the return generating
process. However, as in each of these studies on®re factors that feature in the return
generating process are priced, it can be arguadhkaAPT model indicates thminimum
number of factors that feature in the return gameggorocess. Most importantly, theisea
linkage between the two components of the APT fraonk. Literature concerned with
multifactor explanations of the return generatingcess often cites cross-sectional APT
studies to motivate for multifactor specification&s these cross-sectional APT studies
usually acknowledge the multifactor structure oé tleturn generating process which is
(imperfectly) reflected by the APT model, thesedsta can serve as a motivation for

multifactor specifications of the return generatipgpcess andan inform the identity of
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factors (Elton & Gruber, 1988; Eltoet al, 2003). The presence of a linkage between the
APT model and the return generating process (dwerak at times) suggests that inferences
drawn from APT literature dealing with asset prgciiorm part of the APT framework in its

entirety as a conceptual framework.

2.2.3. Role of undiversifiable risk

Roll and Ross (1980) investigate whether factorglated to systematic risk are priced. Prior
results suggest that as many as four factors aieedyrimplying that investors are
compensated for variation in the return generagmngcess that arises from systematic
(undiversifiable) risk. As the APT framework postigds that only systematic risk will be
priced, a finding of priced factors that are uniedato undiversifiable risk will lead to a
rejection of the APT (Roll & Ross, 1980). Suchrading will be exceptionally disconcerting
in the context of this study as the APT frameworitl wo longer provide a definitive
conceptual framework for the selection and idetdtibn of factors characterizing the return

generating process.

Roll and Ross (1980) hypothesize that the totalamae of individual returns should not
explain expected returns as the diversifiable camepb of the total variance is eliminated
through diversification and the non-diversifiablaripis captured by factor loadings. To test
whether the total variance plays a significant rnoleexplaining expected returns, expected
returns are regressed onto factor loadiagd the standard deviation of individual returns
within each group. Preliminary results indicatet timmalmost half of the groups considered,
the standard deviatiois statistically significant. However, Roll and Rod4980) argue that
this initial result arises due to positive skewnessndividual returns which is believed to
create a positive dependence between the sample amehsampletandard deviation. To
address this problem, differing observations fartheasset in each group are used to estimate
factor loadings, the own standard deviation forheasset and to conduct the cross-sectional
regression$® Results indicate that the own standard deviatompriced in less than 10
percent of the sample groups considered. On this baghese results, Roll and Ross (1980)

argue that there is little reason to reject that ttypothesis that expected returns are

13 Cross-sectional regressions are estimated usiilg olaservations for days 1, 7 and 13...etc, the diact
loadings are estimated using days 3, 9 and 15.aattpwn standard deviations are estimated using Blay1
and 17...etc. The own standard deviation is the stahdeviation of returns on individual assets il Rad
Ross’ (1980) sample. The time series of the rigum on the own standard deviation is tested tatissical
significance (see Roll & Ross, 1980: 1098).
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unaffectedby the own standard deviation. The finding of atistically insignificant risk
premium on the standard deviation for most groupgpesrts the notion that it is only
systematic risk that is priced and therefore, diviable risk does not play a role. This
supports the proposition that only factors thatehavsystematic impact upon returns are of

interest.

Similarly to Roll and Ross (1980), Chen (1983)d¢ke APT model against its own variance.
Own variance is estimated using all even days ol sab-period and all securities are sorted
into two portfolios characterized by high or lowriaace but the same factor loadings. It is
hypothesized that if the returns on each portfdibonot differ significantly, then the APT
model holds as own variance does not have an effem returns and all risk is reflected in
factor loadings. If own variance does have an &ffdwen the portfolio with higher own
variance should have returns that are higher thaset on the portfolio with lower own
variance. Results indicate that the difference betw portfolio returns is statistically
insignificant and therefore, the APT framework alidated. As in Roll and Ross (1980),
factors representative of firm specific (idiosyriarprisk are irrelevant after controlling for
systematic risk (Chen, 1983: Table 5, Panel A).rCi®83) however goes one step further
than Roll and Ross (1980) and considers the impfaahother firm specific risk factor - size.
The size effect refers to the observation that kfiteds have higher returns relative to large
firms after controlling for risk. In the context tife APT model, the presence of a size effect
suggests that factor loadings do not fully captisie and that some of the risk is reflected in
a firm specific factor in the form of size (BanZ8lL; Reinganum, 1981). The rationale
behind Chen’s (1983) test is the same as befara;dize should not have an impact upon the
returns on portfolios consisting of similarly sizBans after controlling for systematic risk.
This hypothesis is tested by separating firms iwim portfolios of assets with the same factor
loadings but of different sizes; namely, small datge, and estimating the differences
between average returns. Only for one out of tlie $ob-periods under consideration (1985-
1978), a statistically significant difference beémereturns on the portfolios of small and
large firms is observed after adjusting for systiéenask. However, this difference becomes
statistically insignificant after adjusting for sdrcorrelation. Based upon these results, Chen
(1983) concludes that the null hypothesis of filre $aving no explanatory power cannot be
rejected after adjusting for risk captured by thetdr loadings. Similarly to the results of Roll
and Ross (1980), these findings suggest that idmsayic risk as measured by firm specific

factors has no impact upon expected returns amdftre, only systematic risk is relevant.
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Beenstock and Chan (1986) state that the APT fraewnplies that idiosyncratic risk
should not be priced and in stating so, again ¢hlsowidely recognized tenet of the APT
framework. To test whether this assumption holds tfee stock market in the United
Kingdom (UK), expected returns are estimated ussdg months and own variance is
estimated from even months covering the samplege@ross-sectional regressions are run
incorporating the estimated factor loadings and aw@riance as explanatory factors. The
process is repeated using even months to obtaieceegh returns and odd months to obtain
own variance. In two out of six instances — as Bamk and Chan (1986) use three sub-
samples — own variance is priced. However, Beekstod Chan (1986) warn that because
there is an overlap in the samples (220 secudiggled into three samples of 80 securities
each), even and odd observations are unlikely todoepletely independent and thus, these
mixed results should not be seen as a rejectiameonull hypothesis of own variance not
being priced. Given the recognized limitation af tlest and the balance of probabilities, the
null hypothesis of own variance not being pricedned be rejected outright. These findings,
although ambiguous, continue to point towards #eviance of systematic risk as opposed to
idiosyncratic risk. Beenstock and Chan (1986) alsosider the effect of firm size on UK
firms. A test similar in rationale to that of Ch€t983) is conducted whereby firm size is
used as an explanatory factor alongside factoridgad Results indicate that firm size is
statistically insignificant over the entire sampleriod and over the second sub-period (1972
to 1981)™ This result is to be expected if only systemaisi& is relevant? In light of the
latter finding, Beenstock and Chan (1986) staté tha APT cannot be rejected upon the
basis of a firm size effect although, the resultghe test relying upon own variance to

explain expected returns are somewhat ambiguous.

Yli-Olli and Virtanen (1992) investigate the apglimlity of the APT framework to Finnish
stocks listed on the Helsinki Stock Exchange (H8®#)r the February 1970 to December
1986 period. It is argued that because idiosyncragk can be diversified away, it should not
be priced. To test whether this assumption holdbiwithe APT framework, the authors
employ a three-step procedure. After estimatingofalbadings within a four-factor model,
and using these factor loadings to explain expec&tdrns, the resulting residuals are

regressed onto the own variance and firm size. IResulicate that whereas own variance is

14 Beenstock and Chan (1986) do not consider the $isb-period separately and therefore, no resubis a
reported (see Beenstock & Chan, 1986: Table 11).

51t must however be noted that it is by no meamtaiethat there is a firm size effect present isitthe UK
market in the first instance.
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statistically insignificant in all three sub-perfoatonsidered; the impact of firm size is
statistically significant for a single sub-periathfuary 1981 to December 1988)Ii-Olli
and Virtanen (1992: 520) conclude that own varianoe firm size have only “slight”
explanatory power for expected returns suggeshagitiosyncratic risk is accounted for by

the factor loadings.

The preceding discussion mostly supports the assominat only systematic risk is priced,;
Roll and Ross (1980) find no evidence of an ownavee effect, a finding confirmed by
Chen (1983). Beenstock and Chan’s (1986) resufiisstane doubt upon the findings of Roll
and Ross (1980) and Chen (1983) with regard tadleeof own variance in the UK market.
However, on a balance of probabilities, their ressake supportive of the assumption that
only systematic risk is priced. Yli-Olli and Virtan (1992) show by employing a three-step
procedure that idiosyncratic risk is irrelevant fxpected returns on Finnish stocks after
controlling for systematic risk. These findings generally congruent with Roll and Ross’
(1980) argument that the absence of priced idiasyic risk factors implies that it is
systematic risk present in the return generatiraggss that is compensated. It is therefore
this category of risk which should be considerecemvimvestigating the return generating

process within the APT framework.

2.2.4. The APT framework versus a single-factarakttive

Reinganum (1981) states that although the APT fvaonke is a plausible alternative to the

single-factor CAPM framework, the reliance upon @aencomplicated model is justified only

if it conveys more information relative to a simplmodel. By this reasoning, the APT

framework must provide a better description of mesurelative to the CAPM to be considered
a replacement and viable alternative. It is witthirs context that Chen (1983) investigates
how the APT model fares against the CAPM. To inges¢ the cross-sectional explanatory
power of the APT and CAPM, factor loadings are useelxplain expected returns within the
APT model and betas estimated using the StanddPod’s (S&P) 500 Index, CRSP value-

weighted and equally-weighted stock indices aral useexplain expected returns within the
CAPM. The resultantR?>s are considered as indicators of explanatory pofwerthe

respective models. Th&? for the APT model employing factor loadings is riduto be

1 The other sub-periods span the February 1970 temker 1975 and the January 1976 to December 1980
periods.
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almost double that of the CAPM employing marketabgt suggesting that the multifactor
APT model is superior in explaining the cross-sethf expected stock returns relative to the

single-factor CAPM. To establish which model bessdibes actual returnsy; (, actual

returns are regressed on expected retutngénerated by the APT model and the CAPM:

r= aﬁ,APT +(1- a):\i,CAPM te, (2.6)

wheref, ... andf .., are returns generated cross-sectionally by the ibBdel and CAPM
respectively. If the APT model is the correct modfgscribing returns, themr, the
coefficient on returns generated by the APT modeguld be close to 1 if cross-sectional

variation inr, is fully explained by the APT model. Results fack of the sub-periods and

indices used to estimated market betas are repoeled:
Table 2.1: Estimated weights of the expected return from APT and CAPM

Period S&P 500 a a
Value-Weighted Stock  Equally-Weighted
Index Stock Index
1963-1966 0.968 0.970 0.992
(0.014) (0.014) (0.010)
1967-1970 1.006 0.994 0.952
(0.014) (0.012) (0.010)
1971-1974 0.938 0.945 0.951
(0.021) (0.019) (0.025)
1975-1978 0.953 0.970 0.994
(0.014) (0.010) (0.020)

Notes:
1. Standard errors in parenthesis.

Source: Chen (1983)

Although, Chen (1983) notes that in a number ofaimses the estimated differs from 1, it

is clearly evident that the s are all very close to one in all sub-periods maghrdless of the
market proxy used. These results are further sigpdry posterior odds analysis which
overwhelmingly favours the APT model over the CAPNis confirms that the multifactor
APT model provides a more adequate descriptionxpéeted returns relative to the single-
factor CAPM. Furthermore, this implies that a nfalttor model of the return generating

process is also superior in describing returnghé APT model is superior in describing

" The averageR? for the APT is 0.12 and 0.076 for the CAPM ovkisab-periods and market proxies. The
averageR? for the APT model is defined as the sumRA over the sub-periods divided by the number of sub-

periods. For the CAPM, the avera® is defined as the sum oR? over the sub-periodsnd market proxies
divided by the number of sub-periods multipliedtbg numbey of market proxies used.

' See Chen (1983: 1398). APTK EA,+Ab, +..Ab, +&,) against the CAPM alternative of
I, =A, + A8 +1, (Notation unchanged).
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expected returns and the APT model reflects thenlyidg return generating process, it may
be inferred that the underlying return generatingcess is superior in describing the time

series behaviour of stock returns.

Boweret al (1984) argue that it is undesirable to adopinglsifactor approach if it can be
shown that a multifactor approach provides a béatidication of asset risk. While the single-
factor framework proposed by the CAPM has furthehedunderstanding of expected returns
on assets, the APT model not only contributes éouhderstanding of expected returns but
also offers a systematic link between expectedrmstand the return generating process.
Unlike Chen (1983) who only considers the perforogaof the APT model against an
alternative, Boweet al (1984) consider both aspects of the APT framewlorkhe first test,
the authors use returns on the CRSP value-weightegk to estimate a single-factor model
of the return generating process underlying the AR four-factor model of the return
generating process underlying the APT model is akstimated using factor scorésThe
returns to be explained are returns on stock amdl lpmrtfolios over the January 1971 to
December 1979 peridd.

Returns on each portfolio are regressed on the CRBR-weighted index and the factor
scores. The results indicate that the averR§dor the multifactor return generating process
underlying the APT model is 0.869 whereas the ayeR? for the single-factor model of the
return generating process underlying the CAPM ma@yamately 0.605. The implications of
these results are best summarized by Baveat (1984: 1046) who state that “these findings
are consistent with a conclusion that the APT mlesia better description of the return
generating process than does CAPM.” A second sesbmducted whereby factor scores are
used to explain returns on a holdout sample congisif the securities of electric utilities,

gas companies, telecommunication providers andsinidis®* As before, results indicate that

the R? is greater for 80 percent of individual stocks whiee four APT factors are used to

19 Factor scores are the values of a given factimatt derived through factor analysis (Blume, M. Gulte&
N. Gultekin, 1986). Boweet al (1984) refer to the return generating processeenying the APT model and
CAPM as the “characteristic line.” This is anothame for the return generating process (Ruppett] 20

2 Twenty-six portfolios consisting of stocks and fdond portfolios. Another four stock portfoliogrsisting
of electric utilities, gas companies, telecommutidcautilities and industrials are excluded frone stimation
procedure and are treated as a holdout samplstttheepredictive ability of each model in furthests.

L The factor scores are derived from a sample whiahudes securities in the holdout sample. Thigeskks
the criticism that the high level of explanatorywss observed for the APT framework is the resulusiing
factor scores derived from the very same returiesehat these factor scores are used to explasmBsweret
al., 1984).
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model the return generating process relative tosihgle-factor model characterizing the
CAPM. The averageR?® for the multifactor model is 0.323 whereas for giegle-factor
model, the averagdR® is 0.263. Based upon these findings, Boweral (1984) again
acknowledge that the multifactor APT framework &ttér at explaining the return generating
process relative to the single-factor CAPM framdwdklthough, the authors warn that this
superior explanatory power may be attributed touke of factor scores derived from the
returns that they are used to explain, this csiticiis addressed by the use of a holdout

sample.

It is desirable to extend the finding of superigplanatory power to the cross-sectional APT
model, as this will indicate that both aspectsh&f APT framework - the return generating
process and the APT model - are superior relatve simpler framework. If the APT model
reflects the superior explanatory power of the ulydey return generating process, then it
may be concluded that the superior cross-sectierplanatory power observed in studies
focusing upon modelling returns in equilibrium melicative of the explanatory power of the
multifactor return generating process underlying &PT model. This indeed appears to be
the case; Bowest al (1984) find that the four-factor APT model explaiover 40 percent of
cross-sectional variation in expected returns wdeerdthe CAPM explains just under 30
percent. The authors conclude that although the t@sthe APT is not absolute, the APT
framework appears to be better at explaining bdih time series and cross-sectional
variation in returns. Moreover, it is demonstratkdt both aspects of the APT framework -
the return generating process and the APT modeé saperior relative to a single-factor
model in terms of explanatory power. A linkage betw the superior explanatory power of
the APT model and the underlying multifactor retgenerating process is demonstrated.

Beenstock and Chan (1986) compare the adequadyeocCAPM and APT modelwithin-
sample and out-of-sampleby comparing theR® of the two models. The APT model
significantly outperforms the CAPM model in-sampliee averageR?® for the APT model

over the two sub-periods and three sub-samples2830whereas the averad®® for the
CAPM is negligible?® Out-of-sample tests are conducted by estimatingkenéetas and
factor loadings over a ten-year period and runréngss-sectional regressions over each

month in the subsequent year (subsequent to egitmsdmple) starting in 1973. As before,

220.009 to be precise.
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the multifactor APT model outperforms the CAPM; theerageR? for the CAPM is 0.023

whereas the average® for the APT model is substantially greater at 0E8pected returns

are then regressed on returns predicted (fittedhbyAPT model and the CAPM (equation
(2.6)). As in Chen (1983), the data favours thetiiagtor APT model over the CAPM both
in-sample and out-of-sample (see Beenstock & Ch886: Table 8). Both Chen’s (1993)
and Beenstock and Chan’s (1986) studies suggesthinaAPT model is superior and better

suited to explaining the cross-sectional variatioexpected returns relative to the CAPM.

Similarly to Boweret al. (1984), Elton and Gruber (1988) consider botheetspof the APT

framework, although the emphasis is on explainhmg time series variation in returns and
comparing the performance of a four-factor modeliegt the performance of a single-factor
model of the return generating process. A fourdactturn generating process specification

is estimated for returns on size sorted portfolaggether with a single-factor model utilizing

returns on the NRI 400 stock index as the only axglory factor. The average® reveals
that while the single-factor model explains 55 petaf the time series variation in returns,
the four-factor model explains 78 percent of tineetiseries variation in returns. These results
suggest that a multifactor model is superior reéatbd a single-factor model in explaining the
return generating process of securities. Elton &@rdber (1988) also investigate the
consistency of the explanatory power of the sirfigtger and the four-factor models and find
that it differs across the differently sized poliie. Whereas the single-factor model
incorporating returns on the NRI 400 stock indeglaks between 14 percent and 90 percent
of the variation in returns on the smallest anddat portfolios, the explanatory power of the
four-factor model lies within anarrower range of between 66 percent and 82 percent
respectively. This implies that a multifactor modgelfar more consistent and uniform in its
ability to explain the time series variation inwets. Although Elton and Gruber (1988) also
conduct cross-sectional tests of the APT modelkar€Chen (1983), Bowest al (1984) and
Beenstock and Chan (1986), the cross-sectionabheapry power of the APT model is not
compared against that of a single-factor altereatin conclusion, the authors suggest that a
four-factor model is sufficient in explaining theturn generating process. Notably, the study
introduces another criteria upon which to judge dppropriateness of a model; consistency
in explanatory power. In this regard, the APT framek is more consistent relative to a

single-factor alternative.
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The above studies suggest that the APT framewaalksigperior framework for modelling the
return generating process and expected returng) (11983) and Beenstock and Chan (1986)
show that the APT model is more adequate and sarpariexplaining expected returns
relative to the CAPM. Boweet al (1984) show that the APT framework is better at
explaining the time series variation in returns #melcross-section of expected returns. Elton
and Gruber (1988) find that although only a sinfgletor is priced in cross-sectional analysis,
the multifactor return generating process spedibcaunderlying the APT model is superior
in a number of respects relative to a single-factadel relying upon an aggregate index.
These findings suggest that the more complex ARMméwork is superior in explaining
return behaviour and therefore, this multifact@anfiework should serve as a conceptual basis

for investigating the return generating processxgiaining equilibrium returns.

2.2.5. Limitations of the APT framework

The APT framework fulfils the role of an informagivconceptual framework within which
equilibrium relationships can be modelled and witlvhich the return generating process can
be explored. Propositions stemming from the AP Bapport; the return generating process
is characterized by more than one factor and egpertturns reflect the structure of the
return generating process to some extent. Idiogyiccrisk factors are not priced suggesting
that they are of no concern when modelling therregenerating process. Systematic risk is
of primary importance within the APT framework. TWPT framework outperforms a
single-factor alternative in explaining the timerieg behaviour of returns and expected
returns. However, a comprehensive assessment tergretation of the framework requires

that limitations of the framework are acknowledged criticisms noted.

Dhrymes, Friend and Gultekin (1984) re-examine nbsults obtained by Roll and Ross
(1980) arguing that any empirical investigation afnew theory or concept should be
subjected to replication to confirm the findingheTauthors point out that more than five
factors may be necessary to describe the returargtmg process of returns on NYSE and
AMEX securities. Using an almost identical datd5¢d that of Roll and Ross (1980),
Dhrymeset al (1984) show that that the number of groups foictvia five-factor structure is
inadequate is greater than that suggested by RdllRoss (1980). Whereas Roll and Ross
(1980) arrive at the conclusion that it is unlikétyat more than five factors are necessary to

% Dhrymeset al (1984) replace 13 securities for which data imvailable and a further 11 securities
characterized by a large number of missing obsiemnst
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describe the return generating process based ufindiag that in only 2.3 percent (1 out of
42) of groups a five-factor decomposition is inasktq, Dhrymest al (1984) find that a
five-factor decomposition is inadequate for 16.Gcpat (7 out of 42) of groups. This
discrepancy is attributed to Roll and Ross’ (198§9 of groups with missing observations or
the greater precision of the statistical softwaseduby Dhrymeset al (1984), or both.
Regardless of the source of error, this limitatipotentially translates into erroneous

conclusions regarding the complexity of the retgenerating process.

Dhrymeset al (1984) also investigate how the number of factorghe return generating
process varies with group size. Results indicatd tieturns on the smallest group (15
securities) are characterized by at most two factdrereas returns for groups consisting of
90 and 240 securities are described by at mostamdesix factors respectively. This suggests
that the number of factors is positively relatedthe number of securities in a group.
Whereas Beenstock and Chan (1986) attempt to edizenthe positive relationship between
the number of factors and group size, and Hugh@84(1shows that the first five factors are
the most important in explaining the variation gturns, the findings of Dhrymest al
(1984) should not be ignored. What is of concerthéslarge discrepancy in the number of
factors in the return generating process of graupaoying sizes. Furthermore, Dhrymes

al. (1984) do not investigate the group size at whiehnumber of factors stabiliz€sThe
guestion that arises is whetherpracticea two-factor model is sufficient and does not omit
any relevant factors or whether a nine-factor mogteduld be adopted on the basis of
statistical and practical significance. With suclam@e discrepancy in the number of factors,
the problem is not easily solved. Moreover, althowgn indication of an upper bound is
desirable, it is not provided by Dhrymes al (1984). The consequences of a failure to
identify a stable or upper bound to the numberaotdrs in the return generating process is
best articulated by Bodie, Kane and Marcus (2006p wstate that if a model requires
hundreds of explanatory factors, the consequenadasure to simplify the return generating
process. These findings indicate a major limitgtidghe APT framework fails to
unambiguously identify the number of factors that aufficient to describe the return
generating process. Notwithstanding this limitatiarhat is certain is that more than one

factor characterizes the return generating process.

2 Only five factors are estimated for groups coirsisdf 240 securities as a result of “acceleratinghputer
costs.”
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Central to the APT framework is the APT model whipbstulates that expected returns
reflect compensation for exposures to multipleeysttic risk factors in the return generating
process. Roll and Ross (1980) find that at leastetliactors are priced, Chen (1983) finds
that between two and four factors are priced, Hadhé84) finds that between three and six
factors are priced and Beenstock and Chan (1988y shat up to three factors are priced.
Dhrymeset al (1984) investigate whether a five-factor modgplais the cross-section of
expected returns by testing the null hypothesigis premia jointly equalling zero (see
Chen, 1983). The null hypothesis is rejected iryddl.29 percent (6 out of 42) of the groups
considered suggesting that a central componeritecoAPT framework, the APT model, fails
to explain expected returns. Furthermore, whenofactepresentative of idiosyncratic risk
such as the standard deviation and the skewnessligfdual returns are incorporated into
the model, the null hypothesis is rejected for ahl§6 percent (2 out of 42) of groups. These
findings contrast with those of Roll and Ross (198®o find that at least one or more
factors are priced in 28.57 percent (12 out ofegf)roups when idiosyncratic risk factors are
considered. Dhrymest al’s (1984) findings suggest that APT factor loadirfigil to explain
expected returns and that APT factor loadings faven worse in the presence of
idiosyncratic risk factors. Moreover, when secastare sorted into groups by mean returns,
no statistically significant risk premia vectorg dound. Dhrymegt al (1984) attribute this
discrepancy in results to Roll and Ross’ (1980arale upon the validity of the assumption
regarding the normality of cross-sectional Geneeali Least Squares (GLS) risk premia
estimates and the use of tests that fail to consldpartures from these assumptions. These
findings cast some doubt upon the validity of tHeTAramework; the APT model is a critical
component of the framework and if it does not htheén why should an investigation of the
return generating process be based upon a framewforkhich a central proposition is
deficient. Dhrymeset al (1984) state that the finding that few risk pramiectors differ
statistically from zero reduces the APT to an empteon of the return generating process
only. If this is the case, the APT can no longecbesidered as @omprehensiveonceptual
framework which can be used to modhekh the return generating process of returns and to

study equilibrium relationships.

Another set of tests of the APT considers whethermhodel is able to explain anomalies not
explained by other models (Brown & Reilly, 2009).dssence, such tests are a comparison of
alternate models on criteria other than explangporyer. One such anomaly is the so called

January effect, which may bias asset pricing testsfavour of finding significant
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relationships between risk and expected returns.ekample, Tinic and West (1984) show
that when January is excluded from the analysig@fCAPM, there is a breakdown in the
relationship between expected returns and risk. ekin and N.Gultekin (1987)
investigate whether the January effect plays a irolests of the APT model using CRSP
return data for the July 1962 to December 198logeRreliminary analysis reveals that there
is a strong seasonal effect in returns; mean retara almost 30 percent for January whereas
the month with the second highest mean returns aseMber with 11 percent. This
seasonality is reflected in cross-sectional regpassestimated using only January returns;
the null hypothesis of risk-premia being jointlyuad|to zero isalwaysrejected in each of the
sample groups of 30 and 90 securities. Howevernwaturns for all other months excluding
January (average of eleven months) are consideddpremia are priced in just under a
tenth (9 percent) and under a third (27 percenthefgroups respectively (see M.Gultekin &
N. Gultekin, 1987: Table Ill, Panel A&B). While theeasonality results are robust to group
size in that the January effect is observed in ggaaf 30and 90 securities, the presence of a
strong January effect is likely to bias resultsfawour of the APT model if January is
considered together with the other eleven monthss i confirmed by M. Gultekin and N.
Gultekin’s (1987) findings that the statistical rdfirance of the risk premia is greatly
diminished when the sample excludes January amdngebn the remaining eleven months
are used. These findings suggest that the APT framieis only able to explain the risk-
return relationship in January and is therefore,applicable during other months. If this is
the case, then drawing inferences from APT litegtonay not be appropriate as results
reflect the presence of seasonal effects and ateantrue reflection of equilibrium

relationships.

Reinganum (1981) argues that the APT frameworkptaasible alternative if it can explain

differences in returns on firms of different sizéhe author’s test is based upon the
assumption that securities with similar factor iogd should have similar returns. To test
this hypothesis, a two-stage procedure using CR8® for securities traded on the NYSE
and AMEX since July 1962 is employed. In the fe&ge, control portfolios are created by
grouping securities with similar factor loadingsoirtontrol groups where factor loadings are
estimated over a sixteen year period. Excess i®tam securities are then estimated by
subtracting control portfolio returns from securitgturns. In the second stage, having
obtained excess returns, securities are groupegauontfolios according to size. The rationale

is that because all securities within the controugs have similar exposure to factors, excess
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returns are risk-adjusted and therefore, shoulddae zero. The validity of the APT model
can then be investigated by testing the null hypsith of average excess returns jointly
equalling zero (Reinganum, 1981). Reinganum (18&8Wever finds that this is not the case;
average excess returns are not equal to zero tegardf whether three, four or five-factor
models are used to model APT risk. Returns on thallest portfolio are positive and
statistically significant whereas returns on theydst portfolio are negative and statistically
significant. Returns on smaller portfolios are Rghhan returns on larger portfolios. A
formal test of the equality of means confirms ttiedre is evidence of a size effect after
controlling for APT risk. This suggests that theTAfPamework fails to account for all risk in
returns and fails to explain the size effect. litirfg to do so, the APT framework fails to
explain a phenomenon not explained by a simplerahdthus, the indictment against the
APT framework comes from the finding that it faidssaccount for anomalies that arise within
the CAPM; the APT does not perform better relatva simpler framework on criter@her
than explanatory power. If the APT model does mesent an improvement over the CAPM
in the cross-sectional context, then the argumentatiopting the more complicated APT

framework is somewhat weakened.

At the core of the APT framework lies the assumptibat only systematic factors drive
returns and as idiosyncratic risk can be mitigatedugh diversification, only systematic risk
factors are relevant to security returns (Reinganl®81; Burmeisteet al, 1994). Roll and
Ross (1980), Chen (1983), Beenstock and Chan (1886)YIi-Olli and Virtanen (1993)
either find no evidence or limited evidence of pdadiosyncratic risk factors. Dhrymestal
(1985) examine this proposition using CRSP retuata dor the July 1962 to December 1981
period. It is hypothesized that measures of idiosgtic risk, namely the total and residual
standard deviation, should be irrelevant when amred together with systematic measures
of risk. Results for three group sizes (30, 60 @@decurities) indicate that both systematic
and idiosyncratic risk factors derived over thestfisub-period (July 1962 to March 1972)
provide little insight into the behaviour of expedtreturns although, idiosyncratic risk
appears to be more important relative to systemmatkc For groups of the 30 securities, the

null hypothesis that the risk premia vector is zereejected in 3.33 percent (1 out of 30) of

% Reinganum (1981) does however note that a nunfdeypmtheses are tested jointly; for example, thiditp

to explain anomalies and also indirectly that omhdiversifiable factors are relevant in explainihg cross-
sectional characteristics of expected returns.thisrreason, tests cannot reveal with absoluteicgyt which
hypotheses are supported. Potential sources of eteal are the (potentially incorrect) assumptidra linear
return generating process, the (in)ability to caetglly diversify away idiosyncratic variance and &xstence
of arbitrage on the NYSE and AMEX.
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groups when factor loadings are used exclusiveBxatanatory factors. However, when own
standard deviation and residual standard deviaierused as explanatory factors in addition
to factor loadings, the vector of risk premia isifd to be statistically insignificant for all
groups suggesting that measures of idiosyncratlc subsume any explanatory power that
factor loadings may have. Furthermore, measuréstalf and residual standard deviation by
themselves are statistically significant for 17geert (5 out of 30) of groups suggesting that
idiosyncratic risk is more important than systemaisk in explaining expected returns.
These results are generalizable to groups of 6(®arskcurities (Dhrymest al, 1985: Table

).

In the second sub-period (March 1972 to Decemb@&ijlFactor loadings by themselves
appear to play somewhat more important role. Fougs of 30 securities, the risk premia
vector is statistically significant for 20 percgt out of 30) of groups. However, the risk
premia vector becomes statistically insignificaotdll groups when idiosyncratic risk factors
are considered in addition to factor loadings. Hgain suggests that any explanatory power
attributable to factor loadings is subsumed by messof idiosyncratic risk. By themselves,
the own and residual standard deviation are statilt significant for 20 percent (6 out of
30) and 13.333 percent (4 out of 30) of groupseaetyely. These findings are generalizable
to groups of 60 and 90 securities; fewer risk peew@ctors are statistically significant when
idiosyncratic risk measures are considered in auidib factor loadings and idiosyncratic risk
measures appear to be marginally more important fdztor loadings in explaining expected
returns. If systematic risk factors explain expéateturns and account for risk, then own
variance and residual standard deviation shoulglagt a role. Yet, Dhrymest al’s (1985)
results suggest that these idiosyncratic risk factoay be just as or even more important
than factor loadings. Such findings are concerrasgthey are incompatible with central

propositions of the APT framework.

M.Gultekin and N.Gultekin (1987) present evidenapporting the findings of Dhrymest

al. (1985). The authors report that when residuahdsied deviation is introduced after
excluding January returns, the number of priceklpremia decreases even further. However,
the most pronounced result is observed when Jamednyns are considered in isolation.
Whereas risk premia amdways statistically significant in January for groups 38 and 90
securities, factor loadings are priced in 60 par¢&® out of 30) and 90 percent (9 out of 10)

of groups respectively when residual standard diewviais incorporated as an additional
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explanatory factor. Reportdestatistics indicate that the residual standardadien by itself

is statistically significant in more than half diet groups, regardless of size. Such results are
concerning; if loadings on APT factors, which asswaned to capture systematic risk fail to
explain expected returns and if factors that primtyidiosyncratic risk are priced, then this
suggests that the APT framework’s assumption tystematic risk is thenly risk category

that is important for explaining returns may notadid (Dhrymeset al., 1985).

Perhaps the most notable criticism is that the A9”d complete generalization and does not
identify the risk factors that characterize theumetgenerating process (Burmeistdral,
1994). This limitation is widely recognized in thterature. Kandir (2008) states that a major
criticism of the APT framework is that the frameWwaterives factors statistically and does
not identify them. Priestley (1996) suggests treattdr analytic and principal component
techniques make estimated risk premia uninterpletddyown and Reilly (2009) state that
the APT framework does not identify the factorst thascribe returns and note that this is
considered to be the primary shortcoming of the ARithout knowing the identity of
factors, it is impossible to determine which fastdrive returns and to meaningfully interpret
risk premia (Kandir, 2008). Dhrymes al (1984) are more forthcoming in their criticism of
the APT and argue that without knowing the economéaning of the factors, it is difficult
to determine how the empirical application of theRTAframework is useful for predictive and
explanatory purposes. This contrasts with the CARIvhework, which identifies the market
proxy as the single risk factor and therefore, rsatke CAPM and the underlying single-
factor model easier to apply once a suitable mapkexy has been identified (Brown &
Reilly, 2009). Roll and Ross (1980) note this stmmiing in their empirical investigation of
the APT and argue that further research shouldnbertaken to determine the identity of the
underlying factors. It is suggested that if theme @ few systematic sources of risk, these are
likely to be related to economic aggregates sucth@ssNP and interest rates. It is further
argued that factors that have explanatory power rédurns should be considered as
substitutes for the unidentified factors. The atdhgo onto state that the formulation of the
linear factor model within the APT framework motiga for further research into the
theoretical and empirical structure of the modelsdo better understand which systematic
factors drive returns. The need to interpret uniified systematic risk factors is recognized
by Chen (1983) as the most important directiorudder research.
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2.3. Conclusion

The APT framework begins with the assumption tltinns are generated bykeactor
model incorporating multiple factors and that sevisies to unspecified factors explain the
cross-sectional variation in expected returns (Rb886; Roll & Ross, 1980). Together, these
two aspects constitute the APT framework, a frantkwathin which the return generating
process can be modelled and equilibrium relatigpssbstablished (section 2.2, proposition 1)
& 2)).

Early studies conducted on foreign markets withmdontext of the APT framework, such as
those of Roll and Ross (1980) and Chen (1983), estgipat there are multiple factors that
feature in the return generating process and thabseire to these factors is rewarded by
markets (section 2.2.1 & 2.2.2). These propositamessupported by empirical evidence and
there is a linkage between the APT model and thiderying return generating process.
Therefore, the APT framework is a comprehensivenéaork for investigating the return
generating procesand asset pricing. It is further hypothesized that osistematic risk
factors are priced and therefore, relevant as &ipeeific risk is diversifiable (see section 2.2,
proposition 3); Reinganum, 1981; Beryal, 1988; Roll & Ross, 1995). Amongst those that
find evidence supporting this important propositave Beenstock and Chan (1986) and Yli-
Olli and Virtanen (1992) suggesting that when déswog stock returns, the search for risk
factors with explanatory power should focus upostayatic risk factors (see section 2.2.3).
Moreover, the APT framework is a viable alternatieea single-factor framework based
upon the CAPM (section 2.2, proposition 4)). Bovetral (1984) show that the APT
framework is better at explaining the time seriesl @ross-sectional variation in returns
relative to a single-factor alternative (sectio@.2). Other studies support the superiority of
the multifactor APT framework and suggest that tteenework is a credible and viable

alternative.

An important criticism of the framework arises frahe use of statistically derived factors,
which do not lend themselves to interpretation (seetion 2.2.5; Dhrymest al, 1984;
Priestley, 1996; Brown & Reilly, 2009). Fortunatelthis criticism is addressed by
macroeconomic APT studies such as those of Ghaal (1985), Cheret al (1986) and
Hamao (1988) who employ pre-specified macroecondagtors as proxies for unidentified
systematic risk factors. It is the macroeconomicT ARodel — together with its numerous

extensions and applications - that completes aifactibr conceptual framework within
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which the return generating process can be modalhedinvestigated. The macroeconomic
APT, its extensions, applications and its role rovding a conceptual framework for the

modelling of the return generating process areudised in the chapter that follows, Chapter
3.
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3. THE APT MODEL AND THE RETURN GENERATING PROCESS

3.1. The macroeconomic APT model

Notwithstanding the criticisms and evidence conttitg the central propositions of the
APT (section 2.2: 12), the APT as a framework heentreadily accepted and widely applied.
To address the limitation of unidentified factosedtion 2.2.5: 37), Chen (1983) suggests that
the time series of statistically derived factorscbherelated with the time series of (identified)
macroeconomic factors. This approach is appliedlbyn and Gruber (1988) who consider
the correlation between a set of statistically i factors and an extensive set of
macroeconomic factors. A strong statistical refalop between the two sets of factors is
found suggesting that factors that are macroecanmaminature are representative of
systematic risk. Barr (1990) follows a similar pedare by extracting two factors from
returns on non-gold Johannesburg Stock Exchangk) (¥&lices and investigating the
correlation between a set of macroeconomic facdors the two extracted factors. Another
solution proposed by Chen (1983) involves cormetatieturns with the behaviour of risk
factors identified through theory as importanthe pricing of stocks. It is this latter approach
that has prevailed with most APT studies employrgrspecified macroeconomic factors as
proxies for unidentified systematic risk factorsyilgg rise to what Cauchie, Hoesli and
Isakov (2004: 181) term the “macroeconomic APT .thalugh the focus of these studies is on
explaining returns in equilibrium, these studieg tlae foundation for multifactor models of
the return generating process by assuming thalirtear factor model underlying the APT
model is characterized by multipfae-specifiedmacroeconomic factors representative of
systematic risk (Eltoret al, 2003). To explain expected returns, factor Ingslion pre-
specified factors are employed and by implicatitvese factor loadings are derived from a
multifactor model of the return generating procesBherefore, underlying each
macroeconomic APT model is a time series modehefreturn generating process (Connor,
1995).

Having introduced the macroeconomic APT model, tiapter proceeds by outlining the
macroeconomic APT model and presenting numerowesixins (section 3.1.1 - 3.1.6). It is
demonstrated that the APT model and the returnrgéng process are linked (section 3.2). It
then follows that if the APT model can be used ésalibe the cross-section of expected

returns, it can also be used to describe the reganerating process. Studies demonstrating
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this are presented in section 3.2. It is then shtvat the APT framework goes beyond
providing a description of expected returns; theTAfPamework acts as a conceptual
framework for the modelling of the return genergtpmocess (section 3.3, 3.3.1 & 3.3.2). It is
further demonstrated that APT framework can bereldd to applications that require the
modelling of the return generating process but rave directly concerned with the return
generating process (section 3.3.3 & 3.3.4). A sumgrnigaprovided in the conclusion (section
3.4).

3.1.1. Introducing the macroeconomic APT model

While Chenet al (1986) are credited with being the first to enyptwoxies for unidentified
risk factors to explain expected returns, it wasu@ét al (1985) who laid the groundwork
for this approach citing the APT as their motivatia an investigation of the firm size effect
for firms listed on the NYSE over the January 18&3ecember 1977 period. Chanal
(1985) postulate that returns are sensitive to gbsiin the economic environment and these
changes are indicative of the risks that investanrs hedge against. A theory linking stock
prices to pre-specified factors is proposed whemgiges are assumed to be determined by
expected cash flows and the discount rate - angriequation informing the choice of factors.
Factors identified by Chaet al (1985) in this manner are the monthly growth rite
industrial production, the unanticipated inflaticaate, changes in expected inflation, changes
in the term structure of interest rates, the défsiplead and changes in the business cycle as
measured by the growth rate of Net Business Foam#&hBF). The equally-weighted NYSE
Index serves as a proxy for returns on the mank#étile it is recognized thanhnovations
(unexpectecthanges) in these factors should be used in erapiests, the authors choose
not to use innovations and warn that the generaifannovations through pre-whitenitfg
may lead to a loss of information. Time seriestreteships between returns and the candidate
risk factors are established by examining the taticen between aggregate returns, as
measured by returns on the equally-weighted NY3fexrand the set of risk factors. Table
3.1 reproduces the correlation matrix in Chetnal (1985) to demonstrate the approach
undertaken in identifying factors that are cormtiatvith returns over time and to provide
insight into potential time series relationship#thaugh this approach reveals the presence of
time series relationships between returns and factoacroeconomic APT studies give little
direct consideration to these relationships.

% A process whereby the unexpected componentseriessare extracted.
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Table 3.1: Correlation among factors

EWNY IPISA UlTB DEI UTS BUSF

EWNY

IPISA 0.0738

uiTB -0.1937 -0.1367

DEI -0.2120 0.0474 0.4333

UTS 0.1399 -0.0898 -0.0251  -0.2267

BUSF 0.2100 0.2640 -0.1436  -0.0927 -0.1260
PREM 0.3325 0.0885 -0.0962 0.0357 -0.5813 0.2019

EWNY - Equally-Weighted NYSE Stock Index.

IPISA — Growth Rate of industrial production from monto t+1 (seasonally adjusted)

UITB - Unanticipated inflation, defined as CPI less etpe inflation.

DEI - Change in expected inflation.

UTS - Difference in return on long-term government bpodtfolio and the one-month T-bill.
BUSF - Growth rate of the Net Business Formation sdr@sat tot+1. Seasonally adjusted.
PREM - Difference in return of ‘under BAA’ (rated by Mdg) bond portfolio and lon¢germ

government bond portfolio.

Source: Chan, Chen & Hsieh (1985)
As evident from Table 3.1, all factors show someleof correlation with each othemd

with returns on the equally-weighted NYSE Indexraw@e. In macroeconomic APT studies,
the presence of correlation between returns onraghaggregate and candidate risk factors,
is often cited as a justification for the inclusiohspecific factors in the return generating
process and consideration in cross-sectional {ssts Van Rensburg, 2000). Chanal
(1985) proceed to estimate factor loadings forinseross-sectional tests by first regressing
60 months of returns on size sorted portfolios ba tandidate risk factors and then
performing month-by-month cross-sectional regressia the second stage over each month
in the subsequent ye#rThe first stage is important. Regressing retumsnacroeconomic
factors to obtain factors loadings requires a fdation of a multifactor model of the return
generating process. However, as asset pricing iwfary concern in the study, this aspect
of the APT framework is not considered further HyaBet al (1985)?® The focus upon the
implications of the cross-sectional APT model iis tstudy is indicative of the focus of most
macroeconomic APT studies. In these studies, the(and limited) insight into the structure

of the return generating process is provided byctreslation matrix.

Chanet al (1985) find that three factors are priced overehtire sample period, namely the
default spread, the growth rate in industrial piaun and unanticipated inflation. Together,
these factors explain 35 percent of the crossaealtivariation in expected returns. Other
factors that are priced over the sub-periods censd] aside from these three factors, are the

%" This two-stage procedure is consistent with thend&&lacbeth approach and represents the thrustrbf ea
macroeconomic APT literature (see Fama & Macbedfi3iCheret al, 1986; Hamao, 1988).

2 A two-step procedure need not be followed to distatwhich factors are priced. However, regardieisthe
approach undertaken in estimating factor loadingd @sk premia, the APT framework consists of two
components; a time series model and the APT model.
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changes in expected inflation (1968-1977) and #rentstructure of interest rates (1958-
1972). In a first test of the validity of the modéie authors consider whether a firm size
effect is reflected in the residuals of the APT mlod@he differences between the residuals of
the largest and smallest portfolio, and the top dmdtom quintiles are statistically
insignificant suggesting that macroeconomic factmed in place afinidentifiedAPT factors
account for systematic risk and risk that is asged with firm size. It is suggested that the
firm size effect is related to risk associated vatichanging default spread (see Ckal,
1985: Table 4). In a second test of the model bigness cycle indicator is substituted for
the default spread factor. Results show that tteator is priced implying that it can replace
the default spread as an indicator of businessitons. In a third test, Chaet al. (1985)
formally consider whether a size proxy has explatyapower in the cross-sectional context;
it is postulated that size is a proxy for unspedfrisks. When size is the only factor in cross-
sectional analysis, the risk premium on size idisdieally significant. However, it is
statistically insignificant when considered in caonation with a set of macroeconomic
factors which excludes market indic@ut includes the growth rate of industrial prodret
unexpected and expected inflation, the defaultaspesd the term structure. In this version of
the APT model, the default spread is statisticaiignificant implying that that size and the
other risk factors proxy for risk associated witte tchanging default spread. Chenal
(1985) conclude that the size effect is explaingé Inultifactor pricing model. The authors’
contribution is important in that pre-specified m@economic factors are used as proxies for
systematic risk. Notably, these factors are comelavith returns over time suggesting that
they explain the time series behaviour of retuAtssa number of these risk factors are priced,
it can be inferred that the APT framework can bedu® not only explain expected returns,
but to also model the time series variation inmety(Elton & Gruber, 1988).

Notwithstanding Chart al’s (1985) important contribution, Cheat al (1986) are widely

credited in the literature as being the first tdiz¢ macroeconomic factors as proxies for
unidentified APT risk factors. The influence of tART framework on Cheet al (1986) is

evident; the authors, with reference to the workRoll (1976), acknowledge that modern
financial theory has focused upon the pervasive systematic influences that affect stock
prices. It is further argued that while it is adegpthat individual stock prices are influenced
by unexpected events, little is known about thentithe of systematic factors that influence

29 See equation (vi) in Table 5 in Chanal (1985).
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prices; although, the co-movement of stock priceisitp towards their existence. It is with
this argument in mind and within the APT framewdHat Cheret al. (1986: 384) refer to an
“embarrassing gap” between systematic factors &ed identity. It is this gap that the
authors seek to close by investigating the ideratitgf nature of systematic risk factors.

The existence of systematic risk factors is suggkesly observed co-movements of stock
prices and implicit in the assumption that investdiversify. This suggests that only factors
that are associated with the economic state havmpact upon the pricing of stock market
aggregates. Although, Chanal (1985) allude to a theory upon which the idecdfion and
selection of factors can be based, Cheal (1986) formally identify and elaborate upon a
theoretical model - the dividend discount md¥elthat aids the identification and selection
of risk factors within the APT framework. It is hytliesized that any systematic factor that
influences the expected stream of dividends, clstsfor/and the discount rate will impact
stock prices. As current beliefs regarding potérarad identified factors are assumed to be
already incorporated into stock prices, it is ompovations in these factors that impact
returns. While it is recognized that a failure temove expected movements in the
explanatory factors may introduce an errors-inakags (EIV) problem, Cheeat al (1986)
employ a simple rate of change methodology to sspre(assumed) innovatidhsn factors.
Their set of candidate risk factors incorporatesrionthly and annual industrial production
growth rates, the change in expected and unantsdpenflation, changes in the default
spread, the term structure, consumption growthdanahges in the oil price. Returns on the
equally-weighted and value-weighted NYSE indicestiie January 1953 to November 1983
period are used as a proxy for the market indegtdfa considered, but not utilized, in the
preliminary specification, are changes in real comgtion and oil prices. As in Chaat al
(1985), time series relationships between retummsth® two market aggregates and the
macroeconomic factors are examined using a cawelahatrix. Each of these factors is
correlated with returns on the value and equallighted NYSE indices over the sample
period (see Cheat al, 1986: Table 2, Panel A). The factors identifilgdChenet al (1986)
are what Amenc and Le Sourd (2005: 153) term ass%it” factors suggesting wide usage in

multifactor models employing pre-specified factassproxies for systematic risk. The basic

% Discussed in greater detail in Chapter 4.
3L As will become evident later, the rate of changehodology fails to generate true innovations.
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multifactor specificatioff describing the return generating process of inldial stock returns
proposed by Cheet al. (1986) is given by:

R=a+b,,MP+b_ DEI +b, Ul +h,,JUPR+h,, JUTS+e (3.1)

where R is the return on an individual securiy, is the constant and the factor loadings,
are the sensitivities of returns to changes in opemmwnomic factors. The residual term is
denoted bye. MP is the monthly industrial production growth ra@l is the change in
expected inflationJl is unexpected inflation)JPR is the change in the default spread and
UTSis the change in the term structure. Equation)(&4 stated in Chest al (1986: 394),
represents an important acknowledgement that retcam be described by innovations in
multiple macroeconomic factors representative ofpesified APT risk factors Most
importantly, equation (3.1) represents the retumnegating process underlying the
macroeconomic APT model which relates returns tmwations in macroeconomic factors
over time. However, the authors do not use equdfsoh) to study the return generating
process of US returns but rather to estimate falc@adings for use in the corresponding
cross-sectional macroeconomic APT model. Factoditaps are estimated by regressing
returns on size sorted portfolios onto innovatignsnacroeconomic factoré.Risk premia
are estimated in the second stage by employing fdatdeth regressions relating expected

returns to factor exposures (Chetral., 1986):

R=a+ AMPbMP + ADEI bDEI + AUI hJI + AUPRhJPR + AhJTS (32)

where R is the asset return for a given month and bleeestimated in equation (3.1) are
explanatory factors in equation (3.2). The coediits on the betasl s, are interpreted as the

risk premia — the price of risk - associated witlgigen macroeconomic factor. By taking

32 Chenet al (1986) vary the model specification to investégaairious aspects. The notation used by Ghien
al. (1986) is retained for demonstrative purposes.

% The separation of the APT into a time series maael a cross-sectional model employing factor loadings
estimated in the time series model is explicitikramwvledged by Hamao (1988). Hamao (1988) specifies
time series model alongside its cross-sectionahtwpart. Chert al (1986) specify the time series model but
not its cross-sectional counterpart. The estimatiérthe cross-sectional regression using factoditazs
estimated in the time series model can be seemamglicit acknowledgement of a link between theotw
models.

3 Equation (3.1) is estimated as a time series masial size sorted portfolios to control for the/Eiroblem
and to achieve a spread of expected returns rehfareross-sectional tests.
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equations (3.1) and (3.2) together, it then folldwsimplicationthat priced factors are risk

factors that feature in the return generating gece

Results of the cross-sectional analysis over ttieeesample period (1958-1984) indicate that
the monthly industrial production growth rate, theexpected inflation rate, the default
spread and the term structure of interest ratepraced suggesting that these factors play an
important role in explaining both the cross-sectairexpected returns and the time series
behaviour of returns. This argument is strengthdmea finding that these factors that are
also correlated with return aggregates over tinee Sheret al, 1986: Table 2, Panel A).
Risk premia on industrial production and the ddfapread are positive whereas the risk
premia on unexpected inflation and the term stmgctare negative. Cheat al (1986)
hypothesize that the positive risk premium on idalsproduction reflects the benefit of
insuring against real production risks whereasptbstive risk premium on the default spread
suggests that investors seek to hedge against ectexp increases in uncertainty. The
negative risk premium on unexpected inflation ipdthesized to imply that assets are hedges
against adverse influences on assets that are fixedminal terms. The sign of the risk
premium on the term structure factor implies thatclss for which returns are negatively
related to changes in the term structure are mahgable (Cheret al, 1986). In using pre-
specified factors and ascribing meaning to estithask premia, Cheet al (1986) address
criticisms of the APT framework whereby it is naissible to ascribe meaning to the risk
premia on statistically derived factors. In a setset of results, returns on equally and value-
weighted indices compromising securities listedt@NYSE are incorporated into the model
to test the pricing influence of the market indie@sl to gauge how the set of macroeconomic
factors fares in comparison to market indices. édgjh Chenet al (1986) note that the
indices are the most statistically significant astin unreported time series regressions, the
equally and value-weighted market indices are miaefd over the entire sample period and
during any of the sub-periods. The macroecononutofa however retain significance in the
APT model suggesting that factoaside from market returns (extra-market factors) are
priced in stock returns and therefore, are imparitathe return generating process (Cleén
al., 1986).

Chenet al. (1986) acknowledge that the set of factors engalay the study is not exhaustive
and that the identification of other potential tastshould not be abandoned. Based upon the

preceding findings, the authors state that stottkkme are responsive to systematic news and
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priced according to their exposure to factors destg macroeconomic conditions. Similarly
to Chanet al (1985), little consideration is given to the tirseries relationships between
returns and macroeconomic factors, and the validftyhe underlying return generating
process. However, explicit recognition is giventibe form and composition of the return
generating process. Furthermore, the results ofrtaeroeconomic APT model suggest that
macroeconomic factors are also important in theetsaries context. This, together with a
more detailed exposition of a theory dealing with identification of factors, points towards
the APT’s role as a framework for identifying ansh@oying pre-specified systematic risk

factors to explain the return generating process.

Hamao (1988) seeks to confirm the robustness oh€hal’s (1986) results by performing a
parallel analysis on the Japanese market. The memnomic factors identified by Chen

al. (1986) are interpreted as proxies for underlyisg factors that drive stock returns. It is
acknowledged that the advantage of using pre-spdamhacroeconomic factors lies in that
economic meaning can be ascribed to these fadibesspecification of the return generating
process and the cross-sectional macroeconomic A&dehis identical to that of Chest al
(1986) in that the same factors are incorporatéd the base model (equation (3.1)).
Similarly to Chenet al. (1986), Hamao (1988) directly acknowledges thdtifaator return
generating process underlying the macroeconomic Aftel although, its role is again
limited to that of a time series regression rurestimate inputs for the cross-sectional APT
model. The growth in oil prices is also consideredddition to two factors hypothesized to
be relevant in the Japanese context; namely, usteghehanges in the foreign exchange rate
and changes in the terms of trddeThe inclusion and consideration of these factors
represents an early acknowledgement that thereb@ayher relevant risk factors aside from
those suggested by Chen al (1986) and that these factors may be specifia fgiven
market. Moreover, this also suggests that a giwtrosfactors should not be considered as
“fixed” and is in line with Cheret al’'s (1986) argument that there are other influéntia
systematic risk factors. Equally and value-weightedrket indices are constructed using

returns on the Tokyo Stock Exchange (section DE)Iadex.

To gain preliminary insight into the time seriegat®nships between the macroeconomic
factors and the return aggregates, the correldtetween returns on the market indices and

% Hamao (1988: 52) refers to the constructed exchaatg factor as an “innovation variable for thehrange
rate change.” This reflects the APT framework’splasis on the use of innovations.
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the macroeconomic factors is investigated. To abtactor loadings, size sorted portfolios
are formed and time series regressions of retunnth@se portfolios on the five Chen al
(1986) factors are conducted. Estimated factoritgmdare used as independent factors in
cross-sectional regressions over the same peretdighused to estimate factor loadings in
time series regressions (January 1975 - Deceml&zr) 1Besults are similar to those of Chen
et al (1986); over the entire sample period, changemdustrial production, changes in
unanticipated inflation, the default spread andtédren structure explain expected returns. In
contrast to Cheret al (1986) and in addition to these four factors,nges in expected
inflation are also priced (Hamao, 1988: Table 5f Pa Changes in the terms of trade are not
priced and the reason cited for this is the presesfcserial correlation in the time series
related to this factor (Hamao, 1988: Table 5, BartA second set of tests is conducted by
using factor loadings estimated over the first mdrthe sample (January 1975-December
1979) to explain expected returns in the secontigiahe sample (January 1980-December
1984). Hamao (1988) finds that factors with comsistexplanatory power for expected
returns are changes in expected inflation, chamgtdee default spread and to a (much) lesser
extent changes in the term structure. These faatrergalso notably correlated with returns on
the value and equally-weighted TSE indices oveetiithe foreign exchange rate, terms of
trade and the oil price have no impact upon expeotturns and the value and equally-
weighted market indices are not associated wittisstally significant risk premia in the
same APT model specification. This implies that kearindices are not associated with
missing factors and confirms the cross-sectionglamatory power of extra-market factors
(Hamao, 1988). The estimation of market betas tmgewith factor loadings requires a
specification of the return generating process Wwhiombines market factors and extra-
market factors representative of systematic risks Yields a multifactor model of the return

generating process.

In a final test, Hamao (1988) estimates the mabeta using the value-weighted market
index separatelyfrom other factor loadings and combines the mabett with remaining
factor loadings to explain expected returns. Teke premium on the market beta is found to
be statistically insignificant — a finding that ¢oms the results of Cheat al (1986) with
regard to the explanatory power of factors asidmfthe market beta in the APT model. Risk
premia on the inflation factors are positive, casting with the findings of Chest al (1986)
implying that stocks for which the price increaseth inflation are more valuable (Hamao,

1988). Expected returns are positively relatecheodefault spread. Hamao (1988) concludes
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that the most important factors that explain exgeécteturns are changes in expected
inflation, changes in the default spread and thentstructure. It is also stated that the
evidence of statistically significant risk premia a number of factors supports the approach
of Chenet al (1986), which proposes that multiple systemask factors are important in
the pricing of stock returns and by implications the description of the return generating
process (Elton & Gruber, 1988).

The studies of Chaet al (1985), Cheret al (1986) and Hamao (1988) are notable for a
number of reasons. Although the aim of these ssudig€o explain returns in equilibrium,
they suggest that systematic risk, as measuredréspecified macroeconomic factors,
features in the return generating process regardiethe role of the market portfolio. This is
further implied by evidence of time series corrielatbetween returns on market aggregates
and the macroeconomic factors. The role of a nadfdr return generating process is
recognized and the macroeconomic APT models corgiden these studies reflect the
underlying return generating process. While earRTAstudies recognize the presence of
multiple factors in the return generating procé&dsanet al (1985), Cheret al (1986) and
Hamao (1988) replace statistically derived APT dextwith pre-specified macroeconomic
factors. Finally, whereas Chatal (1985) and Cheat al (1986) introduce and expound the
macroeconomic APT approach to asset pricing, Ha(h888) confirms the validity of this
approach using non-US data. In light of the sudaésgplication of this approach, Hamao
(1988: 60) states that “the evidence presented iseeacouraging and it is certainly worth

exploring further as new data become available.”

3.1.2. Expanding the search for risk factors

Poon and Taylor (1991) investigate whether theirfigsl of Cheret al (1986) are applicable
to UK stocks by re-examining the methodology arel 4kt of factors employed by Chen
al. (1986). The authors note that a failure to usewations has the potential to result in
spurious relationships and give rise to the EIVbpem. Each series is pre-whitened using
univariate Autoregressive Integrated Moving Aver@8RIMA) models and the residuals of
these models are treated as the unexpected sémescooeconomic factors. Factor loadings
estimated using returns on size sorted portfolies wssed to explain the cross-section of
expected returns for each month subsequent toitbeyéar period used to estimate factor
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loadings in time series regressidAdn contrast to Cheret al (1986) who update factor
loadings on an annual basis, Poon and Taylor (198date loadings monthly implying that
an underlying return generating process is estintie each five year period. The authors
report that none of the original Chen al (1986) factors show a statistically significant
contemporaneous pricing relationship. Noting thHa telationship between returns and
macroeconomic factors may not be contemporaneaagrfloadings are re-estimated using
lags and leads. As before, no important pricingti@hships between expected returns and
the factors emerge. When isolated statisticallyifigant pricing relationships are observed
for individual factors, these are either of the mgaign or inconsistent, suggesting that these

relationships are unimportant.

In suggesting reasons for the poor performancehe$d factors in explaining expected
returns, Poon and Taylor (1991) find that the Féviaabeth two-step procedure is sensitive
to the number of factors included in regressioestain factors are priced in given instances
but not in others when the model specificationhanged or the impact of factors is analyzed
within a univariate context. This is attributed tfee potentially narrow range of factor
loadings arising from the use of size based paogolThe authors further argue that the
return-risk relationships may not be contemporasebecause of the announcements of
macroeconomic factors being subject to lags andesyuent revisions. The pre-whitening
process, which can potentially remove pricing infation, is also cited as a reason. This
limitation is recognized by Chaet al (1985). However, when unfiltered series are used,
Poon and Taylor (1991) find that the only statatic significant contemporaneous
relationship is between changes in inflation exgans and expected returns. It is therefore
unlikely that the lack of significant relationshipeses due to the loss of pricing information

as a result of the pre-whitening process.

At the very least, these results suggest that tineebe other macroeconomic factors that are
relevant to the UK market (Poon & Taylor, 1991).pbrtantly, and in contrast to Hamao
(1988), it may be inferred that the Chenhal. (1986) factors mawyot be applicable across
markets and therefore, factors that drive retuifferdrom market to market. It is however

impossible to definitively answer this questionPason and Taylor (1991) provide no insight

% Poon and Taylor's (1991) sample spans the Jarl@8% to December 1984 period. For example, factor
loadings estimated over the January 1965 to Decet®@& period are used to explain expected returns
January 1970.
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into the time series relationships between retams$ macroeconomic factors. This finding
nevertheless motivates for a more extensive sefmchmacroeconomic factors that can
explain returns. It also suggests that the seaadbfs that is important for the South African
stock market is likely to differ from the set ofctars that is important for foreign markets

(see Seneque, 1987).

3.1.3. Impact of portfolio formation criteria upqmicing

Clare and Thomas (1994) investigate the effectl&rraative portfolio formation criteria
upon asset pricing over the January 1978 to Decefri80 period and consider an extended
set of factors chosen on the basis of their peeckrelevance to the UK economy (see Clare
& Thomas, 1994: Table 1). The authors employ Awgoessive (AR) models to generate
innovations in macroeconomic factors in the formuotorrelated residuals. Results from a
restricted model based updweta sorted portfolios suggest that out of the extenset of
factors considered; the oil price, redemption \8ebth UK debentures, the default spread, the
comfort index, the retail price index, private secbank lending and the current account
balance are priced. All risk premia are positivahwihe exception of the risk premium
associated with the oil price. This proposed spetibn is further tested by incorporating
excess market returns (excess returns on the kahafimes Stock Exchange (FTSE) All-
Share Index) into the model. This serves to detegmihether a factor has been omitted and
whether the CAPM is preferable to the APT modelsi®s show that the market is not
priced suggesting that no relevant factors have bedtted. All factors with the exception of
the current account balance remain priced in retufinis implies that the APT model is
correct in attributing the variation in expectedturas to multiple sources of risk.
Furthermore, this also implies that as in Ceéml (1986) and Hamao (1988), extra-market

sources of risk are important in the underlyinginetyenerating process.

Clare and Thomas’ (1994) results for the restrictaddel employing factor loadings
estimated usingizesorted portfolios differ substantially from resuifsthe model employing
factor loadings estimated using beta sorted paogolOnly two factors are priced, the
comfort index and the retail price index — this ttasting with prior results where seven
factors (excluding excess market returns) are @ricdhen excess market returns are
incorporated into the model, the market factorrisqa. This suggests that factare omitted
and that the CAPM may indeed be a more suitableematbwever, as two other factors

remain priced, the market factetill appears to omit information relevant to pricindar€
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and Thomas (1994) conclude that results are depéngmn the criteria used for sorting
stocks into portfolios; beta sorted portfolios raveore factors than size sorted portfolios
and therefore, the search for macroeconomic facterslependent upon the sorting
methodology used. If this is indeed the case, ithdirfgs of Charet al (1985) and Chept

al. (1986) and Hamao (1988) should be approached emithiion. It may be that there are
other factors that explain the cross-section ofeeigd returns and therefore feature in the
return generating process. However, as resultsdependent upon the sorting procedure
used, these are not revealed in APT literatureisgak establish equilibrium relationships.
At the very least, aside from pointing out limitats relating to the two-step procedure, these
findings suggest that caution must be exercisednwdeneralizing inferences from APT
literature to multifactor models of the return gextimg process derived within the APT
framework. Similarly to Poon and Taylor (1991), eland Thomas (1994) also suggest that
risk factors vary across markets and thereformay be incorrect to expect the same set of

factors to be priced across markets and to featutee return generating process.

3.1.4. Expectations generating process and theabienovations

Chanet al (1985) and Cheret al (1986) recognize that the APT framework requires
innovationsin factors but make no attempt to obtain or ednuacorrelated series. Poon and
Taylor (1991) and Clare and Thomas (1994) modebvations using ARIMA and AR
models respectively. However, no further considenais given to the methodology used to
estimate innovations or to the consequences oflladao use innovations. Priestley (1996)
investigates the expectations generating procesgraater detail and considers how
alternative methodologies of modelling innovati@ifect inferences and the application of
the APT framework. It is argued that tests of tHeTArely upon the assumption that asset
prices react to news regarding innovations in maawoomic and financial factors. Following
from this assumption, is the premise that invesforsn expectation®f factors that are
rewarded by markets with a premium. Although, tHeéTAframework sheds no light upon
how expectations are formed, the formation of theggectations requires an expectations
generating process that specifies how innovationieréhe framework. What is required of
the time series of innovations under the APT fraordwis that they have an expected (mean)

value of zero and are serially uncorrelated (Hagsfi996).

Two methodologies have been widely used to gendedsumed) innovations. The first
methodology, the rate of change methodology, enguldyy Charet al (1985) and Chept
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al. (1986), assumes that first differences in fact@ggresent innovations which follow a
random walk. The second methodology relies upomwdnregressive time series technique
whereby expectations are generated by AR modelstlamdesiduals are taken to be the
innovations in factors (Priestley, 1996). Howeveriestley (1996) argues that the former
methodology fails to generate serially uncorrelateeries, thus violating the basic
requirement that unexpected components are sedaltprrelated. This methodology also
fails to take into account prior information. Whilee latter methodology permits the use of
past information, it assumes that the parametetiseomodel are stable and therefore, fails to
account for changes in the parameters. An altematnat Priestley (1996) argues is superior,
is to use Kalman filter techniques to generate wations. This approach also avoids the
possibility that investors may make systematic rerrm their predictions. Under this
approach, expectations are updated recursivelpeh period as more information becomes
available and the expectations generating prosededcribed by an unobserved components

model. The residuals of the model represent innowst

To compare and assess the three methodologiestl€yi€1996) generates innovations for
ten candidate risk factd¥sand tests for serial correlation to establish Wwaetach technique
doesindeed generate innovations. Results for the satghange methodology indicate that
only for one factor, industrial production, is teeries uncorrelated. This suggests that the
rate of change methodology fails to generate theomalated series required by the APT
framework. The residual series generated by theregtessive time series methodology are
serially uncorrelated suggesting that the autossijve methodology satisfies the requirement
of true innovations. However, Priestley (1996) &nithat the parameters of the AR models
used to generate the innovations in factors ar¢ables Series generated by the Kalman
technique are uncorrelated for all factors with ¢éixeeption of unexpected inflation. Unlike
the autoregressive time series methodology, thentgae permits time-varying parameters
and therefore allows a learning process while amgigharameter instability. To determine
how the different specifications of the expectasigenerating process affect the results of the
APT model, Priestley (1996) employs the Non-Lin&Gaemingly Unrelated Regression
(NLSUR) framework to jointly estimate factor loads and risk premia. The NLSUR
framework, by permitting the joint estimation ofetlparameters of the return generating

37 candidate factors that Priestley (1996) hypothessizarry a risk premium in the UK stock market te
default spread, industrial production, exchange, natail sales, money supply, unexpected inflatibrnges in
expected inflation, the term structure of interas¢s, commaodity prices and the market portfolio.
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process and the APT model, eliminates the EIV miwbind the limitations arising from the
use of different portfolio formation criteria asrgolio formation is not longer necessary
(Priestley, 1996; Antoniou, Garret & Priestley, 829Hence, Priestley’'s (1996) sample
consists of returns omdividual British firms over the December 1979 to August 399

period.

Results indicate that when the (assumed) innovatigenerated by the rate of change
methodology are employesevenfactors are priced; the default spread, unexpeaoteation,

real industrial production, commodity prices, chesm@ expected inflation, the money supply
and returns on the market portfolio. For factorsegated using the time series autoregressive
methodologyfive factors are priced; industrial production, unexpddnflation, retail sales,
commodity prices and returns on the market podfdfive factors are priced in the APT
model when factors are generated using Kalmantgl&mniques. These factors are the default
spread, the exchange rate, the money supply, uo@dgaflation and returns on the market
portfolio. What is concerning is that these resiriticate that there is no consistency across
methodologies in the number of factors that areegki the sign of the risk premia and the
identity of the priced factors (see Priestley, 19%6@ble 6). Furthermore, Priestley (1996)
finds that innovations estimated using the Kalmadlterf technique provide the best
performance in-sample and out-of-sample in termgreflicting returns within the APT
model. While in-sample, the time series methodolagyperforms the rate of change
methodology, it underperforms the Kalman filterhteicue. Out-of-sample, the APT model
employing the Kalman filter technique does not ¢iehstly superior results relative to the
APT model employing the time series methodol8tiowever, both the autoregressive and
Kalman filter methodologies lead to superior resutelative to the rate of change
methodology. This suggests that the methodology tseestimated innovations also has an

impact upon the descriptive accuracy of the APT ehod

Priestley’s (1996) findings suggest that the metbbdenerating innovations may result in
misleading inferences when investigating whichdestre priced. Furthermore, these results
imply that the consequences of a failure to gerdratovations or the consequences of the

use of an inappropriate methodology extend intorétern generating process. Importantly,

% |n-sample tests are conducted by regressing acttimins on expected returns where expected reanms
generated by models employing different methodeledio generate innovations. To assess out-of-sample
performance, mean-squared errors are used to futngidiscrepancy between predicted and actuatnst
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Priestley’s (1996) study sheds light upon the aflénnovations within the APT framework
and detaildhowinnovations are estimated. This aspect of the AkBRMfework is often ignored

in asset pricing literature and in literature whickestigates the return generating process
within the APT framework. Priestley (1996) concladey stating that caution must be
exercised when constructing factors as this haitapt implications for the number of

significant factors, their sign and the performaatthe APT model.

3.1.5. Generalizability of the APT model

Antoniou et al (1998) argue that any evaluation of the empirijgatformance and the
validity of the APT model must consider its ability explain expected retursitsideof the
estimation sample. This requires that the sameofacire priced in different subsets of
securities and the respective risk premia on tHaswrs are the same across subsets of
securities. The authors investigate whether thikascase using return data for stocks traded
on the London Stock Exchange (LSE) over the Janu®§0 to August 1993 period.
Similarly to Priestley (1996), the NLSUR economeframework is employed owing to the
limitations of the Fama-Macbeth two-step procedéer testing various combinations of
factors, Antoniowet al (1998) arrive at a model with six priced factaramely unexpected
inflation, changes in expected inflation, money@ypthe default spread, the exchange rate
and returns on the market portfolio (FTSE All-Shardex). These six factors are then used
to explain expected returns on a second sampl®oks Results indicate that all factors are
priced in the second sample with the exceptiorxpketed inflation suggesting that teeact
same set of factors does not explain returns ogtofple. Furthermore, the signs of the risk
premia on the default spread and exchange rat®ane to be positive and not negative as in
the first sample. The hypothesis that the riskdicfjointly carry the same risk premia (in
magnitude) as those in the first sample is alsecteg. Antoniotet al (1998) state that these
results show that the proposition that a model waithdentical factor structure can be used to
explain expected returns in both samples doesaldt In other words, the factor structure is
not fully generalizable out-of-sample. However, after ravesting the model for the second
sample without expected inflation, the risk premmaunexpected inflation, the money supply
and the market portfolio are similar in magnitucel af the same sign as those in the first
sample. The null hypothesis that these three fadtave risk premia of a similar magnitude
in both samples is not rejected suggesting thabayh, the results are somewhat ambiguous
at first, the same factorsan be used to price assets across different samplgoat-of-

sample. Antoniolet al(1998) go onto show that when a three-factor mausbrporating
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factors with similar risk premia in both groupsestimated for both samples and outliers are
excluded, the model is capable of explaining aiBg@mt amount of variation in expected
returns forboth samples. In light of these findings, the authoegesthat this supports the
hypothesis that a specific APT model specificatan describe the cross-sectional variation

in returns in-sample and out-of-sample.

Importantly, Antoniouet al’s (1998) findings suggest that an APT model dpmstion
estimated or based upon a certain set or subssealfrities can bgeneralizedto other
subsets of securities that are not used in thenastin of the initial model specification. This
property is especially important if one attemptslésive a generalizable APT modsid/or
the underlying linear factor model of the returmeeting process that is applicable to
subsets of securities other than the securitiedagmg in deriving the model. However, the
ambiguity noted earlier in Antonioet al’s (1998) study must not be ignored; factors that
explain returns in one sample may @bivays explain returns in other samples. A specific
factor structure may bgartially (as opposed to fully) generalizable. In this rdg&ntoniou

et al’s (1998) findings provide evidence suggesting thghin the APT framework, the APT
model and by implication the return generating psscspecification, is (at the very least)

partially generalizable across samples.

3.1.6. Role of international risk

Clare and Priestley (1998) state that the growthan-US stock markets, especially those in
South East Asia, has focused attention upon engrgerkets. However, although the Chen
et al (1986) factors have been shown to be sourcegstématic risk in developed markets,
little research has gone into establishing whethese factors are also sources of systematic
risk in developing economies. Moreover, studieswiitg upon the APT framework have
failed to take into account the removal of legisbarriers and increased capital mobility. It
is argued that as a result of these developmentéinancial markets, domestiand
international risk factors should be consideredweamining risk-return relationships.

Clare and Priestley (1998) address this gap inliteeture by considering the risk-return
relationships in the Malaysian stock market usingA#T model that incorporates domestic
factors and an international equity index in the form of theofgan Stanley Capital
International (MSCI) World Index. Four of the Chemn al (1986) factors are initially

considered; namely, the unexpected changes irethe gtructure of interest rates, growth in
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industrial production, changes in expected inflatemd unexpected inflation. An additional
factor, the unexpected change in the risk-free, iatalso considered. As in Antonie al
(1998) the NLSUR framework is applied and a “donegsAPT model is estimated using
returns on stocks traded on the Malaysian Stockh&xge (MSE) over the January 1986 to
August 1994 period. Results indicate that the uaetqul changes in the risk-free rate, the
term structure of interest rates, unexpected ioflatnd changes in expected inflation are
priced. This suggests that the Cletral (1986) factors explain expected returns on emegrgi
markets. The model is then augmented with a domesdrket index in the form of the Kuala
Lumpur Composite Index which is found to be priedohgside all the other factors. Finally,
the “international” APT model is estimated by ingorating returns on the MSCI World
Index into the model. Clare and Priestley (199&uarthat this index fulfils the role of a
catch-all proxy for international risk, similar to that dfd residual market factor proposed by
Burmeister and Wall (1986), by accounting for ureslied international factors that drive
national markets. The authors find that while time ©f the estimated risk premia on the
domestic factors remains approximately the same,rigk premium on the MSCI World
Index is statistically significant, suggesting tlaternational risk plays a role in explaining
expected returns on the Malaysian stock market.ebhar, a comparison of the explanatory
power of the CAPM, the APT and the “internationaPT model indicates that the
augmented APT model is superior to both the CAPM domestic APT model which rely
exclusively upon domestic factors to explain expeateturns. These results imply that an
international risk factor contributes positively tlee description of expected returns on the

Malaysian stock market.

Clare and Priestley (1998) conclude by stating #fidtough domestic factors are important
for the pricing of Malaysian stocks, an internatibnsk factor such as a market index, which
proxies for unobserved international risk factgulgys an important role. These findings
serve as an extension of the framework and an it@pbacknowledgement that it is not only
domestic risk that is relevant in asset pricingefnational risk factors or proxies thereof
should be considered in asset pricing studies baddle of international risk factors in the

return generating process must be investigatedaiogyy.

Whereas Clare and Priestley (1998) employ a praxyiriternational risk, Cauchiet al
(2004) consider the role of specific internatioriak factors in returns on industrial sectors

compromising the Swiss market over the January 1@86lovember 2002 period. The
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authors state that identifying factors that drieéurns is of major interest for practical and
academic research, and the identity of factorsfierined by the assumptions upon which a
model is built. Implicit in these assumptions iattinvestors are limited to domestic stocks.
Whereas this assumption is valid for closed or wegrated markets, it is reasonable to
assume that developed markets are at the verydagsilly integrated in an era of increasing
globalization. Cauchiet al (2004) seek to establish the role of domestic iatenational
risk factors in the Swiss stock market, which isumsed to have international exposure
accompanied by a perception of imperfect integnatiche authors use specific international
risk factors as opposed to a general proxy formatgonal risk with the choice of risk factors
guided by Cheret al’s (1986) hypothesis that any factor which affeftisire cash flows
and/or the discount rate will impact prices.

The model is chosen on the basis of explanatoryepanaximizing criteria and the final
specification incorporates four factors, two of efhare domestic and two of which are of an
international nature. The domestic risk factorsratarns on the Swiss stock market and the
Swiss term structure whereas the international fa&skors are the changes in industrial
production and expected inflation for the groupsefen (G7) countries. Although none of
the factors are priced, the model explains apprateflg 10 percent of the variation in
expected returns suggesting thath domestic and international risk factors play & ialthe
pricing of Swiss stock® Cauchieet al (2004) argue that not only do these results confi
the identity of the factors used by Chretral (1986), each factor — domestic and international
- is also representative of a risk category idedifoy Chenet al (1986). These results,
although somewhat ambiguous given the lack ofstiedilly significant pricing relationships,
motivate for the consideration of the impact ofafie international factors on stock returns.
Moreover,regardlessof which approach is undertaken — whether a prfoxyinternational
risk is utilized as in Clare and Priestley (1998) specific international risk factors are
considered as in Caucha¢ al. (2004) - it is evident that the macroeconomic ARddel and
the APT as a conceptual framework should consiolerces of international risk.

3.2. The APT model and the return generating praicaddinkage
The findings of studies dealing with the macroeconitoAPT model lead to a number of
inferences. Chaet al (1985), Cheret al (1986) and Hamao (1988) show that changes in

39 Cauchieet al’s (2004) assessment of this model is primarilgdshupon its explanatory poweRY).
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macroeconomic factors assumed to represent chargyisigmatic risk explain expected
returns. As these factors are priced, this als@estg that macroeconomic factors are able
explain time series variation in the return genegaprocess (Elton & Gruber, 1988). This is
supported by the presence of correlation betweeakahaggregates and the macroeconomic
factors. Furthermore, Cheat al (1986) and Hamao (1988) explicitly acknowledgat tthe
return generating process can be modelled as @adunaf multiple macroeconomic factors.
Studies that follow highlight some of the limitai® of the approach, suggest that the set of
factors important to returns may differ across mtgkemphasize the role of innovations in
the APT framework, suggest that APT specificatioas be generalized across assets and

draw attention to the role of international risktfas.

Whereas APT studies employing pre-specified facatisde to the structure of the return
generating process, inferences based upon thediestiave mainly been drawn from results
pertaining to the APT model, which establishes ldajiiim relationships. The lack of direct
consideration given to the time series relationshygtween returns and risk factors is
indicative of the gap within the literature regaglithe relationship between the APT model
and the linear factor model underlying it. Fortwhatthere exists a strand of literature which
considers the time series relationships betweemngtand macroeconomic factors, and links
the return generating process to the APT model dnsidering both aspects of the APT
framework simultaneously. These studies suggedtttiea APT framework is not only a
framework within which pricing relationships aretaddished, but also a framework within

which the return generating process can be modafiddnvestigated

3.2.1. Pricing and the return generating process

Beenstock and Chan (1988) state that the maindimit of the factor analytic approaches
employed in the APT framework is that factors cdnipe interpreted and therefore, it is
impossible to determine whether factors derivechgidactor analysis represent systematic
risk or idiosyncratic risk. Instead of focusing wmpthe cross-sectional implications of the
APT model, the authors consider both the APT maahel the return generating process by
first establishing whether returns are linearlyatetl to innovations in macroeconomics
factors over time and then by establishing whettgpected returns are linked to the
estimated factor loadings. Two approaches to estigndactor loadings are applied, and in
doing so, models of the relationship between mawoeemic factors and returns over time

are estimated. In the first approach, innovatiores generated and used to estimate factor
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loadings over the firsil; observations whereas the remainifigobservations are used to

estimate the APT model. In the second approachorfdocadings are estimated from odd
observations whereas the APT model is estimatetjusien observations. A set of eleven
candidate risk factors is considef@dUsing UK return data for the October 1977 to
December 1983 period, Beenstock and Chan (1988)tfiat according to the first approach,
returns on seventy-six portfolios are describedday factors over time. These are interest
rates as measured by treasury bill rates, the bmoeasure of the money supply, fuel and
material costs and retail prices. Under the seappuioach, results are almost identical in that
returns on the portfolios are significantly relatedinnovations in the same four factors.
However, whereas under the first approach theioalship between the money supply and

returns is negative, under the second approastpisitive.

Beenstock and Chan (1988) suggest that these fiadamply a four-factor model to describe
returns — this in essence representing a foursffactmdel of the return generating process
derived within the APT framework. The number of ifge and negative factor loading
estimates is noted, and the authors ascribe ecenoedning to these results in terms of the
expected cash flow model employed by Cleeml (1986). Factor loadings estimated under
the two approaches are then used to estimate tiss-sectional APT model. Treasury bill
rates, the money supply, fuel and material costd, ratail prices are priced under the first
approach whereas treasury bill rates, the monepglgmd retail prices are priced under the
second approach. The APT model explains over al tbfr cross-sectional variation in
expected stock returns under both approaches. éJlikanet al. (1985), Cheret al (1986)
and Hamao (1988) who focus only upon the crossesedtimplications of the APT model,
Beenstock and Chan (1988) directly consider thermegenerating process underlying the
APT model and show that multiple factors drive retu Furthermore, while it has been
argued by Boweet al (1984) and implied by Chest al (1986) and Hamao (1988) that the
APT framework offers a systematic link between AT model and the return generating
process, none of the macroeconomic APT studiesiskgtl so far have considered both the
return generating process and the APT model togeBeenstock and Chan (1988) on the
other hand show that factors that explain the ter@es behaviour of returns are also priced.

0 The UK treasury bill rate, broad money supply, faed material cost index, general index of repaites,
general index of wages, industrial stoppages, éxaad import volume indices, relative export pric€soss
Domestic Product (GDP), and total production inrtdes belonging to the Organization for Econoi@io-
operation and Development (OECD).
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In doing so, a linkage between the macroeconomid Atdel and the return generating
process underlying the APT model is demonstratemtalNy, the authors identify a return

generating procesnd APT model specification for UK stockgthin the APT framework.

McElroy and Burmeister (1988) re-examine the APanfework as a multifactor non-linear
regression with pre-specified factors and across&on restrictions. Whereas the approach
of pre-specifying factors is consistent with Cledral (1985), Cheret al (1986) and Hamao
(1988), the authors estimate the return genergingess and APT model using NLSUR
methods. As this approach yields joint estimate$aofor sensitivities and risk premia, it
permits insight into both aspects of the APT framewsimultaneously. McElroy and
Burmeister (1988) specify a five-factor model tsciée returns on a sample of individual
firms in the CRSP database over the January 19M2etember 1982 period. The factors
incorporated into the model are the term structofrenterest rates, the default spread,
unexpected deflation, real final sales and thedtedimarket factor where the residual market
factor is acatch-all proxy representing variation in the return genegatprocess not
explained by the macroeconomic factors employettiénmodel (Burmeister & Wall, 1986).
In selecting these factors, reference is madedeipected cash flow model as discussed in
Chanet al (1985) and Chert al (1986). The residual market factor is construdbgd
regressing returns on the S&P Composite Index enfahr remaining factors. This yields
initial insight into the structure of the returnngeating process underlying returns as an
aggregate. Returns on the S&P Composite Index egatively and significantly related to
changes in the default spread and final retailssafel positively and significantly related to
changes in the term structure and unexpected meflaflogether, these four factors explain
almost a quarter of the time series variation irPS8omposite Index returns.

The second set of results reported by McElroy amdniister (1988) shows the factor
sensitivities of returns on individual stocks tee thve factors. These results, in essence,
provide insight into the return generating proaasgerlying the returns on individual stocks
in the sample. Together, these five factors expiaittveen 30 percent and 50 percent of the
variation in returns. The relationship between metuon individual stock and the default
spread is found to be mostly significant and preidamtly negative whereas the relationship
between returns and changes in the term strucsuneostly significant and predominantly
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positive*! The relationship between unexpected deflationratall sales differs in direction
and statistical significance across stocks. McEang Burmeister (1988) report that over 60
percent of the estimated factor sensitivities ataissically significant suggesting that
macroeconomic factors that are widely used in aggeing and are assumed to measure
systematic risk, also feature in and explain thernegenerating process. In turn, all risk
premia in the corresponding APT model are pricedgssting that the very factors that
characterize the return generating process arethtse that explain the cross-section of
expected returns. In conclusion, the authors statethe proposed set of factors is not unique
and suggest that further research should be ukéertato whether there are other factors
that explain returns. Similarly to Beenstock andat{1988), McElroy and Burmeister’s
(1988) results point towards a relationship betwidenAPT model and the underlying return
generating process. The role of the APT framewakaavalid conceptual framework is
demonstrated; it is successfully adapted for thepgaes of identifying and modelling the

return generating process as well as for assangric

3.2.2. Pricing and the return generating procesSobith African stock returns

Van Rensburg (1996) argues that part of the reemahe emergence of the APT framework
is the failure of the single-factor model undertyithe CAPM to capture the numerous
influences that drive stock returns. Although, 8T framework addresses this shortcoming
by permitting a number of factors to influence ratij the main limitation of the model is the
lack of clarity regarding the identity and numbérfaxctors in the return generating process.
To investigate the pricing and return generatirgepss of South African stock returns and to
address these limitations, the author regressasneebn the JSE All-Share Index over the
January 1980 to December 1989 period on unexpeut@eements in ten candidate risk
factors** Out of this set of risk factors, four factors hawestatistically significant impact
upon aggregate returns; namely, the Rand gold ,pretarns on the Dow Jones Industrial
Average (DJIA), inflation expectations and the testmucture of interest rates. Van Rensburg
(1996) states thah posteriori these factors should have a pervasive impact ghock
returns — an important assumption suggesting tihatléfactor model derived upon the basis

of a market aggregate should be generalizable fious securities compromising the JSE

*1 The words “mostly” and “predominantly” are usedgmsefully within this context. The relationshipniveen
returns on the securities in the sample and thesedctors is not always of the same direction isoalways
statistically significant. This can be seen in tlatext of Antoniotet al’s (1998) findings which suggest that
specifications derived within the APT framework aat always fully generalizable.

“2 Inflation, growth rates of manufacturing produatioetail sales, the money supply, building plaassed, the
Rand-Dollar exchange rate, the Rand gold pricerandns on the Dow Jones Industrial Average (DJIA).
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All-Share Index. The four-factor model of the retgenerating process explains 30 percent
of the variation in returns. Changes in the goideand returns on the DJIA have a positive
and statistically significant impact upon returmsl Zhanges in inflation expectations and the
term structure of interest rates have a negativk statistically significant impact upon

returns. The residual term of this four-factor maddreated as the residual market factor.

Van Rensburg (1996) then turns to the identificaid priced factors in a sample of South
African firms using the NLSUR approach. Returns the DJIA, changes in inflation
expectations and changes in the term structuratefdst rates are found to be priced. The
residual market factor is not priced and neithegatd. It is suggested that despite gold’s
importance to the South African economy, it is rmoiced because of the sample’s
composition. The sample includes industrial andarftial firms which areunaffectedby
movements in the gold price. This finding implieattgold may have an industry wide effect
as opposed to a systematic effect and it is tligstry wide effect that is reflected in the four
factor-model of the return generating process. Wiad is excluded from the estimation of
the residual market factor and the APT model, gsdual market factor is priced alongside
returns on the DJIA, changes in inflation expeotaiand changes in the term structure of
interest rates. Van Rensburg (1996) concludesftinditer research should be undertaken into
the APT specification proposed in the study. A natehy finding is that the South African
stock market is integrated with global markets.sTinference is based upon the finding that
returns on the DJIA feature in the return genegafgrocess specification and explain

expected returns on South African stocks.

In a subsequent article, Van Rensburg (2000) agagstigates the pricing of South African
stocks over the January 1985 to January 1995 peaiatl conducts a more extensive
investigation of the return generating process iwithe APT framework? Innovations, as
required by the APT framework, are generated utgis/ector Autoregressive models. To
identify risk factors, the correlation between tamdidate risk factors and returns on the JSE
All-Share Index is investigated. Factors that apé significantly correlated with JSE All-
Share Index returns are omitted from further anslyisnplicit in this approach, as in Van
Rensburg (1996), is the assumption that factortsdiiae returns on the JSE All-Share Index

*3 The expanded set of risk factors includes retomshe JSE All-Share, the Industrial and All-Gofuflices,

the respective earnings on these sectors, retunnsh® DJIA, the Rand gold price, rates on a 10-year
government bond, the three month banker’s accepteate, the level of gold and foreign exchangervess
and the money market shortage.
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have a pervasive influence on securities throughtbet South African stock market.
However, Van Rensburg (2000) goes further in thposition of the return generating
process. An initial model of JSE All-Share Indeturas is estimated incorporating returns on
the DJIA, the 10-year government bond rate, thedRgold price, growth in All-Share
Indexed Earnings and changes in gold and foreigerves. Jointly, these factors explain just
under 30 percent of the variation in returns ondBE All-Share Index with the former three
factors having a statistically significant impagton returns. Van Rensburg (2000) then
augments this model wittwo residual market factors in the form of (uncorretBtreturns on
the JSE Industrial and All-Gold Indices to corrémt an upward bias in the variance of the
estimated model parameters arising from potent@ehunder-specification. It is argued that
this bias translates into an (incorrect) acceptasfcthe null hypothesis of no relationship
between returns and the factors describing themreganerating procesall factors in the
augmented model now have a statistically signiticgampact upon returns and the model
explains over 90 percent of the variation in resurifhis substantial improvement in
explanatory power over the unaugmented modelndbated to the incorporation of a second
residual market factor. Van Rensburg (2000) referthis set of models as models of the
return generating process which explain the timeeseof equity returns. As in Van
Rensburg’s (1996) study, the linear factor modelautying the APT model is the motivation

for these multifactor specifications of the retgemerating process.

The results of the APT model indicate that all éastthat appear in the underlying return
generating process, with the exception of indexediegs, are priced (Van Rensburg, 2000:
Table 6, Panel B&G). Risk premia on the DJIA andrdes in the level of gold and foreign
exchange reserves are negative whereas risk pessgiated with the remaining factors are
positive. All factors are also priced individuallAs with the findings of McElroy and
Burmeister (1988), Beenstock and Chan (1986) and Ransburg (1996), these findings
indicate that there is a relationship between tR& Model and the return generating process.
Furthermore, Van Rensburg’s (2000) use of the DaHA risk factor again points towards the
significance of international risk in the returnngeating process and the pricing of South
African stocks. Last but not least, the use of @sd residual market factor represents an
important extension of the APT framework. The u$e second residual market factor is
motivated by the potential failure of a limited s#t pre-specified factors to sufficiently
capture all risk in returns and to fully account Yariation in the return generating process
(Van Rensburg, 2000).
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Van Rensburg’s (1996, 2000) studmsgygesthat the APT framework can be applied in the
South African context. Although, priced factors dhdse that feature in the return generating
process of the South African stock market diffesnirthose in other markets, the APT
framework is nevertheless successfully appliednnnaestigation of the pricing and return
generating process of South African stock retukh@wever, there is a limitation to Van
Rensburg’s (1996, 2000) application of the APT fearark in investigating the return
generating process; the framework is applied singlereturn series, namely returns on the
JSE All-Share Index. This motivates for an appiarabf the APT framework to aextended

number of South African return series — an endeatl@t is undertaken in this study.

3.2.3. Beyond stock returns

Elton et al (1995) state that although bond markets play raportant role in the US
economy, there is relatively little interest in bigoricing models and the APT framework has
yet to be applied to bond pricing. The authors aslsithis gap by developing a set of models
within the APT framework which explaiboth the time series behaviour of returns and
expected returns on bonds. It is further arguet tdsis of the APT model are also a test of
the return generating process — an important propossuggesting that the seminal studies
of Chanet al (1985), Cheret al (1986) and Hamao (1988) indirectly confirm thdidity of

the underlying multifactor return generating pracebwo models are suggested to explain
returns on three bond samples over the January ttO8®cember 1992 period. The four-
factor model incorporates excess returns on the S&@ Index, returns on a modified
Lehman Brothers bond index, unexpected changegah GNP and inflation. The six-factor
model incorporates the default spread and an ogpéctor in addition to the factors in the
four-factor modef? In motivating for these specifications, Elteet al (1995: 1237)
acknowledge the role of the APT as a conceptuahdmork by stating that their hypothesis
that these models describe returns on bonds ish&ntradition of Cheret al (1986), that
returns are generated by a mixture of tradablefgm$ and fundamental (macroeconomic)
economic factors.” Furthermore, the authors alsknewledge that the APT can be
decomposed into time series and cross-sectiondamijons of returns — an important

acknowledgment of both aspects of the APT framework

* The difference between returns on the Lehman BrstiGovernment National Mortgage Association Index
and returns on a government bond series with time shuration.
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Using the NLSUR methodology, Eltoat al (1995) find that each factor explains a
proportion of expected returns. For example, the-factor model explains a total of 87.05
percent of the variation in expected returns. lis tmodel, the S&P 500 accounts for 3
percent of explained variation, the aggregate boddx accounts for 73 percent of explained
variation, unexpected changes in the GNP and iaflaaccount for 7 percent and 17 percent
of explained variation respectively. The six-factoodel explains 82.47 percent of the
variation in expected returns. Comparatively, aleifiactor model incorporating only an
aggregate bond index explains a total of 40.32qwdrof the variation in expected returns.
Results indicate that both the four and six-factadels, on average, explain over 90 percent
of the time series variation in bond returns, witbst of the time series explanatory power
attributable to the aggregate bond index. While dhggregate bond index has the greatest
explanatory power in a time series context, indtess-section, the additional factors play an
important role. This suggests that systematicplaks different roles in the return generating
process and in the APT model (Eltenal, 1995). Furthermore, it also suggests that, #s wi
stock returns, there are extra-market sources si m bond returns. These important
inferences provide further motivation for directhyestigating the role of systematic risk in
the return generating process as opposed to ceimgjdeonly within the context of the APT
model as in Chagt al (1985), Cheret al. (1986) and Hamao (1988). Eltenal (1995) also
apply the APT framework in an exploratory contextekamine the sensitivity of returns on
corporate, mortgage and government bond funds ¢éo f#ttors describing the return
generating process. According to the six-factor ehoghortgage funds are more sensitive to
the option index relative to the other funds whergavernment bonds are least sensitive to
this factor. The corporate bond fund is the onlydfwvhich is positively affected by growth in
the GNP and inflation has the least adverse imppoh the government fund. The positive
impact of increases in GNP on corporate bondstidbated to decreases in risk, which more
than compensate for rising interest rates whiclowolincreases in the GNP. The negative
impact of unexpected inflation on the three categoof funds is attributed to increases in

interest rates which decrease returns.

Elton et al’s (1995) extension of the APT framework to thesalgtion of the return

generating process and cross-sectional behaviobord returns demonstrates the flexibility
and applicability of the APT framework. The impaddt pre-specified factors on returns is
interpreted in the context of economic theoryslshown that factors have a differing impact

upon the time series behaviour of returns and égpaeturns.
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3.3. Applying the APT as a conceptual framework

Beenstock and Chan (1988), McElroy and BurmeistéB88), Van Rensburg (1996, 2000),
and Eltonet al (1995) investigat®oth aspects of the APT. These studies acknowledge that
assets can be pricedhd the return generating process can be investigattun the APT
framework. It is however evident that studies emiplg the APT framework primarily focus
on asset pricing. Nevertheless, the APT framewsrkredited with providing a conceptual
framework for multifactor models of the return geatang process. Eltoat al (2003) credit
Chenet al (1986) with laying the foundation for models idiiting the variation in returns to
a broad set of factors. It is suggested by thecastthat the APT framework has been applied
in academic and commercial contexts to describedghegn generating process. Eltehal
(2003) further acknowledge that estimating thedimfactor model underlying the APT model
in a time series context yields a model of therregenerating process. The influence of the
APT on Chenret al’s (1986) work is evident and motivation for mfdtitor models of the
return generating process stems from Céeal’s (1986) acknowledgement that the return
generating process can be described by a set e$pe@fied macroeconomic factors.
Shanken and Weinstein (2006) suggest that the ARften cited as a motivation for models
employing a set of macroeconomic factors to exptatarns. Caporale and Perry (2006: 3)
state that the APT framework has been proven ta beery flexible framework to analyze
asset returns since it allows an asset be exposseveral risk factors.” The authors further
state that the variability - as opposed to pricingf returns has been analyzed within the
context of the APT framework. Connor (1995) dirgattedits Charet al (1985) and Cheat

al. (1986) with laying the basis for models of regimhich employ macroeconomic factors

to explain return behaviour.

The discussion that follows is based upon studias demonstrate how the APT framework
is applied directly to investigate the return generating process withtaking into
consideration the pricing aspect of the APT framéwdhe influence of the APT framework
in these studies is apparent; aside of each seféyring to the APT framework to motivate
for a multifactor model, these studies refer toAlRT and studies based thereupon to identify

the category of factors used to explain the reygmerating process.

3.3.1. Modelling the return generating process witine APT framework
Burmeister and Wall (1986) argue that the linkagéwieen returns and macroeconomic

activity has long been mired in controversy. Theklaf understanding of the linkages
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between return behaviour and macroeconomic fagtoionsidered to be problematic as
return behaviour is central to measuring discoates, understanding business cycles and
answering questions relating to efficient resowalecation. It is within this context that the
authors seek to examine the time series behavibWSostock returns over the December
1971 to November 1981 period. With reference tosREI76) work on the APT and the
linear factor model, the dividend discount modet ahe work of Chenret al (1986),
Burmeister and Wall (1986) consider innovationgha default spread, the term structure,
unexpected inflation and real final sales as factor a multifactor model of the return
generating process. Although mention is made ottbes-sectional APT model, Burmeister
and Wall (1986) focus upon describing the returmegating process of returns on the
S&P500 Index, an equally weighted portfolio of &®a@nd a mutual fun®. The return
generating process specification proposed by Bustereand Wall (1986) is as follows:

L =bjo +b,UPR()+ B, UTE Y+ U()+ UGEH)t+ UN)t+ & (3.3)

where r, is the return on a given series in Burmeister Wrall’s (1986) samplebp,, is the
intercept term and the residuals are denoted,byJPR(?) is the default spread)TS() is
the term structurelUl (t) is unanticipated inflation antdGS( 9 is the unexpected change in

real final salesUM (t) is the residual market factor — a notable contrdmuof Burmeister

and Wall (1986) who are the first to employ thistéa within the APT framework. Each
return series is initially regressed on the fimirffactors and then on all factors including the
residual market factor in equation (3.3). Resultstie time series LS regressions are
(faithfully) reproduced in Table 3.2.

“>T. Rowe Price New Horizons Fund.
“® The notation of Burmeister and Wall (1986) is irezd for demonstrative purposes.
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Table 3.2: Results of time seriesregressions

r, Const. UPR() UTS(H UI(t) UGS(H) UM(I) R?
1) S&P 500 total 0.0094 154 0.50 -3.03 1.30 - 0.29
returns index (2.64) (4.57) (4.39) (-2.64) (4.38)

2) Total Returnon 0.0110 2.19 0.58 -4.20 1.60 - 0.29

equally weighted (2.43) (5.02) (4.00) (-2.82) (4.15)

portfolio of 20

randomly selected

stocks.

3) Total Returnon 0.0120 1.74 0.49 -5.78 1.89 - 0.22
T. Rowe Price New (2.08) (3.30) (2.75) (-3.22) (4.07)

Horizons Fund

4) Same asrow (2) 0.0110 2.19 0.58 -4.20 1.60 1.12 0.82
(4.76) (9.84) (7.75) (-5.53) (8.13) (18.10)
5) Same asrow (3) 0.0120 1.74 0.49 -5.78 1.89 1.32 0.78

(390) (6.20) (5.16) (-6.05) (7.64)  (17.10)

Notes:
1. t-statistics are reported in parentheses as in Bateneand Wall (1986)

Source: Burmeister & Wall (1986)
The results above indicate tHaPR(f), UTS( 9, Ul (t) andUGS( ) jointly explain 29 percent

of variation in returns on the S&P 500 Index. Moreg the model explains 29 percent and
22 percent of the variation in returns on the pdidfand the mutual fund in rows 2) and 3)

respectively. The estimated factor sensitivitieshi@ multifactor model reveal the impact of

innovations in factors on each return series. Bistae and Wall (1986) then proceed to

model returns on the two latter series with thedres market factor incorporated into the

model (rows 4) & 5)). The residuals of the regresaf S&P 500 returns on the four factors

in row 1) constitute the residual market factohe tinexpected change in the market index
not explained by the first four factors in the modeheTresidual market factor has come to
play a central role in the modelling of the retugenerating process within the APT

framework by fulfilling the role of acatch-all proxy for omitted factors measuring other

market risk (Berryet al, 1988; Van Rensburg, 1996).

The amount of variation explained for these twaeseimcreases substantially to 82 percent
and 78 percent respectively suggesting that altmotgeg market index can explain a
significant amount of variation in returns, there at leastfour different types of distinct risk
aside from market risk in returns (Burmeister & WaPB86). This is evident from rows 4)
and 5) in Table 3.2 where innovations in each fa@side from the residual market factor,
continue to have a statistically significant impangton returns. This points towards the
presence of significant extra-market sources otesyatic risk in the return generating
process. Burmeister and Wall (1986) extend thisr@ggh to individual stocks and

demonstrate that the return generating processidifidual stocks can also be modelled
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within the framework. Returns on eight individuabcks are regressed onto the four risk
factors and the residual market factor. Resulteakvwhat most of the estimated factor
sensitivities (36 out of 40), with a few exceptipase statistically significant. The authors
note that the size of factor sensitivities diffexgoss stocks suggesting that different assets
respond differently to innovations in macroeconorfactors. The widespread statistical
significance of factors suggests that a multifact@mdel can be used to not only describe the
return generating process of aggregates but alsedoribe the return generating process of
individual stocks. Burmeister and Wall (1986: 1@&nclude that the APT “offers a most
promising line of research for the better undeditagn stock market behaviour and its
linkages with macroeconomic variables.” An analydistock market behaviour conducted
within the context of the APT framework, togetheithathe introduction of the residual
market factor, represents a direct applicatiorhef APT framework and an extension of the

theory to an investigation of the return generaingcess.

Berry et al. (1988) state that the APT framework permits aeggrof risks to affect returns
and seek to examine the importance of five rishkoiacthat have been shown to influence
returns in US markets. It is argued that by beinlg &0 measure the differences in exposures
to risk across economic groups and industries, filossible to construct strategies to manage
risk and achieve superior returns. Although, theneo single set of risk factors that explain
returns, and a number of equivalent sets of factaag exist, what is required is that returns
are plausibly related to these factors. The autgorento argue that although a given set of
factors may not be fully exhaustive in its explamatof returns, the residual market factor
will proxy for any missing factors. Bermst al (1988) frame their investigation of the return
generating process within the APT framework. Tls& factors chosen to explain returns are
almost identical to those proposed by Clenal (1985) and Chert al (1986) in their
respective asset pricing studies. These factorstrereterm structure, the default spread,
changes in unexpected deflation and the growthinateal sales. The residual market factor
is employed to measure the portion of S&P 500 nsturot explained by the other four
factors. As in Burmeister and Wall (1986), Beryal (1988) use innovatiofisin these
macroeconomic factors to describe the return géingrgrocess. Having defined these

factors, returns on portfolios representing sevesnemic groups and eighty-two industrial

“" Berry et al (1988) report that statistical tests reveal thasse risk factors cannot be predicted from past
values implying that they qualify as innovations.
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sectors of the US stock market are regressed batariexpected risk factor series using time

series LS regressions over the January 1972 torierel1982 period.

Table 3.3: Quantities of different types of risk for seven US economic sectors

Sector Type-1 Risk Type-2 Risk Type-3 Risk Type-4 Risk Type-5 Risk R2 DW
Name (default) (term (inflation or  (unexpected (residual (adjusted R- (Durbin
structure)  deflation) change in market risk) squared) Watson
growth rate statistic)
of profits)
Cyclical -1.63 0.55 2.84 -1.04 1.14 0.77 1.67
(-6.93) (6.97) (3.55) (-3.64) (18.47)
Growth -2.08 0.58 3.16 -0.92 1.28 0.84 1.94
(-9.80) (8.21) (4.38) (-3.57) (23.05)
Stable -1.40 0.68 231 -0.22 0.74 0.73 1.81
(-7.09) (10.25) (3.43) (-0.93) (14.20)
o]] -0.63 0.31 2.19 -0.83 1.14 0.50 1.79
(-1.62) (2.42) (1.65) (-1.75) (11.12)
Utility -1.06 0.72 1.54 0.23 0.62 0.67 1.84
(-4.93) (10.02) (2.11) (0.87) (11.03)
Transport. -2.07 0.58 4.45 -1.13 1.37 0.66 2.01
(-5.65) (4.75) (3.57) (-2.53) (14.24)
Financial -2.48 1.00 3.20 -0.56 0.99 0.72 1.85
(-8.44) (10.21) (3.21) (-1.57) (12.86)
Notes:

1. t-statistics are reported in parentheses as in B¢/ (1988).

Source: Berry, Burmeister & McElroy (1988)
The results in Table 3.3 indicate that the fivetddaanodel identifies sources of risk in US

returns and that the five risk factors explain bssantial amount of variation in returns. The
model explains between 50 percent and 84 percaheofariation in the returns on economic
groups with thirty-one out of the thirty-five ested factor sensitivities being statistically
significant. This suggests that a multifactor modethe return generating process can be
used to explain returns on economic sectors ofliBeeconomy and to relate returns to
multiple sources of systematic risk. Begtyal (1988) interpret the estimated sensitivities as
different risk types. Risk profiles denoting thevdés of risk exposure to each factor are
reproduced in Figure 3.1. This permits a comparisbexposures faced by each economic
group to given risk categories.
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Figure 3.1: Risk profile of economic sectors

Berry et al (1988) ascribe economic interpretation to theeoled results. For example, the
low exposure of utilities to inflation may arise@in the ability of utilities to pass on inflation
induced costs in the form of higher product prig®s. the other hand, this ability is not
observed for the transportation sector which isilyigensitive to inflation risk. The authors
extend the proposed multifactor model to returnthatindustry level. Results indicate that
the model explains between 15 percent and 72 peofdne variation in returns on industrial
portfolios. A closer analysis of the estimated dadbadings reveals thaiverall, all factors
have a statistically significant impact on industsector returns. Moreover, this suggests that
the return generating process of US industrialsseeturns can be described by a multifactor
return generating process specification construatightin the APT framework. Similarly to
Burmeister and Wall (1986), Berst al’s (1988) approach represents a generalization and
extension of a return generating process spedtitaionstructed within the APT framework
to an extended number of series. That a singleifgmon derived within the APT
framework can be used to describe returns on a aupoflseries is suggested by Antonaiu

al. (1998) in asset pricing literature.

Aside from relying upon the APT framework to exgdhe return generating process, other

applications dependent upon the APT framework aggasted. Berrgt al. (1988) state that
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if exposures to risk are known, a policy of riskrgization can be followed. Alternatively, a
strategy may be employed whereby unexpected compomé the risk factors are forecast
and according to these forecasts, a selectionookstis made so as to maximize returns or
outperform a benchmafk. Finally, the authors suggest that the influence nodre
complicated combinations of factors can also besicemed within this framework. This
suggests a degree of flexibility and emphasizesAtR& framework’s role as a conceptual
basis - as opposed to a prescript - for invesngaine return generating process. However, a
limitation of Berryet al’s (1988) study is that although it is acknowledigkat factors in
excess of the residual market factor can add néwniration, the amount of new information

added is not investigated.

Chan, Hendershott and Sanders (1990) analyze seturrequally-weighted indices of real
estate investment trusts (REITs) traded on exclainge¢he US over the January 1973 to
December 1987 period. The APT framework is the ephal basis of the multifactor model
employed by the authors and the factors employethenmodel are those of Chen al
(1986). As Charet al. (1990) do not incorporate a market factor oraadusal market factor
into the return generating process specificatibme, éxplanatory power of the Chet al
(1986) risk factors is investigated in isolationrfr the market factor. The multifactor model
is estimated by regressing equally-weighted REtUrns onto industrial production growth,
changes in expected inflation, unexpected inflatthe default spread and the term structure.
Notably, this return generating process specificais identical to the one proposed by Chen
et al (1986) in their seminal study. However, unlikee@lt al (1986) who only investigate
the pricing of these factors, Chanhal (1990) employ the model to investigate the stmect

of the return generating process. For comparativpgses, returns are also regressed onto

the returns on equally and value-weighted NY SEcesli

Results indicate that over the entire sample, thaky-weighted NYSE index explains over
60 percent of the variation in REIT returns wherttes value-weighted index explains 37.3
percent. These results provide a benchmark whicmipgea comparison of the ability of the
Chen et al (1986) factors to explain the return generatirgcpss against a simpler

alternative in the form of a single-factor modeha@et al (1990) find that over the entire

“8 For example, a forecast of negative unexpectedtiof is made for the next period and returnsparstively
related to unexpected inflation. By knowing th&k xposures of given assets, a selection of ass@imrtfolios
with the lowest exposure or even a negative exgodor unexpected inflation is made thus reducirsgds or
even increasing returns (Bemyal., 1988).
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sample period, the five factors explain 16.6 perceithe variation in REIT returns.
Although, the multifactor model explains a loweramt of variation relative to the single-
factor model, it is evident that factors aside fribra market index contribute significantly to
the explanation of returns. Furthermore, what caniriderred from these results is that
although a single-factor model is superior in teohexplanatory power, relying solely upon
a market index to explain returns is a gross atistra of the return generating process. Chan
et al (1990) also use the five-factor model to explaiturns on the equally-weighted NYSE
index. Results indicate that the model explain8 pé&rcent of the variation in returns on the
equally-weighted NYSE index. This discrepancy iplaratory power is attributed to greater
unique risk inherent in REITs. Unexpected inflatinegative changes in the term structure of
interest rates and the default spread are idethtde having a negative impact upon REITs
and stocks in general as represented by the NY8&xinThe factors that are statistically
significant in the return generating process of REdturns for theentire sample period are
changes in industrial production, changes in thiaule spread and changes in the term
structure. Returns on the equally-weighted NYSEemdare significantly related to
unexpected changes in inflation, changes in thaullekpread and changes in the term
structure over the entire sample period (see @hah, 1990: Table 5). Similarly to Bermst

al. (1988), the risk profiles of the REIT and equallgighted NYSE index return series are
analyzed by comparing and contrasting estimatedsaxps of returns to the five factors.
Returns on REITs are found to be 40 percent lassitsee to innovations in the five factors
relative to aggregate returns. Chetral. (1990) suggest that this implies that REITs ass|

risky than stocks in general.

Aside from demonstrating further applications o€ tAPT framework and applying the
framework to model the return generating processrainal in a specific market sector,
Chanet al’s (1990) findings lead to important inferencesie®uch inference is that the risk
categories suggested by the Chetnal (1986) and the factors representative theczof

explain a substantial proportion of time seriesiatan in returns as opposed to only
variation in expected returns. Furthermore, thasdirfigs also confirm the validity of the
five-factor model of the return generating procpssposed by Cheat al (1986). In doing

so, these findings re-affirm the specific role dfe@et al (1986) and the APT in general in
laying a conceptual basis for models of the retgemerating process which employ

macroeconomic factors representative of systemakc
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3.3.2. Beyond developed markets

Burmeister and Wall (1986), Berst al (1988) and Chaet al (1990) successfully model
the return generating process of securities comggiogithe US market. However, it is by no
means certain that the APT framework can succdgdbel applied to developing markets.
Burmeister (2003) acknowledges that while lineartda models of the return generating
process can successfully be constructed for a nuwfbdeveloped markets (e.g., the UK,

Germany and Japan), there are possible difficultiedeveloping markets.

Kandir (2008) investigates the role of macroecomofi@gictors in explaining returns on
Turkish stock portfolios over the July 1997 to JB@95 period. The APT framework is
employed to model the return generating process l&addir (2008) first traces the
development of asset pricing models and their dmution to providing a conceptual
framework. In doing so, the influence of assetipgcmodels and notably the APT on
contemporary literature dealing with time seriesdeis of stock returns is demonstrated.
Chenet al (1986) are credited for motivating the extensitedy of linkages between returns
and macroeconomic factors representative of sysiemsk within a multifactor framework.
The influence of the APT framework is further evidén the identification of risk factors;
Kandir (2008) refers to Cheet al (1986) and Clare and Thomas (1994) amongst dthers
identify macroeconomic factors for inclusion in tfe¢urn generating process specification of
Turkish stock returns. A multifactor model incorang changes in industrial production,
consumer prices, money supply, the exchange fabet-erm interest rates and returns on the
MSCI World Index is proposed to explain Turkishctoeturns. Aside from Kandir's (2008)
direct references to the APT framework, it is diavident that this model reflects the

influence of the framework in structure and factomposition.

Returns to be explained are the returns on sizek-bmmarket, earnings-to-price and
leverage ratio sorted portfolios. The model is reated by regressing returns on the
abovementioned factors using the LS methodologndiKkg2008) reports that the factors that
are statistically significant in the return genargtprocess are the exchange rate, the short-
term interest rate and returns on the MSCI Worldekh Together, these factors explain
approximately 30 percent of variation in returns.id noteworthy that the identity of
significant factors doesot change according to portfolio formation criterighi suggests

9 One of these studies is that of Chen (1991) wkavsrupon APT framework and Chehal (1986) in his
study of the predictability of stock returns.
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that the limitation of the APT model noted by Clared Thomas (1994) whereby the identity
of priced factors differs according to portfoliorfieation criteria, does not affect inferences
relating to the return generating proc&s&andir (2008) refers to Cheet al (1986) to
establish the consistency of the results. The figdihat industrial production and the
inflation rate are statistically insignificant iaconsistent with the findings of Cheat al
(1986) who find that these factors explainexpectedreturns. However, these findings
suggest that these factors do not explain the sienes behaviour of returns or are irrelevant
to the Turkish market. Further interpretations mnsgicant relationships are provided by
Kandir (2008); exchange rates are significant bseaaf increasing trade and tourist
activities, interest rates impact Turkish stockunes because of their role as a proxy for
alternative investment opportunities and the MSQIrilVindex plays an important role as a
result of Turkey’s increasing integration within mebmarkets (see Clare & Priestley, 1998).
In contrast, it is argued that oil prices do notéra significant impact upon returns as there
may be more important factors of production forkisin companies and industrial production
does not affect returns because of the under-denedot of the Turkish stock market. The
insignificant relationship between stocks and tidla suggests that Turkish stocks are not a

hedge against inflation. The money supply doesappear to impact real activity.

Kandir (2008) applies the APT framework within thentext of a developing market. In
modelling the return generating process, the ARImé&work is extensively treated as a
conceptual basis for the structure and compositbdnthe return generating process
specification. While a number of macroeconomic destare identified in the return
generating process, the impact of factors suchdsstrial production, oil prices and inflation
— factors which play an important role in developedrkets — is statistically insignificant.
This provides support for Burmeister (2003) pogdiata that there are difficulties in
constructing linear factor models of the returnegating process in developing markets. The
foremost difficulty is the identity of the risk femrs themselves; factors that describe the
return generating process are likely to differ asrmarkets and need to be identified in these

markets.

While Kandir (2008) applies the APT framework tesiagle developing market, Bilsat al
(2001) investigate the return generating processvehty emerging stock markets over the

0 Not only are the same factors statistically sigaifit for returns on portfolios formed accordingdifering
criteria, explanatory power and estimated factosgities are consistent.
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January 1985 to December 1997 peribéds such, Bilsoret al’s (2001) study is far more
extensive in scope. It is argued that two variasftanultifactor models exist. The first
assumes perfect integration with returns beingedriby global risk factors whereas the
second, primarily informed by the work of Chest al (1986), assumes complete
segmentation whereby domestic factors drive retuBilson et al (2001) list goods prices,
oil prices, the money supply, real activity, exohpamates, interest rates and trade factors as
some of the risk factors that drive returns. Althlouhe authors recognize that the selection
of factors is subject to criticism on the grountattselection is subjective and arbitrary,
guidance is provided by prior research and the sbl&PT literature in factor identification is
evident in the abovementioned list. This list imtda factors considered by Chen al
(1986), Hamao (1988), Beenstock and Chan (198&)eCGind Thomas (1994) and Priestley
(1996). A further problem is the identity of thedamational risk factor which Bilsoet al
(2001) argue can be represented by returns onug-veighted world index. The use of an
international risk factor again finds support in ARterature (see Clare & Priestley, 1998).
Bilson et al (2001) however extend the theory by suggestiag tagional influences may
also play a role if countries are regionally intggd.

An initial a five-factor model motivated by APTditature incorporating four domestic factors
and returns on a value-weighted world market inde&, MSCI World Index, is chosen by
Bilson et al (2001) to model returns. Changes in the moneylguphe prices of goods
(inflation), real activity and exchanges rates espnt domestic factors. Bilset al. (2001)
acknowledge that while the APT framework employsxpected components, factors in the
study are employed in their raw fohThe base specification is further extended touide!

a political risk measure, a trade sector factaerast rates, a regional factor, the price-to-
earnings ratio and the (aggregate) dividend yialthough, the last two factors are not fully
consistent with the approach of Chetnal (1986) who hypothesize returns to be a function
of macroeconomic factors and non-equity factorsirtimclusion is justified by the ability of
factors constructed from the same market to beiplain returns relative to macroeconomic
factors (see Chen, 1991; Van Rensburg, 2000).

1 Argentina, Brazil, Chile, Colombia, Greece, Indiagonesia, Jordan, Korea, Malaysia, Mexico, Naeri
Pakistan, Philippines, Portugal, Taiwan, Thailaharkey, Venezuela and Zimbabwe.

°2 Bilson et al (2001) use this term to describe factor seriest tonsist of expectednd unexpected
components. In other words, “pure” innovations raoé used. The use of expected and unexpected canfon
of factors is common place in recent studies ofrétarn generating process (see Sadorsky, 200rSlad&
Henriques, 2001). This represents a relaxatioh@fissumptions of the APT framework.
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For the restricted five-factor model, results irdecthat returns on ten markets are positively
and significantly influenced by returns on the MS&bérld Index whereas the exchange rate
is statistically significant for eleven markets it predominantly negative impact. The
money supply is statistically significant for fiv@arkets, with the relationship between
returns and changes in the money supply being pre@mtly positive. Inflation and real
activity significantly impact returns on two indddal markets, namely Mexico and Portugal.
Reported--statistics indicate that the factors in the mateljointly significant for ten out of
the twenty markets and the avera§ is 0.136 ranging between -0.00 and 0.38 for
Columbia and Indonesia respectively. A number gbontant inferences arise from these
results. Firstly, the same risk factate notexplain returns across markets suggesting that
there may be risk factors that are relevant toifipgnarkets. In other words, the structure of
the return generating procedsfers across markets. Secondly, as the factors arelyjoint
significant in ten out of the twenty markets, a tifiattor model mayot be applicable to all
markets. Finally, the spread of explanatory powso auggests that not all emerging stock
markets can be adequately described by a multifagturn generating process derived
within the APT framework. These results suggest tine identification of the return
generating process is not a straightforward tasichS proposition is consistent with the
findings of Poon and Taylor (1991) who suggest thators that explain returns are likely to
vary across markets. Furthermore, these findingglight a potential limitation of the
multifactor APT framework; it may impossible to iudescribe the return generating process

relying only upon macroeconomic factors (Van Rensburg, 1996pBat al, 2001).

The unrestricted model is estimated next. Resnttgate that the MSCI World Index loses
much of its significance; returns for three markats significantly related to returns on the
index. However, returns are significantly relatedeturns on regional indices in twelve out
of twenty instances suggesting that regional régdtdrs are more important than international
factors. The exchange rate is statistically sigaift for fourteen markets — a finding re-
affirming this factor’'s importance. Money supplydareal activity are significant for two
markets, and the inflation, country risk and tleelé& factors are significant for three markets.
Interest rates have a statistically significantatipupon returns in four markets. Notably, the
price-to-earnings ratio and dividend yield areistatally significant for returns in sixteen and
ten markets respectively suggesting that factonsttocted out of the same market better

at explaining returns relative to macroeconomiddec used in place of unidentified APT
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risk factors. This suggests that the APT framewsitkuld be extended to consider equity
related aggregates. On average, the unrestrictel@lneaplains 60 percent of the variation in
returns. Bilsoret al (2001) conclude by stating that within a multttacsetting, a larger set
of factors improves the fit of the model.

Like Kandir's (2008) approach, Bilsat al’s (2001) approach strongly reflects the influence
of the APT framework. However, the sporadic sigmifice of certain factors across markets
and inconsistent explanatory power emphasizes ripareent that the same risk factors are
not applicable across markets and that abit markets can be described by an APT
framework derived model. These findings — extensivescope - suggest that there are
possible limitations and difficulties in applyinget APT framework to developing markets.

This is especially pertinent given that the Southcan stock market can be classified as a
developing market. Moreover and in light of theitations of Van Rensburg’s (1996, 2000)

analysis, it remains to be seen whether the APMdrmork can be applied and generalized to
an extendechumber of South African return series. If the ARanfiework can be applied in

an extensive investigation of the behaviour of 8dlfrican stock returns, only then can it be

said that the framework is applicable within theiBoAfrican context.

3.3.3. Beyond the return generating process

The APT framework can be applied to a range ofnfonel phenomena — any phenomena that
require multifactor specifications. While there aremerous studies that draw upon the APT
framework to study financial phenomena, two notéimpexamples are the studies of Chen
(1991) and Caporale and Perry (2006). These stddiestly cite the APT framework as their
motivation unlike other studies that reflect thuence of the framework but are short on
directly acknowledging its important contributiorseé Sadorsky, 2001; Sadorsky &
Henriques, 2001; Elyasiani & Mansur, 1998).

Chen (1991) argues that because the equilibriumetaad Charet al (1985) and Cheat al
(1986) suggest that asset returns are related twoe@onomic factors, it is important to
determine whether these factors are related tettie of the macroeconomy in a manner that
is consistent with their forecasts of returns. Csdh991) hypothesis is that returns are a
function of macroeconomic factors, which proxy lee future growth in economic activity.
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To test hypothesis that the predictive power ofdb&ault spread, term structure, short-term
interest rates, industrial production and the dividl yield arises from the ability of these
factors to predict changes in the US macroeconemiaronment, successive and future GNP
growth rates are regressed onto these factorstbget954 to 1986 period. Individually, the
dividend yield and default spread predict the fet@NP growth rate for up to one quarter,
the term structure and short-term interest ratdipréuture GNP growth rates for up to four
qguarters and the industrial production growth medicts GNP growth rates for up to four
quarters. To directly investigate the hypothesét tieturns reflect changes in future output,
Chen (1991) uses fitted values of GNP growth rdw@s explanatory factors to explain excess
returns on the value-weighted NYSE index. Resulidicate that both past and future
expected and unexpected GNP growth rates explaimngee Multifactor models of GNP
growth rates — recent and future — are also estunlay regressing GNP growth rates on the
default spread, short-term interest rate, dividgradd, industrial production and the term
structure. Results indicate that GNP growth rates significantly related to the dividend
yield, the term structure, industrial productioro\gth and the default spread implying that
these factorarerelated to direct measures of macroeconomic #&gtikinally, excess returns
are regressed onto the dividend yield, defaultaghreerm structure, short-term interest rates
and industrial production growth within a multifactmodel. Chen (1991) reports that this
specification predicts 47.6 percent of the varmiio returns with the short-term interest rate,
industrial production and the dividend yield havstgtistically significant predictive power.
These three significant factors are then augmentétdan unexpectedsNP growth factof

in a four-factor model. The explanatory power a§ thhodel increases to 61 percent and the

GNP growth rate is statistically significant in tmeadel.

Not only is Chen’s (1991) study directly motivateg Chenet al’s (1986) work, the

influence of the APT framework is evident; the camation of the dividend yield, short-term
interest rates, industrial production growth anduaexpected GNP growth factor yield a
multifactor model incorporating factors represdmtatof systematic risk factors. The
predictive power of these factors is attributedheir relationship with changes in the US

macroeconomic environment. Although Chen (1991)sdu& seek to investigate the return

*3 Estimated by regressing GNP growth rates on the fiactors. See Chen (1991: 547) for a more detaile
account of the methodology and results of the fia@or model of GNP growth rates.

** The unexpected future GNP growth rate factorésrésidual from a regression of the average of GidWth
rates over future quarters on the term structaterést rate, dividend yield, industrial productand the default
spread factors (see Chen, 1991: 547).
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generating process or asset pricing directly, tRd Aramework forms the conceptual basis of

the study.

Caporale and Perry (2006) nest their investigatiothe impact of monetary policy shocks on
stock returns within the APT framework. It is arduibat the framework is appealing as it
relates the variation in returns to risk factor @qres, considers multiple risk factors and
constrains the interpretations of model coeffigefito study monetary policy shocks, excess
returns on large US firms over the January 19Mdcember 1996 period are regressed onto
the term structure, monetary policy shocks as nredsby changes in the Bernanke and
Mihov quantitative index and changes in treasumydogields which proxy for interest rates.
Reflecting the influence of the APT framework, Cegde and Perry (2006) refer to the
proposed specification as the APT model withoutfalty making a distinction between the
linear factor model and the cross-sectional APT ehdéactors in the model are referred to as
“common (systematic) risk factors” in line with AR&rminology (Caporale & Perry, 2006:
4). Results indicate that returns are significaathygl positively related to the term structure
and monetary policy shocks suggesting that thes@asitive risk factors. Innovations in the
bond yield have a negative and statistically sigaift impact upon returns. The positive
impact of monetary policy shocks is attributed tgpansionary monetary policy being
instituted during periods when the economy enterscassion. Based upon the observed
impact of expansionary monetary policy and the icbpz the term structure on returns,
Caporale and Perry (2006) conclude that monetaticyp@s conducted by the Federal

Reserve Bank carries information about the futteiesof the US economy.

Whereas Caporale and Perry’'s (2006) model represefinear factor model of the return
generating process consistent with the APT framkwadhe authors apply the APT
framework to conduct policy analysis and to analyhe transmission mechanism of
monetary policy in the US market. Similarly to Ch@®91), Caporale and Perry’'s (2006)
study demonstrates an application of the APT fraarkwor purposes other than a direct

investigation of the return generating processasset pricing.
3.3.4. Proprietary applications of the APT frametwor

Testimony to the APT framework’s role as a concapftamework and its applicability is

borne by its application in proprietary macroecomoriactor models. Two examples of
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proprietary application are the better known SalorBoothers’” model and the more recent
Northfield APT ModeF®

The Salomon Brothers’ model is a model in the spifimultifactor APT models similar to
those of Cheret al (1986). The purpose of the model is to explaim thturn generating
process of US stocks by employing seven macroecanéantors. This set of factors is
almost identical to those used by Chatral (1986) and Hamao (1988) to explain expected
returns; namely, the year on year change in totlistrial production, the default spread,
long and short-term interest rates, the inflatiaterand changes in a 15-country trade-
weighted currency basket (Fabozzi, 1998; El®nal, 2003). The last factor is the
uncorrelated residual market factbrElton et al, (2003) report that on average, the model
explains 41 percent of the variation in returnsrahividual stocks. It is worth noting that the
authors refer to the model as a model of the refygnerating process indicating the
important role of the APT framework in deriving theturn generating process specification
(as opposed to deriving the cross-sectional APTahodhe importance and influence of the
framework is evident; Eltoet al, (2003) discuss the Salmon Brothers’ model witthie
context of Cheret al’s (1986) model. The influence of Chenal’s (1986) macroeconomic
APT model is reflected in its multifactor functidrfarm and factor composition. Estimated
factor coefficients (factor loadings, sensitivities APT terminology) are interpreted as
sensitivities of returns to specific factors an@ ttmore a stock’s sensitivity to a factor
deviates from zero, the more responsive are retirmsnovations in that factor. A positive
sensitivity to a factor implies that a stock iselk to outperform the market whereas a
negative sensitivity to a factor implies that ac&tawill underperform the market if the
innovation in the factor is positive and all otl#ftuences are held constant (Fabozzi, 1998).

The Northfield APT Model is based upon the preniiss a stock’s exposure to pervasive
macroeconomic factors captures risk where expos(gesfficients) are estimated using
regression techniques. It is argued that beca@ssitigle-factor model underlying the CAPM
is misspecified owing to the failure of the marlpeirtfolio to capture all risks borne by
investors, the APT provides a framework for extagdihe single-factor model and relating

returns to several macroeconomic factors. The ehafidactors in the Northfield APT model

%5 Information on this model is obtained from a doemntitted US Macroeconomic Equity Risk Model
published by Northfield Information Services, Ifaww.northfield.com). The model is also referredamthe
Northfield Macroeconomic Equity Model.

% Uncorrelated with the other six factors.
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is based upon factors that have previously beewrsho be priced in APT literature. The
first four factors are those of Chem al (1986); namely, changes in unexpected inflation,
industrial production, the default spread and thange in the term structure. Additional
factors in the form of changes in housing startsshange rates and oil prices are also
included. The Northfield APT Model introduces a swhat unique approach to estimating
factor exposures within a multifactor time seriemriework; returns are first regressed onto
the Cheret al (1986) factors and then in the second step,dhbieluals of this regression are
regressed onto the remaining three factors. Thisoagh preserves the essence of Géten
al.’s (1986) model and mitigates possible multicaanty. Reflecting the influence of the
APT, factors are referred to as APT factors. As Noethfield APT Model relates a given
stock’s past performance to changes in the econandayin doing so explains the return
generating process, investors can use the moddetify stocks that will perform well or
poorly in different economic environments. The modeconsidered to be well-suited for
portfolio management where measures of exposuirntwvations in macroeconomic factors

are required.

The Salomon Brothers’ and Northfield APT models stidtnte yet another example of how
the APT can be applied as a framework to modefrehe&n generating process and indicate

the widespread application of the framework.

3.4. Conclusion

While the focus of the studies dealing with the maconomic APT model (see Chanall,
1985; Cheret al, 1986; Hamao, 1988; section 3.1 & 3.1.1) is ageeing and not describing
the return generating process of stock returnis, sicknowledged that the return generating
process can be described in terms of macroeconfawiors. Limited insight into the time
series relationships between returns on marketeggtgs and macroeconomic factors is
provided. This constitutes partial support for gneposition that returns can be described by
innovations in macroeconomic factors. Studies bageth the macroeconomic APT consider
the role of different sets of macroeconomic fac{sestion 3.1.2), portfolio formation criteria
(section 3.1.3), the role of innovations within tifeamework (section 3.1.4), the
generalizability of the approach (section 3.1.58 andeparture from relying solely upon
domestic risk factors (section 3.1.6).
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Beenstock and Chan (1988), McElroy and Burmeisi®88), and others consider both
aspects of the APT framework and do not solely $agpon the asset pricing implications of
the APT (section 3.2). These studies first relateirns to macroeconomic risk factors and
consider the structure of the return generatingcgss within the APT framework.
Equilibrium relationships are also established¢atng that the APT model and underlying
linear factor model of the return generating preca® linked. Eltort al (1995) investigate
the return generating process and equilibrium imdahips for bond returns within the APT
framework (section 3.2.3). This constitutes a deparfrom a focus upon equity. These
studies serve as direct acknowledgement of theewaork’s role in providing a conceptual

basis for investigating the return generating psece

Burmeister and Wall (1986), Bermgt al. (1988) and Chamt al (1990) apply the APT
framework directly to model the return generatinggess; it is explicitly acknowledged in
these studies that the APT framework is the matwmafor a multifactor approach to
investigating and modelling the return generatingpcpss (section 3.3 & 3.3.1).
Macroeconomic factors found to explain expectedrret in APT literature are shown to
describe the time series variation in returns. Karf@d008) and Bilsonet al (2001)
investigate the return generating process opeitiondeveloping markets within the APT
framework (section 3.3.2). The flexibility of thePA framework is demonstrated by Chen
(1991) and Caporale and Perry (2006), who rely upenframework in its entirety or parts
thereof to investigate financial phenomena whidjunee multifactor specifications (section
3.3.3). Further testament to the flexibility ancbgability of the framework is borne by its

application in proprietary macroeconomic factor msdsection 3.3.4).

There is one aspect of the APT framework that hatsbeen addressed in depth in this
chapter; a theory upon which the identification aselection of factors can be based.
However, APT literature alludes to a theoreticaldelo- the dividend discount model - for
the selection and identification of APT risk facawithin the APT framework (see section
3.1.1: 44) . Chapter 4 considers risk factor selaavithin the APT framework and discusses

a number of core factors used to describe the hetmaof stock returns.
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4. RISK FACTOR SELECTION WITHIN THE APT FRAMEWORK

4.1. Identifying and selecting risk factors

The class of models introduced by Chatnal (1986) belongs to the category of models
commonly known as macroeconomic factor modelsi@e&1 & 3.1.1) and the linear factor
model underlying the APT model is the conceptuaidaf these multifactor models (section
3.3; Connor, 1995). In these models, systematik riactors are represented by
macroeconomic factors (see section 3.1 & 3.1.1)evident from Chapter 3, factors that are
widely employed to explain returns in APT liter&unclude the inflation rate, industrial
production growth rates, interest rates, the temncgire of interest rates, the default spread
and a market factor. However, there is no set ofausal factors that explain returns and it is
noted that the factors that explain returns differoss markets (Seneque, 1987; Betral,
1988; Poon & Taylor, 1991). Although, Bilsagt al (2001) state that the selection of
explanatory factors is somewhat an arbitrary argjestive process, the APT literature, by
adapting existing theory, provides guidance togdllkection and incorporation of legitimate
APT risk factors.

Chapter 4 aims to elaborate upon a theory that thedsselection of risk factors and to
introduce a number of core factors. The dividerstaint model and criteria which must be
satisfied before a factor can be considered agiintate APT risk factor are outlined next in
section 4.2. Having outlined how the dividend disat model can aid the identification and
selection of risk factors for use within the APTarfrework, this chapter proceeds by
providing a glossary of systematic risk factorsctbes considered include market indices
(section 4.3.1), inflation (section 4.3.2), reatidty (section 4.3.3), the term structure and
default spread (section 4.3.4), oil prices and arge rates (section 4.3.5) and factors
representative of monetary policy (section 4.3@her somewhat less used factors are also

considered (section 4.3.7) and a summary is promviai¢he conclusion (section 4.4).

4.2. A theoretical framework for the identificatiand selection of risk factors
APT literature relies upon a formula central to mwous theoretical models, namely the
dividend discount model, to establish linkages leetwvmacroeconomic factors and returns.

This basic valuation formula assumes that stoakeprare a function of expected cash flows,
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represented by the dividends of a firm, discouritgcn appropriate discount rate (Chetn
al., 1986; Burmeister & Wall, 1986; Poon & Taylor,919 Clare & Thomas, 1994):

E©

P(D) = ”

(4.1)

where P(t) is the price of a given stock at timheE(c) is the present value of expected cash

flows andk is the discount rate. Combining the assumptionsetyidg equation (4.1) and
the diversification argument implies that systemdtctors that influence expected cash
flows and/or the discount rate influence stock reaeturns (Chert al, 1986; Clare &
Thomas, 1994). Furthermore, as current beliefsaleady incorporated into prices, it is only
unexpected changes or innovations in systemattorfachat affect prices (Priestley, 1996;
Eltonet al, 2003).

The discount rate is assumed to be an averagdes ozer time, sensitive to the magnitude
of rates and the term structure of spreads ataiidatto different maturities. Changes in the
interest rate, default spread and a number of ddwtors will impact the discount rate, which
in turn will influence the time value of expecteédsh flows and therefore returns.
Furthermore, expected cash flows are assumed taffbeted by bothnominal and real
forces. Therefore, these forces may be changexpeceed inflation, which will impact
nominal cash flows and nominal interest rates mriahtively, changes ireal activity which

will influence expected cash flows within the franoek (Chenet al, 1986; Clare &
Thomas, 1994). In essenamy factor that influences expected cash flows ordiseount rate
will have an impact upon stock returns. Cletral. (1986) state that even factors that do not
influencecurrentcash flows, but are indicative of changing investiropportunities are also
relevant. By this reasoning, any factor that déswithe economic state qualifies as a
systematic risk factor. The approach of Cleeml (1986) is consistent with that expounded
by Chen (1983) who suggests that one approach lingathe problem of which factors
determine returns is to outline a theory that gsiiddrich factors should enter the pricing
function. Cheret al (1986) do not introduce a new theory, but reptetrr an existent one so
as to serve that purpose in the context of the ARMework. Berryet al (1988) set out an

additional three criteria that factors must meejualify as legitimate APT risk factors:
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1) Each factor must be unpredictable at the beginofreach period.
2) Each factor must have a pervasive influence upackseturns.

3) Relevant factors must influence expected retuthey must be priced.

The first criterion requires that factors are umicble from either prior information or
publicly available information, implying that atdtstart of every period, the expected value
of a given factor is zero and the series of obgems for a given factor is uncorrelated
(Berryet al, 1988; Priestley, 1996). Hence, a factor sucimiéetion is not a legitimate APT
risk factor because it is partially predictable.wéwer, this does not preclude unexpected
components of inflation from being considered asamdidate risk factor. Unexpected
components will be serially uncorrelated and hameean value of zero by construction; they
will qualify as innovations (Priestley, 1996). Thecond criterion implies that firm specific
factors are not valid candidate risk factors as fapecific risks can be diversified away. By
this reasoning, firm specific factors will not haaepervasive influence on the returns on a
large number of assets (Bergt al, 1988). In light of this, only systematic riskctars must
be considered in the set of candidate risk facfng. final criterion can only be investigated
through econometric endeavour. Beelyal (1988: 30) state that in practice there is no
“correct” set of factors, although, an extended benof factors may give rise to equivalent
results because of substitutability. The choicefaaftors should be made on empirical
grounds; factors should be able to explain retamt pass statistical tests to qualify as valid
APT factors. Furthermore, stock returns should skoedible sensitivities to realizations of
these factors and these factors should be pricededs differently, the former argument
suggests that risk factors should explain the metygnerating process of stock returns.
Though Berryet al (1988) set out criteria which candidate APT tigktors must meet, no
generalized theory to guide factor selection piwoempirical testing is outlined. Fortunately,
this question is already addressed by Gétead. (1986).

4.3. A glossary of systematic risk factors

In keeping with the approach undertaken in thiglgtaf adapting the APT framework to
explain the return generating process, candidaf€ gk factors are discussed. As the list of
possible risk factors is extensive, not all factoas be discussed at length. The discussion
therefore centres on a number of factors that baea widely shown to explain expected and
realized returns. Moreover, each of these fact@s the potential to explain the return

generating process or is indicative of a categbfpdors that feature in the return generating
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process. As the glossary of systematic risk fadtwais follows is not exhaustive, it should be
treated as indicative of factors that can desdifilgereturn generating process rather than a

definitive guide.

4.3.1. Market indices

One of the first systematic risk factors proposethe market index. Sharpe (1963) suggests
that a market index should be considered as a datedfactor for the index factor in his
single-factor model (the “single-index model”). Tg4999) states that a simple observation
reveals that stock returns are affected by sysierfattors and especially movements in the
market index. Kwon and Yang (2008) state that tradethe market refer to market indices
when undertaking investment decisions, suggestiagstock prices reflect the movements of
a market index or a number of market indices. dimbors show that there is a bidirectional
flow of information between daily returns on indiual stocks, the S&P 500 and the DJIA -
an instance of transfer entropy. Whereas it is @eckthat returns reflect market movements,

what is of interest is the nature of informationahtent of market indices.

Chenet al (1986) and Hamao (1988) suggest that market éisdi@pture unexpected shocks
to macroeconomic factors. As stock prices respandkty to public information, returns on
market indices are related to innovations in mamvaemic factors (Cheet al, 1986). Elton

et al. (1995) state that the market index is an indicatcexpectations of general economic
conditions. Fabozzi (1998) suggests that the maridgx can be used to measure market
timing risk and exposure to this factor providefoimation as to how stocks respond to
changes in market conditions. Burmeister (2003)gests that the market index proxies for
events such as natural disasters, political devedmps, and bear and bull markets. The role
of the residual market factor (which is derivednirthe market index) is similar to that of the
market index; this factor acts as catch-all praxyunspecified and omitted risk factors (Van
Rensburg, 1996; Bermt al, 1988).

The preceding discussion suggests that the mankleikiand residual market factor reflect
innovations in systematic risk factors and measisieinherent within the general economic
and political environment. The role of internatibaad/or foreign equity indices can be seen
in a similar context; international and foreignises capture innovations in the international
economic environment and political developmentsr€lnd Priestley (1998) rely upon the

MSCI World Index to separate international influem®n the Malaysian stock market from
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domestic ones, and Van Rensburg (1996, 2000) shioatsreturns on the DJIA influence
South African stock market returns. In terms ofan (4.1), movements in the domestic
market and international indices reflect innovasion risk factors that influence expected
cash flows and/or the discount rate domestically.

4.3.2. Inflation

Clare and Thomas (1994) suggest that changes imnexpected rate of inflation affect
expected cash flows and discount rates. The |gi#et of this hypothesis is especially
pertinent in the South African context, given thiad South African Reserve Bank (SARB)
follows a policy of inflation targeting which reeupon setting appropriate levels of short-
term interest rates (van der Merwe, 2004). By plakcy, higher inflation expectations imply
higher short-term interest rates. Higher short-tantarest rates in turn translate into lower
expected cash flows associated with a higher digo@te. With regard to the former part of
this hypothesis, Chen (1991) suggests that lowgation expectations are indicative of
greater future economic growth. Fabozzi (2008) sstgythat increases in inflation erode real
incomes and negatively impact consumer demand dodg and services. However, it is
recognized that the impact of inflation is liketyvary across stocks. Fama (1981) argues that
a negative relationship between stock returns afidtion arises as a result of the so called
proxy-effect; the negative relationship betweertlsteeturns and inflation that is attributable
to the negative relationship between real actiaityl inflation. Fama’s (1981) propositions
are supported by J. Vanderhoff and M. VanderhdB@), but not by Wei and Wong (1992)
who suggest that the negative return-inflationtrefeship is not fully explained by the proxy
hypothesis.

4.3.3. Real activity

The role of real activity in explaining stock rataris complicated by the multitude of
measures of real activity. The growth rate in inidakproduction and the growth in GNP
find support in their own right and can be consedeeais two popular and competing measures
of real activity (Fama, 1990; Kandir, 2008). Le®42) identifies the industrial production
growth rate as a measure of economic activity. C{i&91) considers lagged production
growth as an indicator of theurrent health of the economy. Fama (1990) suggests hieat t
relationship between stock returns and industriatlpction growth rates reflects information
relating to cash flows. These arguments taken begewith the assumption that expected

cash flows vary with real activity imply that stopkices will be positively related to changes
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in industrial production (Eltort al, 2003). The impact of GNP growth rates on retusns
expected to be similar to that of industrial prailut as it is also a measure of real activity.
Canova and De Nicolo (1995) treat GNP growth rateproxies for shocks to expected cash
flows, suggesting that GNP growth rates are redécin stock prices through their
relationship with expected cash flows. Cheung argl (1998) suggest that real GNP
measures real activity and is a proxy for cash flelwocks to stock markets. It can be
hypothesized that any factor (not necessarily itvdalsproduction or GNP) that directly
measures or represents real activity will impadurres through the abovementioned

mechanism.

4.3.4. Term structure and default spread

Fama (1990) suggests that the term structure Hassiaess-cycle pattern; it is low around
business peaks and high around troughs. It is sted¢hat the relationship between changes
in the term structure and returns arises from #spaonse of returns to business conditions
whereby business conditions are measured by the ggucture. Caporale and Perry (2006)
also consider the term structure to be a proxycyatical variation in economic activity. The
authors state that the spread between long-ternslaod-term interest rates decreases near
peaks of economic activity, and increases near tlows. Burmeister and Wall (1986) and
Van Rensburg (1996) suggest that the term strudtumepresentative of a discount rate

effect.

Fama (1990) suggests that the default spread @skstthe response of returns to business
conditions. The spread between yields on corpdratels and government bonds increases
during adverse economic conditions and decreasasgdiavourable economic conditions.
Elton et al, (2003) state that the default spread capturesciftlical behaviour of the
economy. Chemet al (1986) and Burmeister and Wall (1986) suggedtitiedefault spread
captures a leverage effect. It is further suggesitadl the default spread is a measure of
aggregate risk for the economy. Chetral (1985) suggest that changes in the default spread
reflect changing business conditions. The authasthat a business cycle indicator (growth
in the NBF series) is an (imperfect) substitutetfer default spread. This finding supports the
hypothesis that the default spread is a measutigedbusiness cycle. As such, the role of the
default spread is less ambiguous than that ofdhm structure. In terms of equation (4.1), it
can be hypothesized that expected cash flows awdwit rates vary with the business cycle.

This cyclical variation is reflected by the termusture and default spread.
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4.3.5. Oil prices and exchange rates

The impact of oil prices and exchange rates on etar&turns is acknowledged in the
literature. Cheret al (1986: 390) state “that oil prices must be ineldidn any list of the
systematic factors that influence stock marketrnstiand pricing.” Hamao (1988) suggests
that oil pricesand exchanges rates will influence market returns. ¥wveodern economy is
highly dependent upon oil and almost all counttaé® part in international trade, suggesting
that these factors are almost universally appleaklil prices and exchange rates affect
returns by impacting expected cash flows througlgimg input costs and revenues.

Kaul and Seyhun (1990) state that supply side kshace related to stock price variability,
which is reflected in market returns. The authdtsbaite the negative impact of oil price
shocks to a negative response in output growthesigm that oil prices affect stock returns
through their impact upon real activity. Jones Kadl (1996) hypothesize that the impact of
oil price shocks on stock prices stems from theartgmce of oil to the world economy. Oil
price shocks are assumed to reflect the impacewfson current and expected cash flows.
However, the effects of oil price shocks are likety differ from country to country
depending upon the production and consumption lofJones & Kaul, 1996). Nandha and
Faff (2008) postulate that oil price shocks afls@nomic conditions through increases in the
costs of production, transfers of wealth betwedrnpmducers and consumers, inflationary
pressures and consumer confidence. Higher oil pnsgatively impact real output, which
implies lower corporate profits in industries wheikis an input in the production process.
Oil price shocks also impact stock prices througtirect channels such as interest rates and
consumer confidence. It is further argued by Narath Faff (2008) that although generally
higher oil prices are bad news for economic growta,size and direction of the impact of oil
price shocks is dependent upon whether industneduge or use oil as an input or whether
higher oil prices can be passed onto consumerspéks-through effect). Poon and Taylor
(1991) suggest that variability in oil prices irghces stock prices through its impact upon
industry costs, induced macroeconomic policy respsrand output.

Griffin and Stultz (2001) report that the impacteéchange rates differs across industries;
exporting industries are adversely affected by (e&tin) currency appreciation while

importing industries benefit from currency appréom Exchange rate fluctuations are
hypothesized to affect firm value by impacting tremand for products, which in turn affects

expected cash flows and therefore, stock pricesordd1990) shows that the impact of
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exchange rate fluctuations on stock prices is dégenupon the level of operations in foreign
markets. The larger the scale of foreign sales @petations, the more sensitive a firm
(analogously industry) is to fluctuations in theclkange rate. Firms with high levels of
foreign operations will be positively affected bylepreciation of the (domestic) currency as
expected cash flows from foreign operations in@eadternatively, firms with low levels of
foreign operations will be negatively affected bgilepreciation of the domestic currency as a
result of higher input costs. Poon and Taylor ()98ggest that changes in the exchange rate
influence stock prices through their impact uporeign earnings and export performance.

4.3.6. Monetary policy

Two widely considered factors in models of stoctumes are changes in the money supply
and interest rates. In economic theory, these factdate to monetary policy (Parkin, Powell
& Matthews, 2008).

Cutler, Poterba and Summers (1989) suggest thatgelsain the money supply, short and
long-term interest rates act as proxies for econaraws. Geske and Roll (1983) propose that
stock returns are negatively related to interegsravhich are a proxy for expected inflation.
Muradoglu, Taskin and Bigan (2000) argue that iases in interest rates are incorporated
into stock price evaluations. An increase in thtenest rate is assumed to reduce the present
value of expected cash flows resulting in a de@@astock prices. Moreover, the impact of
interest rates can be directly observed througlateou (4.1); changes in the interest rate lead
to changes in the discount rate and hence impactdlue of expected cash flows (Poon &
Taylor, 1991; Thorbecke, 1997). Thorbecke (1997Qgsests monetary policy tightening, in
the form of increasing interest rates, decreasésmés net worth and limits its ability to
borrow and therefore, invest. Since investors avewdrd looking, lower investment

expenditure implies lower expected cash flows, @nd result, a decline in stock prices.

Rozeff (1974) considers monetary shocks (measwdtdonarrow money supply in the US)
in the context of the efficient market hypothesisd asuggests that these are of an
informational nature. It is postulated that marketdract information about future stock
returns from data relating to current monetary kbpand this information is reflected in
current returns (Rozeff, 1974). Mookerjee and Y89@) also postulate that changes in the
money supply possess policy information contenghidir money growth is assumed to imply

higher inflation resulting in a negative relatioipslbetween returns and money supply
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growth. Cheung and Ng (1998) suggest that monewlguftuctuations influence stock
returns through their impact upon inflation uncetta Bilson et al (2001) and Kandir
(2008) argue that changes in the money supply itngat activity which in turn influences
stock prices. Economic theory postulates that am®e in the quantity of money result in a
decrease in interest rates, which in turn drivésr@st rate sensitive expenditure. This results
in an increase in aggregate demand which is matdhye@dn increase in real activity.
Increasing aggregate demand, associated with siogeareal activity, implies higher
expected cash flows (Clare & Thomas, 1994; Pagkial, 2008). Gunsel and Cukur (2007)
suggest that growth in the money supply may hawarging impact upon stock prices,
depending upon the industry. A negative relatiomshay arise when money supply growth
leads to uncertainty about inflationary pressufdernatively, a positive relationship may
result from falling discount rates associated waithincrease in the money supply (Gunsel &
Cukur, 2007).

4.3.7. Other risk factors

The abovementioned systematic risk factors arelwitEnsidered in the literature and should
be seen as core factors — factors which provideb#ss for the search and selection of
candidate risk factors. This set of factors is edtaustive; any factor that plausibly impacts
expected cash flows or the discount rate, or bathinfluence returns (Chemet al, 1986;
Berryet al. 1988).

Cheung and Ng (1998) consider consumption as auread aggregative real activity
suggesting that the role of this factor is anal@gtmuthat of other measures of real activity.
The high level of correlation between industriabguction, GNP and consumption growth
rates in Chen (1991) suggests that this is indeedcase. Burmeister and Wall (1986)
hypothesize that changes in final sales directijyégmce expected cash flows. This factor is
considered to be a substitute for industrial prédac Chan and Faff (1998) suggest that the
impact of changes in the gold price on returnsearas a result of gold being a hedge against
market-wide uncertainties. It is suggested thatigsla proxy for other factors within a
multifactor setting. Clare and Thomas (1994) sugdkat gold prices influence returns
through their impact upon the outlook for inteneges. Kaneko and Lee (1995) state that the
influence of the terms of trade upon stock pricgsaitributable to the importance of

" Chen (1991) reports that the level of correlatimween industrial production and consumption ghoist
0.75 and the level of correlation between GNP antsamption growth is 0.8.
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international trade in a specific economy. An im@ment in the terms of trade suggests
increasing inflows and a deterioration in the terofstrade points towards increasing
outflows. Increasing inflows imply higher cash flevand increasing outflows imply lower
cash flows for domestic firms. Clare and Thomas94)Ssuggest that the trade balance is
representative of levels of economic activity. Qtfaetors that are hypothesized to fulfil this
role are unemployment, credit extension and thekstmarket turnover. Sadorsky and
Henriques (2001) suggest a role for general comiynqmtices as a risk factor in the return
generating process. Van Rensburg (1996) considergrowth rate in building plans passed.
Van Rensburg (2000) lists the level of gold anckilgn exchange reserves and the money
market shortage amongst potential risk factorsnBeek and Chan (1988) consider a broad
set of candidate risk factors. Amongst these amd fand material cost measures of
manufacturing, measures of retail prices and wagesistrial stoppages, measures of retalil

volumes and relative export prices.

4.4. Conclusion

In the course of developing the macroeconomic ARJMJeh Chenet al (1986) elaborate
upon a theory that aids the selection of systemmekcfactors which are central to the return
generating process under the APT framework (setoge8.1.1: 44). Berryet al (1988)
further elaborate upon criteria that candidate fegktors must meet to qualify as APT risk
factors (section 4.2: 86). Factors identified ia titerature that are consistent with the theory
aside from the market index and the residual maf&etor (section 4.3.1) are inflation
(section 4.3.2), measures of real activity (secidh3), the term structure and default spread
(section 4.3.4), exchange rates, oil prices (secti@.5), interest rates and the money supply
(section 4.3.6). Although, these factors are carsid to be core factors owing to their
widespread usage and relevance to particular ecesoitihey can be seen as a basis for a
more extensive set of macroeconomic factors meagwsystematic risk within the APT

framework.

The APT framework provides a comprehensive fram&wlor investigating the return

generating process and asset pricing. It suggestailtifactor return generating process
characterized by innovations in systematic riskdescidentified through theory. Moreover,
as the APT framework can be used to investigatdithe series behaviour of stock returns,
consideration must be given to the properties aptabiour of stock returns. Such

consideration is given in Chapter 5.
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5. PROPERTIESAND BEHAVIOUR OF STOCK RETURNS

5.1. Introduction

Models of the return generating process construgtgdin the APT framework aim to
explain return behaviour by relying upon factongresentative of systematic risk (see section
3.2 & 3.3; Chapter 4). Although, Burmeister and W&986), Berryet al (1988), Charet al
(1990) and others demonstrate the adequacy of th& Aamework as a conceptual
framework for modelling and investigating the retwenerating process, these studies give
little consideration to the properties and behawviolustock returns (see section 3.3.1). This
lack of consideration points towards a conspicugas in the literature; studies seeking to
explain the return generating process fail to abersthe characteristics of the very returns
that they seek to explain. A failure to consider tharacteristics and behaviour of returns not
only results in the application of an inappropriamnometric methodology in estimating
models of the return generating process, but atéenpially results in misleading inferences
and general statistical inadequacy (Gujarati, 2003} therefore necessary to examine the
properties and behaviour of return distributionsewhnvestigating the return generating
process.

Although, returns are assumed to conform to a Bet riori assumptions relating to their
distribution and volatility - assumptions which aceucial for model specification and
estimation - these assumptions may not hold intip@a¢Xiao & Aydemir, 2007). The theory
of random walk¥® formalizes theory relating to the behaviour ofcitprices by assuming
that successive price changes (returns) aocemally, independently and identically
distributed(n.i.i.d) (Mandelbrot, 1963; Fama, 1965). Fama (1995) aiteid the random walk
to competition between numerous participants in tharket. It is suggested that
disagreements between market participants aboutukentrinsic value of a stock result in
discrepancies between the intrinsic value and theabvalue. Competing actions of market
participants — which are attributable to these rdisancies — result in the stock price

wandering randomly about its intrinsic value.

8 A pure random walk process is a random walk paeeishout drift and is therefore non-stationaryisit
considered to be a difference stationary procegsying that a stationary time series can be obthibg
differencing a non-stationary time series (see fitija2003).
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Returns can further be described as Gaussian anaflgrdistributed with a mean of 0 and
variance proportional to the differencing intervl, implying that the distribution of returns

is described by the meany, and an innovation from the meas, (Mandelbrot, 1963).

However, the literature has cast doubt upon thaisalof assumptions relating to return
behaviour and empirical evidence suggests that fils¢ two moments of the return
distribution are not “well-behaved” as implicithsgsumed in empirical studies dealing with
the structure of the return generating process.

Chapter 5 investigates the assumptions underlyimckseturns and the behaviour of stock
returns. The assumptions of normality (section 15,2independence (section 5.2.2) and
stationarity (section 5.2.3) are stated and thailidity is discussed. The properties of
volatility are considered next with the aim of d#sing the behaviour of stock returns. The
properties considered are volatility clusteringc{sm 5.3.1), volatility persistence (section
5.3.2), the leverage effect (section 5.3.3) andmmegersion (section 5.3.4). The main points
relating to the assumptions underlying stock resuand the behaviour of stock returns are
summarized in the conclusion (section 5.4). Intlighthis chapter’s findings, it is noted that
an empirical framework that takes the propertias laghaviour of stock returns into account

must be considered.

5.2. Assumptions underlying stock returns

5.2.1. The normal distribution

The development of the theory of random walks frefrich the assumption of normally
distributed returns stems began with Bachalier 41.9The normal distribution is described
by a symmetric “bell-shaped” curve and under theddmns of the central limit theorem;
daily, weekly and monthly returns are expectedttmiv a normal distribution (Fama, 1965).
Fama (1965) states that prior to Mandelbrot’'s (3968rk, the assumption of normality was
not widely questioned and according to Officer (2:9807), the normal distribution was seen
as “a good working hypothesis.” Mandelbrot (1968) aredited with re-examining the
distributional assumptions of stock returns. Ifijiathe focus was upon the thickness of the
tails of the distribution whereas the presenceboth excess kurtosis and skewness is
considered later (Choi & Nam, 2008). Mandelbrot 630 contends that the normal
distribution fails to account for the excess kudaand the long tails exhibited by return

distributions. As an example, the distribution bé tchanges in wool prices is cited with
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Mandelbrot (1963: 395) noting that “there are tglicso many ‘outliers’ that ogives fitted to
the mean square of price changes are much lowefiater than the distribution of the data
themselves.” Mandelbrot (1963: 395) goes on toestlaat “the tails of the distributions of
price changes are in fact so extraordinarily loimgt the sample second moments typically
vary in an erratic fashion.” In a subsequent papandelbrot (1967: 396) reiterates his
position regarding the high levels of kurtosis aleed in financial time series and notes that

“Bachalier’'s assumption, that the marginal disttitwu of L(t,T) (returns) is Gaussian with

vanishing expectation, might be convenient, buiugity every student of the distribution of

prices has commented on their leptokurtic (i.ery Weng-tailed) character.”

Fama (1965) undertakes an extensive study of theepties of returns for the 1956 to 1958
period using data on thirty stocks compromising BRHA. The frequency distribution of
price changes for individual stocks within givearstard deviations of the mean is compared
with what is expected under a normal distributi@n average, a greater proportion of
observations are found to be centred around thexraed a greater number of observations
are observed in the tails of the empirical distiidiu relative to that implied by the normal
distribution. Fama (1965) reports that the actwalel of excess frequency beyond five
standard deviations is almost 2000 times greatar that implied by the normal distribution.
Empirical distributions are more peaked around ¢éetre and have longer tails in every
instance relative to the normal distribution. Tpants towards the presence of leptokurtosis.
Fama (1965) concludes that the normal distribuigonot an accurate representation of the
return distributionPraetz (1972) employs formal goodness-of-fit téstestablish whether
returns on indices on the Sydney Stock Exchang&) &8 the 1958 to 1966 period follow a
normal distribution. It is argued that while theBrguggests that the distribution of share
price changes should be normal, a large body afeenie shows that this is not the case; the
typical return distribution is characterized by @aked centre and fat-tails (Praetz, 1972).
After fitting the normal distribution to returns dhe indices in the sample, the normal
distribution is rejected in almost every instafitBraetz (1972) finds that a better description

of returns is provided by the fat-tailed (leptokeirt-distribution.

% Praetz (1972) refers to the work of Osborne (1988porne (1959), like Bachalier (1914), suggesis the
distribution of share price changes (returns) isnaly distributed (see Praetz, 1972; Fama, 1965).
 praetz (1972) rejects the hypothesis that retarasnormally distributed in 12 out of 13 instaneg¢sa 1
percent level of significance.
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Officer (1972), similarly to Praetz (1972), seetsdescribe the distributional properties of
stock returns and considers formal tests of thetriligional properties of stocks
compromising the CRSP database over the Januar§ ®2une 1968 period. Results
indicate that return distributions are non-norfifaind as in other studies, distributions
exhibit fat-tails pointing towards the presencdegtokurtosis. Westerfield (1977) provides
an indication of the level of excess kurtosis retato that of the normal distribution. Sample
kurtosis for stocks listed on the NYSE over theudam 1968 to September 1969 period is
almost alwaysgreater than 3 where 3 is the value under a normal didiobhuand on
average,the return distributions exhibit kurtosis of almh&s Westerfield’s (1977) findings
are based upon a sizeable sample of 315 stocktharefore, imply that the phenomenon of
leptokurtosis is widespread. Brown and Warner (19Bbtheir paper on how the properties
of the return distribution affect event study metblogies, also quantify the level of kurtosis
inherent in securities in the CRSP database oeeduly 1962 to December 1979 period. The
authors find that kurtosis is more than double tifathe normal distribution. Furthermore,
departures from normality differ according to tmegiuency of data used. Daily returns for
individual stocks exhibit substantially greater depres from normality relative to monthly

returns.

The abovementioned studies are a small fractiamuaferous studies recognizing that return
distributions are characterized by leptokurtosid #ms depart from normality. Widespread
recognition of the presence of excess kurtosisks@vledged by Xiao and Aydemir (2007)
who state that the level of kurtosis for many stgdis above 3, and by Engle and Patton
(2007) who state that it is well-established tretum distributions have fat-tails and that
typical estimates of kurtosis range between 4 to 50

Peir6 (1999) suggests that the assumption of symnimiplies that upside and downside
risks are considered equally by investors. It rthker argued that while high levels of kurtosis
are a well-recognized feature of return distribogio less consideration is given to the
symmetry of the distribution as it is consideredbw less significant. This is problematic
given that leptokurtosis is usually accompaniea®ymmetry. Arditti (1967), Simkowitz and
Beedles (1980) and Kon (1984) are amongst thoseréwagnize and acknowledge the

presence of asymmetry in return distributions. Ardi967) relates the concept of skewness

®1 |n Officer's (1972) study, the characteristic empot (' ) is 1.51 (less than 2) implying that leptokurtaisis
present in the return distributions of the stoakssidered.
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to risk. It is hypothesized that a risk averse stwge will be unwilling to undertake an
investment that will potentially yield a larger $oeelative to a limited gain. This asymmetry
in outcome is assumed to be captured by skewn&ssuress, whether negative or positive,
suggests that a given outcome is more likely oVvenadl skewed distributions reflect the
likelihood of this outcome. Arditti (1967) does nminsider skewness as a characteristic of
the return distribution directly. Instead, the authims to establish how returns are related to
several risk factors with skewness being amongssehfactors. Using cross-sectional
regressions, returns on firms compromising the £posite Index over the 1946 to 1963
period are found to be significantly and negativedyated to skewness, implying that
investors prefer positive skewness. Arditti (196@hcludes that skewness is a reasonable
measure of risk. Although, these findings shedelilight upon asymmetry as a deviation
from normality, this analysis nevertheless sengearaimportant early acknowledgement that

return distributions may be asymmetric.

Simkowitz and Beedles (1980) argue that the nordiatribution is not an adequate
description of stock returns as skewness is soagem that the assumption of a symmetric
and therefore normal distribution must be questiotieis suggested that asymmetry may be
interpreted as an unusually large number of pasitivnegative outcomes. Using returns on
constituents of the DJIA over the January 1951 ézdbnber 1976 period, the authors find
that the majority of return distributions are pogly skewed; although, a substantial number
of returns series are characterized by negativieiyved distribution§? Furthermore, it is
established that the frequency of statisticallygigant skewness is not the result of chance
and positive skewness is pervasive as evident figmificance tests. Simkowitz and Beedles
(1980) extend their analysis to a large (400) samplUS stocks so as to avoid biases arising
from correlation and lower return bounds. Priomulssare confirmed; positive skewness is
more prevalent than negative skewness and the ityajof the return series exhibit
statistically significant skewne$3. As with the constituents of the DJIA, returns
compromising the enlarged sample tend to be cleraet by positive skewness. Simkowitz

and Beedles’ (1980) findings provide strong eviderbat return distributions are not

%2 Out of 30 return series, 18 are characterized dsitige skewness. The rest are negatively skewedr
positively skewed return series, skewness is §tally significant for 8 series. For negativelyesked return
series, skewness is statistically significant faedies. The mean (estimated) level of skewrse89i7 7.

83 gtatistically significant positive skewness is eftved for 167 return series and statistically digant
negative skewness is observed for 35 return setigge 5 percent level of significance.
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symmetric as postulated by the normal distributiskewness is observed with returns

exhibiting both positive and negative skewness.

Kon (1984) shows that returns on the S&P 500 Inaleck CRSP value and equally-weighted
indices are significantly skeweahd leptokurtic with the equally-weighted index beitige
only negatively skewed index. The presence of Stedily significant skewness is also
observed in a larger sample of individual US stoekit almost all return series showing
statistically significant positive skewne¥skon (1984) ascribes the observed skewness to
shifts in the time series mean whereas leptokwgigsattributed to a time-varying variance. It
is suggested that a discrete mixture of normalibdigions should be used to explain the
observed levels of kurtosis and significant skewniesreturns on individual stocks and
indices. A rejection of symmetry, as with the prese of leptokurtosis, translates into a
rejection of the hypothesis of normality. A finditigat return distributions are characterized

by both leptokurtosiand skewness poses a further challenge to the assumgitinormality.

5.2.2. Independence
According to Cont (2001), it is a well-known fabgt there is no significant linear correlation
in returns. Therefore, the independence assummgsumes that the serial correlation

function of returns as denoted by equation (5.tpgie rapidly to zero (Cont, 2001):

C(r) =corr(r(t),rt +At)=0 (5.1)

where C(7) is the serial correlation coefficient of order r(t) is the return on a given series

at timet and At is the time scale. The absence of (linear) senalelation is often cited as
evidence in favour of the efficient market hypoieg€ont, 2001). Campbedit al (1997)
state that if equation (5.1) holds, returns maycbesidered as serially uncorrelated and
therefore, mutually independent. Returns are asdutneshow little or no linear serial
correlation and if serial correlation is presentsishort-lived. Independence can further be
defined from two perspectives. The first relatesstiatistical independence in returns. The
second relates to whether investors can use kngelefl past returns to increase expected
profits (Fama, 1965; Mandelbrot, 1967). The indelggite assumption in this study is of

interest primarily from a statistical viewpoint. Asuch of the discussion relating to the

% positive skewness is statistically significant 26rout of 30 stocks.
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validity of the independence assumption centretesting for serial correlation in returns, the

discussion that follows focuses upon this aspeirn(@plolous, 2000).

Kendall and Hill (1953) conduct an early analydishe properties of returns and find that the
pattern of events in price series is less systentlaéin generally accepted. Changes from one
period to another behave almost like a “wanderieges” implying that subsequent returns
follow a random walk and are therefore, independiéandall & Hill, 1953: 11). Kendall and
Hill (1953) first report findings relating to theh@@ago Wheat Seriés.The series follows a
random walk with changes from one period to theo#ppearing to be independent and thus
making serial correlation unlikely. This is confiecth by a finding of small and mostly
negligible serial correlation in the serf8sAn analysis of the serial correlation in series
constituting what the authors define as Britishulstdal Share Pric8yields similar results;

for the most part, changes in prices are indepdrat@hwhere dependence is observed, it is
too low to exploit for predictive purposes. Theslings suggest that returns are independent

from a statistical viewpoint and from a practicalgpective.

Fama (1965) states that even though it is diffitolfind a series that fully conforms to the
assumption of independence, statistical indeperadbalds even if some level of dependence
is present but insufficient to account for certpnoperties of the return distribution. It is
proposed that the most basic explanation for tearaption of independence arises from the
arrival of new information, which does not followya consistent pattefif. To test for
dependence in returns, Fama (1965) relies uposdhal correlation model and the runs test.
An analysis of the serial correlation structure tfoe entire sample indicates that overall, the
level of serial correlation is low. Only about arthof the series compromising the DJIA
show statistically significant serial correlatiom the first and second orders, with the
proportion of return series showing statisticaligngficant serial correlation decreasing
steadily at higher ordef8.Fama (1965) notes that even in instances whenelaton is
statistically significant, the level of dependenow®lied by a statistically significant serial

% Basic cash wheat in US cents per bushel in Chicago

% This finding is confirmed by low serial correlatiap to the 18 order over the entire sample period from
1883 to 1934 and omitting the period from 1915980

67 Each index constituting the sample is an aggregateexample, one of the series is “Insurance Gonigs.”

% According to Fama (1965) these are rather extrassumptions. Estimates of intrinsic values may be
dependent upon the estimates of others and theboifiinformation need not be independent; oftendynews

is followed by more good news.

%9 11 stocks exhibit statistically significant firstder serial correlation and 9 exhibit statistigaignificant
second order serial correlation.

101



correlation coefficient is so low that it is uninpant from both a statistical and practical
perspective. These inferences are applicable wregen differencing intervals are
considered; the average size of correlation caeffts decreases with the size of the
differencing interval. Fama (1965) states thateh@sdings, based upon the serial correlation
model, indicate that dependence is of an extrentmly magnitude suggesting that the
independence assumption is a valid working asswmpRuns tests support the results of the
serial correlation analysis; overall percentagéed#ihces between actual and expected runs
are small, there is no pattern in the signs ofdifferences, the lengths of the runs are similar
and the number of long runs does not exceed thecteqgh number under the assumption of

independence. Fama (1965) concludes that theitdaselvidence of dependence in returns.

Akgiray (1989) investigates whether returns canréegresented by a linear white noise
process with independent increments. Based updref&skappa and Bartlett’s teStthe
assumption of independence is rejected for the CiRlre-weighted index over the entire
sample period between January 1963 and Decembér TB&se findings are supported by
periodograms and Ljung-Bof-statistics (see Ljung & Box, 1978). Moreover, therial
correlation function of the return series indicategh first order serial correlation. According
to Akgiray (1989), this permits a conclusive rejeatof the hypothesis that return series are
white noise suggesting that returns do not appratenmdependent observations. However,
the serial correlation function also reveals thgppehdence is short-lived. It is hypothesized
that the presence of a common market factor, tlading, a day of the week effect and
adjustments to the arrival of new information mag kesponsible for the presence of
statistical dependence in returns on the CRSP wadighted index.

Campbellet al (1997) argue that the independence assumptiaftes violated over the
long-run with returns exhibiting long-run dependendo test whether there is long-run
dependence coupled with predictability in returthg serial correlation structure of returns
on the CRSP value and equally-weighted indicesivedtigated over the period from July
1962 to December 1994. Both indices are found toib#x substantial first order serial
correlation in daily returns. Substantial first erdgserial correlation is also found in weekly

and monthly returns on the CRSP equally-weightel@xn Returns on the equally-weighted

0 According to Akgiray (1989), both procedures arenprily designed to test whether a series is whitise
and in large samples, these procedures are testdeendence. Six year sub-periods are also cenesld The
independence assumption is rejected for two sulpgemwhen Fisher’s test is used and for all fou-pariods
by Bartlett'’s test.
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index exhibit a higher level of serial correlatiahall differencing intervals and the serial
correlation in returns on this index decays atoavel rate relative to the serial correlation in
returns on the value-weighted index. For both iesliserial correlation declines rapidly after
the first order, again suggesting that dependenishort-lived regardless of the differencing
interval* Although, dependence is observed in both seridsegardless of the differencing
interval, evidence of dependence is weaker forGRSP value-weighted index and weaker
still at larger differencing intervals for both m=. Campbelkt al’s (1997) findings are in
line with Akgiray’s (1989) findings of short-livedtatistical dependence but contrast with
those of Kendall and Hill (1953) and Fama (1965).

Lo and MacKinlay (1988) investigate the serial etation structure of weekly returns on
equally and value-weighted CRSP NYSE-AMEX indicgige based portfolios and returns
on individual stocks over the October 1962 to Ddoeml1985 period. Weekly data as
opposed to daily data is used to minimize biasesaated with non-trading, the bid-ask
spread and asynchronous prices. Based upon trenegarratio testgE2), Lo and MacKinlay
(1988) find evidence of statistically significardgative first order serial correlation in returns
on both CRSP indices and this is seen as eviden&avour of rejecting the random walk
hypothesis. Results for size based portfolios andas; statistically significant positive first
order serial correlation is present in returnstmee portfolios consisting of firms of similar
market valud? These findings again imply a rejection of the @mdwalk hypothesis and
thus, the rejection of the independence assumptiotike the positive serial correlation in
returns on indices and size based portfolios, Iseoiaelation in returns on individual stocks
is negative and not statistically significant. LadaMacKinlay (1988) attribute this to
company specific noise which complicates the deteodf predictable components. These
findings suggest that the independence assumpties dot hold for returns on aggregates.

However, there is ambiguity relating to serial etation in returns on individual stocks.

Unlike the assumption of normality, which is widebjected, the independence assumption
continues to be debated. As indicative of Kendadl Blill (1953) and Fama (1965), a body of
literature finds support for the independence aggiom and limited evidence of dependence

in returns. As is indicative of Akgiray (1989) a@hmpbellet al (1997), any statistical

" For example, first order serial correlation foilglaeturns on the CRSP value-weighted index i$sJpercent.
Second order serial correlation is -0.7 percent; th@ CRSP equally-weighted index, first order aeri
correlation is 35.0 percent and second order sewiaklation is 9.3 percent.

"2 The three quintiles are the smallest, centrallargkst market value quintiles.
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dependence in returns is (very) short-lived, altjioiis presence nevertheless challenges the
independence assumption. Matters are further coatplil by Lo and MacKinlay (1988) who
find that while returns on aggregates show statilyi significant first order serial
correlation, returns on individual stocappearto be independent. Given these findings, it is
impossible to conclusively pronounce upon the wglidf the assumption of independence.
Perhaps the best approach is to investigate tlepemtence assumption on a “case-by-case”

basis.

5.2.3. Stationarity

Returns are assumed to be identically distributgolying that certain statistical properties of
time series data remain invariant over time. Thikmown as the stationarity hypothesis
(Cont, 2001). According to Mandelbrot (1967), sta#rity implies that sample moments do
not vary substantially from sample to sample. Giisbh@nd Hess (1981) argue that the
assumption of identically distributed returns regsithat the mean and variance are constant
over time. Giannopoulos (2000) states that changésese two sample moments are often
cited as the reason for excess kurtosis in retigtnilsitions. Cont (2001) argues that it is not
clear whether this assumption holds as evident fseasonal effects such as the January,
weekend and the day of the week effect. Giannopo(2000) states that while evidence
regarding the non-stationarity of the mean is imtasive, the non-stationarity of variance is
widely recognized.

Two studies indicative of the debate relating te #tationarity of the mean are those of
Gibbons and Hess (1981) and Peir6 (1994). GibboddHess (1981) state that it is generally
assumed that the distribution of stock returnslentical for all days of the week. However,
there is increasing evidence that the distributianes across the days of the week. An often
cited example is that of the so called Monday éfigdrereby Monday returns exhibit a higher
mean and variance. The authors investigate theotllye week effect using return data on
the S&P 500 Index, value and equally-weighted ptid$ constructed from the CRSP
database, and individual stocks compromising thiA étween July 1962 and December
1978. The hypothesis of equality is rejeéfefdr returns on the S&P 500 Index and both

3 The conventional test for the equality of meansémducted using a dummy regression specification,
R=a,+a,D, +a,D, +a,D,+a D,+¢ (Gibbons & Hess, 1981; Kiymaz & Berument, 2003)eTcoefficients of this

specification represent mean returns for each ddlyeoweek. By showing that coefficientg through toa,
are equal, it can be shown that returns are frantidal distributions (Mookerjee & Yu, 1999).
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portfolios suggesting that the return distributisnnot identical across time. Returns for
Mondays are lowest although a degree of variatiothe mean is also observed for other
days of the week. The equality hypothesis is alsgcted for all individual stocks

compromising the DJIA. Gibbons and Hess’ (1981difigs relating to returns on the
aggregates considered and individual stocks sugipst the assumption of identically
distributed returns does not hold. The authors lcalecthat daily seasonality is evident in

stock returns and this is manifested by persister@bativeneanreturns on Mondays.

Peir6 (1994) states that one of the most intergsteasonal effects observed is daily
seasonality, which manifests itself in a differidigtribution across days of the week. The
author seeks to establish whether seasonality agbfithe week effects are present in six
major stock market indices; namely, the DJIA, Nikk@nancial Times Ordinary Share 30
(FT 30), Commerzbank, Compagnie des Agents de @Gh&DYC) General and the General
index for the period from December 1987 to Decemt92’* As in Gibbons and Hess
(1981) the standard dummy regression approach jgoged to test for seasonality. The null
hypothesis of equality is not rejected for the DJMkkei, Commerzbank and the General
indices suggesting that the distribution of retulpges not differ in the mean across days of
the week for these indices. However, seasonaligbserved in returns on the FT 30 and the
CAC General indices. For the FT 30 Index, seastwehlaviour is attributed to a strong
Monday effect. Peird (1994) concludes that thasairfigs question the validity of widespread
seasonal patterns observed in prior literaturecdntrast to Gibbons and Hess’ (1981)

findings, these results mostly support the assunpdf identically distributed returns.

While Peir6 (1994) does not find widespread evideotseasonality in the mean, the same
does not hold for variance. Tests of the equalityasiance across days of the week indicate
that the null hypothesis of equal variance is tej@dor all indices with the exception of the
DJIA. This suggests that variance exhibits widesgpreeasonal effects and is of time-varying
nature. Moreover, unlike the ambiguous debate daggrthe stationarity of the mean, it is
widely accepted that the variance of stock retisra a time-varying nature (Giannopoulos,
2000). Evidence suggesting the variance is nobsiaty is found in the literature as early as
Bachalier (1914), Mandelbrot (1967) and Praetz 2)9Bachalier (1914) notes that the

evidence diverges from his original theoreticalnfatation in that sample variance differs

" Indices on exchanges situated in New York, Tokymdon, Frankfurt, Paris and Madrid.
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over time. Mandelbrot (1967) presents a plot of vhaance of cotton price changes which
indicates that variance differs over time (see Mdimebt, 1967: Figure 1). It is suggested that
seasonal effects, changes in the macroeconomicoanvent and economic policy are behind
changing variance. Praetz (1972) states thatwidely assumed that the variance of returns
is constant over time. This assumption howeveprdradicted by observed extended periods
of market activity which are followed by extendeetipds of inactivity. These transitions in

the magnitude of variance are attributed to infdromeclustering around certain dates. Praetz
(1972) further notes that evidence suggests tha@nee varies from year-to-year as market

activity varies.

It is however Taylor (2008) who popularized the notion of time-varying variaria his
extensive study of the properties of returns. Tay2®08) reports that absolute and squared
transformation® of US stock return series - both proxies for vibtgt- exhibit high levels of
first order serial correlation and continue to losipvely correlated over extended periods of
time.”” It is suggested that this serial correlation striesis attributable to changes in the
variance of returns implying that variance is dginae-varying nature for the January 1966 to
December 1976 period. Akgiray (1989) arrives atimailar conclusion. While first order
serial correlation in returns on the value-weight€e®SP index is high, it becomes
statistically insignificant at longer lags. Howeyéhnis is not so for absolute and squared
returns, which are highly correlated for extendedqals of time, as evident from Figure 5.1:

S This paper references the second edition of Taykeminal work, Modelling Financial Time Seriespwing

to the unavailability of the original text. Thediredition was published in 1986.

6 See Poon (2000), McMillan and Ruiz (2009). Thespree of non-linear dependence in returns is iretg
as correlation in volatility and does not in itsieffply that returns are serially correlated (C@@01).

" For example, for the Kodak return series, firstenrserial correlation for absolute and squaraatmetis 0.146
and 0.178 respectively. For Alcoa, first order alecbrrelation is 0.194 and 0.144 respectively. Yehe Taylor
(2008) finds that less than 10 percent of corretatoefficients for the linear series are outsiue 40.05 and
0.05 interval for 1 to 30 lags, for squared retuthe percentage of series for which correlatioafficients

exceed 0.05 is 58 percent.
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Figure5.1: Returnsand non-linear transfor mations of returns

Whereas the serial correlation function of the nreeries falls below zero after the first lag,
the serial correlation functions of absolute andasgd returns decay slowly and are still
above zero after 60 lags. Akgiray (1989) states ttia implies that large price changes are
followed by large price changes and small pricengea are followed by small price changes
of either sign — an example of volatility clusteirFurthermore, the non-linear dependence
observed in absolute and squared return seridfrilsuéed to changing variance and is cited
by Akgiray (1989) as an explanation for leptokuidas return distributions. It is suggested
that these changes in variance are related toatieeof information arrival, levels of trading
activity and corporate financial and operating tage decisions. Notably, Akgiray (1989)
suggests that any model of returns must be comeatiih this characteristic (changing
variance) and take into account non-linear deperglen returns. Taylor's (2008) and
Akgiray’s (1989) findings confirm the proposition$ Mandelbrot (1967) and Praetz (1972)

that variance is non-stationary.

The literature suggests that although there istéefiarounding the stationarity of the mean,
it is almost a certainty that the variance diffexser time. Tang (1997) goes even further.
Using return data on industrial sectors comprorgidine Hong Kong stock market and
returns on the Hong Kong Index (HKI) over the Jague84 and March 1992 period, Tang
(1997) finds that seasonality extends into the drgimoments of the return distribution
implying that the higher moments are non-stationafhether this is related to non-

stationarity in the variance warrants further irtigegion. However, given the evidence
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relating to the non-stationarity of the variande validity of the assumption of identically
distributed returns is questionable; it can be adgtinat return distributions are stationary in

the mean but not in the variance.

5.3. Behaviour of stock returns

Poon (2005:1) defines volatility as a “spread ofikély outcomes of an uncertain variable,”
suggesting that volatility is a measure of sipeeadof a distribution but not its shape. For the
normal distribution, the mean and standard dewiasice deemed sufficient to reproduce the
empirical distribution and although, volatility it the only descriptor of the distribution, it
plays an important role in a number of financiaplagations such as investing, portfolio
construction, option pricing, risk management amaiging (Poon, 2005). Therefore, an
investigation of volatility yields further insighmto the behaviour of returns and the return
distribution. Similarly to stock returns, volatyliis characterized by a number of stylized
facts, namely volatility clustering (section 5.3.faersistence (section 5.3.2), leverage effects

(section 5.3.3) and mean reversion (section 5.3.4).

5.3.1. Volatility clustering

The phenomena of volatility clustering, although referred to by that name at the time, is
acknowledged early on by Mandelbrot (1963: 418) wbtes that “large changes (in price)
tend to be followed by large changes — of eithgnst (and) small changes tend to be
followed by small changes.” Volatility clusteringiplies that volatility exhibits alternating
periods of tranquillity and heightened amplitudggesting that fluctuations in returns are
lumped together (Poon, 2005; Chan & Cryer, 2008 presence of volatility clustering is
further evidence in favour of the proposition thatriance is of a time-varying nature
(Jacobsen & Dannenburg, 2003). Engle (2001) sthi@stime-varying variance is easily
observed and an examination of a time series plagtarns is all that is required to establish

whether volatility clustering is present.
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Figure5.2: Time seriesplot of DJIA and NASDAQ returns

Plots of the DJIA and NASDAB returns in Figure 5.2 illustrate that the ampléwd returns
varies over time; the amplitude of returns is ggeatound initial observations (1990 — 1991),
declines towards the middle (1992 — 1996) and aswe greatly towards the end of the
sample period (1997 — 2000). This is an observakbimple of volatility clustering, also
referred to as the “ARCH effect,” often cited asexplanation for leptokurtosis (Akgiray,
1989; Engle, 2001). Engle (2001) interprets theavee as the risk level of returns and
volatility clustering implies that some time persodre riskier than others. Additionally, these

riskier times are not random and are serially datee.

Jacobsen and Dannenburg (2003) state that eviaddnvaatility clustering arises in the form
of highly serially correlated squared returns withnfirmation provided by corresponding
Ljung-Box Q-statistics which indicate statistically signifitaoorrelation at extended lag
lengths. The authors go on to show that volatditystering is present in the return series of
six national indices representative of the stockkets of France, Germany, Italy, the
Netherlands, the UK and the US. Results suggesathaarkets show volatility clustering at
daily and weekly frequencies at all lags over teuary 1973 to May 1993 period and this is

8 The NASDAQ as it is commonly referred to todagpnsts for the National Association of Securities IPesa
Automated Quotation.
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supported by statistically significant Ljung-Bo®-statistics, which indicate that serial
correlation differs from zero at various ordersesé findings continue to hold for bi-weekly
observations but not for monthly observations with exception of the US, for which serial
correlation is statistically significant at the ntloly frequency. Jacobsen and Dannenburg
(2003) attribute the latter observation (of a pew# absence of serial correlation) to either
the series being too short or the absence of libjatiustering in monthly return series.
However, serial correlation functions of squarednthty returns are similar to those of
squared daily returns, supporting the explanatibmeturn series being too short. These
findings suggest that volatility clustering is aeyalent feature of financial time series,
regardless of the frequency of the data, and tltance is of a time-varying nature
(Jacobsen & Dannenburg, 2003; Akgiray, 1989).

5.3.2. Volatility persistence

The concepts of volatility clustering and volatilersistence are closely related to the extent
that some authors do not make an explicit disamcthetween these two phenomena (see
Engle & Patton, 2007). Volatility clustering imptieolatility persistence; #xtendegeriods

are characterized by greater variability in retuaind other periods by lower variability, then
this suggests that variability must be persistentreate identifiable periods of greater and
lower volatility. Perhaps, a more fitting term fpersistence is “long memory.” Whereas
volatility clustering implies that extended periodvolatility arise from the clustering of
news or the clustering of information arrivals, thersistence or long memory property of
volatility implies that a single shock will have anpact upon future volatility in periods to
come (Engle, 2004; Engle, Focardi & Fabozzi, 2008Millan & Ruiz, 2009). McMillan
and Ruiz (2009) state that the standard approaelxamining the long memory property in
time series is to examine the sample serial cdroeldunction for non-linear transformations
of returns. Whereas non-linear serial correlatibramy length is a symptom of volatility
clustering, in the context of long memory, whabisnterest ishow long it takes for a shock
to die out. If it takes the sample serial correlatiunction an extended period of time to
decline to zero, the process exhibits long memaryother words, levels of heightened

volatility persistand shocks do not die out immediately.

Ding, Granger and Engle (1993) investigate the lommory properties of the S&P 500 by
considering the serial correlation structure ofcdili® returns and squared returns over the

January 1928 to August 1991 period. The authore nioat although first order serial
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correlation in the (linear) return series is pesitand statistically significant, implying some
degree of memory, it is of small magnitude and slved. However, this is not the case for
the absolute and squared return series; the seoafelation functions of these

transformations are positive over longer lagssasident from Figure 5.3.
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Figure5.3: Serial correlation structure of S& P 500 returns

The level of serial correlation is highest for dbog® returns (top in Figure 5.3)x |, followed

by squared returns (middle)?, and then for the untransformed return seriesgbot Both
the absolute and squared return series remain ahev85 percent confidence interval and
are positive for the (reported) 100 orders. If fdding et al (1993) report that absolute
returns are positively correlated for over 2500ensd Substantial and heightened serial
correlation in absolute returns is also observetheyauthors for the NYSE and the German
Deutscher Aktien IndeXDAX) suggesting that volatility is highly persistan these markets
and that shocks take amceptionallylong period of time to subsid@.

McMillan and Ruiz (2009) investigate the long megnproperty of volatility for 10 national
indice$® over the January 1990 to December 2005 periodkhgniming the serial correlation
functions for absolute returns and thalf-lives of shocks. Similarly to Dingt al (1993),
serial correlation functions for all series witretkxception of Japan decay slowly and are
statistically significant for 100 orders. Figurel3eproduces the serial correlation functions

for the US and Japan:

" Ding et al (1993) state that the long memory property isnfyaattributable to pre-World War 2 events such
as the Great Depression in 1929.

8 National indices for exchanges situated in Can&dance, Germany, Hong Kong, ltaly, Japan, Singapor
Spain, the UK and the US.
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Figureb5.4: Serial correlation functionsfor US and Japanese returns

In McMillan and Ruiz’s (2009) sample, shocks pdriis the longest period of time (relative
to other markets) in the US market, as evident ftbe serial correlation function which
remains positive and statistically significant fmrer 100 orders. Thalf-life for shocks in
this market is almost 150 days. In contrast, viithatis not as persistent in the Japanese
market with the serial correlation function becogirstatistically insignificant at
approximately 50 orders and shocks exhibitinga#-life of approximately 36 days. On the
basis of the serial correlation functions, McMilland Ruiz (2009) state that volatility is
characterized by long memory and exhibits a hyderlecay; decaying relatively quickly at
low orders but levelling out at higher orders. Tagain implies that shocks do not die out
immediately. The authors however caution that theeoved persistence may be attributable
to time-variation and structural breaks in the umittonal mean variance and not only the
result of shocks. Regardless of the source, itviseat from Dinget al’'s (1993) and
McMillan and Ruiz’ (2009) studies that volatilitxleibits persistence.

5.3.3. Leverage effect

The term, leverage effect, is attributed to Blat®76). In the classical sense, the term refers
to the observation that as stock prices fall, tlebtdo-equity ratio increases leading to
increased volatility. In the modern context, theelage effect refers to negative correlation
between returns and volatility (Engle & Patton, 200The leverage effect implies that the
relationship between returns and volatility is asyetric; negative shocks have a greater
impact upon volatility than do positive shocks @gassner & Wolters, 2007). The presence
of the leverage effect is evident from a negativeralation between returns and volatility
suggesting that negative returns are accompaniethdsgases in volatility (Cont, 2001).

Schrager (2001) attributes the leverage effechtestor preferences for positive returns and

112



states that investors become unsettled followirgatiee returns which leads to increases in

volatility.

Haugen, Talmor and Torous (1991) present eviderica negative relationship between
volatility and returns, and investigate the reacta returns to changes in volatility using
return data for the DJIA over the January 1897 uly 1988 period. It is postulated that
increased volatility is associated with future dee$ in stock prices, implying a negative
relationship between volatility and returns. Resulidicate that over the entire sample
period, negative average returns and negative gwegacess returns are observed over a
four-week period following an increase in volailitNotably, a statistically significant
decrease in returns and excess returns is obsareedd periods of increased volatility. In
contrast, average returns and average excess getuien higher following decreases in
volatility. In light of these findings, Haugeat al (1991) state that market response is greater
to increases in volatility relative to decreasesaiatility. It is further evident that there is an
asymmetric responSeto changes in volatility which the authors atttéotio non-linear risk
aversion. This argument supports Schrager’'s (260ddention that investors favour positive

returns over negative returns.

Bouchaud, Matacz and Potters (2001) investigatenagabsure the leverage effect and suggest
that the negative return-volatility correlation &ips negatively skewed distributions. The
causality of the leverage effect is also questipunle@s increased volatility lead to a decline
in stock prices as suggested by Haugenl (1991) or does volatility increase following a
decline in stock prices as suggested by Schra@@1§2 It is hypothesized that a decline in
the stock price of an individual firm increases gussibility of financial distress, which in
turn increases the volatility of returns on givéock. Conversely, increased volatility makes
a given stock less attractive leading to a decrematige price (Bouchauet al, 2001). Using
return data on a sample of individual US compao@spromising the S&P 500 and seven
major indice$? Bouchaudet al (2001) find evidence of a leverage effect in biotividual
stocks and the indices. This is evident from thspeetive return-volatility correlation

functions reported in Bouchawd al. (2001):

8 Haugenet al (1990) base this statement upon a finding thatrtiean adjustment in stock prices is -2.62
percent following an increase in volatility and @ Fercent following a decrease in volatility. Itagident, that

in absolute terms, the response is greater follgwaimincrease in volatility.

82 The seven indices considered by Bouchetudl (2001) are the S&P 500, NASDAQ, CAC 40, FTSE DA
the Nikkei and the Hang Seng. The dataset spankatigary 1990 to May 2000 period for individualc&®and
the January 1990 to October 2000 period for indices
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Figure5.5: Return-volatility correlation functions

Figure 5.5 illustrates the (averaged) return-vigtcorrelation functions for individual stock

returns Ls(7)) and returns on the indicesi(L | yespectively. Both functions start from

negative values and decay towards zero implyinggative relationship between returns and
subsequent volatility - evidence of the leverageatf Bouchaucet al (2001) attribute the
presence of a leverage effect to a feedback mesmawmhereby anticipated increases in
volatility trigger sell orders which drive down stoprices. As in Haugeat al (1991), risk
aversion is credited for the negative relationd@ween returns and volatility. Haugenh
al.’s (1991) and Bouchauet al’s (2001) studies constitute empirical evidence tlod
leverage effect.

5.3.4. Mean reversion

Engle and Patton (2007) state that volatility cdusig implies that volatility comes and goes.
A period of high volatility will be followed by agriod of lower volatility and a period of low
volatility will be followed by a period of higherolatility, implying that volatilityrevertsto
somelong-run level with time. A further interpretation of meaeaversion provided by the
authors is that current information has no effectang-run volatility, suggesting that shocks
die out with time. The authors go on to state tnagan reversion in volatility is widely
interpreted as relating to the eventual convergesfcgolatility upon anormal level of
volatility. Figlewski (1997) distinguishes betweamean reversion in volatility and mean
reversion in stock prices. Mean reversion in votgtimplies that levels of extremely high or
low volatility tend to give way to a reversion torla a more moderate long-term level. In
contrast, the value of an underlying stock tendsatdéong-run mean level over time.

Moreover, whereas mean reversion is an accepte@atbastic of volatility, debate centres
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upon what the normal level of volatility is and whether it ¢@nstant over time (Engle &
Patton, 2007).

Evidence of mean reversion is indirect in that &sidhat concentrate on volatility clustering
and persistence are also suggestive of mean rexeithough not noted directly, evidence
of mean reversion is nevertheless abundant as révideFigure 5.2. Reversion is most
pronounced for the DJIA; high volatility observedtlveen 1990 and 1991 gives way to a
protracted period of low volatility lasting until approximatel1996. This lower level of
volatility during this period is likely to be clos¢éo the mean than the shorter periods of
heightened volatility. While further transient pats of heightened volatility are observed
during this period, in each instance, a degreeewénsion to a protracted lower level is
observed for both return series. This interpretaigsoconsistent with that of Figlewski (1997).
Further evidence of mean reversion stems from aesudf volatility persistence where the
underlying assumption in these studies is thatoalgh volatility is persistent, it reverts to
some constant mean level (McMillan & Ruiz, 2009)ideénce of mean reversion in volatility
may therefore be seen in the decay of serial aroel functions of non-linear
transformations of returns; if shocks eventually dut, then this implies that periods of high
volatility following a shock transition into periscf lower volatility and therefore, revert to
a long-run or normal mean level. McMillan and Ruj2009) second set of results, adjusted
for time variation in the unconditional varianesuggests that shocks do not persist
infinitely and die out, implying that periods ofghier volatility give way to more tranquil
periods. This is evident from the serial correlatfanction of absolute returns for Japan in
Figure 5.4, and in Figure 5.6 below where time atésh in the unconditional variance is
controlled for:

8 To adjust for time variation in unconditional \amte, a moving average of absolute returns is atinfor
each series. A slowly changing unconditional meaay mesult in apparent long memory when using a
methodology that assumes a constant unconditioeahmThe procedure does not detract from the betaof

the data; thaunadjustedabsolute return series and thdjustedabsolute return series show relatively high
correlations of around 0.95 (see McMillan & Ruip0®).
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Figureb5.6: Serial correlation functionsfor US and Japanese returns using adjusted data

Figure 5.6 indicates that while shocks persisham WS and Japanese markets, they do so for
shorter periods of time (than in Figure 5.4) anddnee statistically insignificant after
approximately 25 orders for both countries. Theefavhile shockgersist- implying higher
volatility for a limited period of time - these stiedo die out eventually giving way to lower
volatility. This suggests that volatility reverts $ome mean or normal level and is consistent
with Engle and Patton’s (2007) interpretation whgrehocks die out and, as a result, current
information has no impact upon long-run volatiligngle and Patton (2007) provide further
evidence of mean reversion relying upon a GARCH(inbdel (discussed extensively in
Chapter 6). Results indicate that while volatilitgs a long memory, it exhibits mean
reversion. This is evident from the finding thae tARCH and GARCH parameters of the
model are significantly less than one, implyingttaéhough volatility is persistent, volatility

does return to its medh.

From the above discussion, it is evident that vdlaexhibits mean reversion and this can be
demonstrated using a variety of approaches. Thestignethat nevertheless remains is
whether mean reversion is full or partial and i6ipartial, then this implies that the long-run
variance may not be constant and that variance nlatefsilly revert to the mean.

8 Thus far, the present discussion has attemptedetanodel-free approaches to demonstrate mearsiavén
volatility. While it is argued that this is a val@pproach, an acknowledgement must be made thatsthef
stochastic volatility models greatly simplifies tbgidy of volatility and its properties. One suddiss of models
(ARCH/GARCH models) is extensively discussed im fbllowing chapter (Chapter 6) and applied in the
empirical analysis (Chapter 8).
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5.4. Conclusion

Stock returns are assumed to be “well-behaved.” él@w this is not the case in practice.
Deviations from the assumptions are observed iridima of non-normality characterized by

excess kurtosis, fat-tails and skewness (secti@rl)s. Returns appear to be uncorrelated
suggesting that they are independent and wherendepee is observed, it is short lived

(section 5.2.2). Moreover, volatility is characted by volatility clustering (section 5.3.1),

persistence and long memory (section 5.3.2), asymnire the form of the leverage effect

(section 5.3.3) and reversion (section 5.3.4).

While it remains for it to be established that $outfrican stock returns violate the
assumptions discussed above, the characteristisfook returns and volatility observed in
literature call for an econometric framework that@unts for these characteristics. This
framework must ensure that estimated models ofetugn generating process are statistically
adequate. Such a framework, which is discussedapter 6, is found in the ARCH/GARCH

model framework with its numerous extensions.
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6. THE ARCH AND GARCH FRAMEWORK: AN ECONOMETRIC
MODELLING FRAMEWORK

6.1. Introduction

The aim of this study is to investigate the retgamerating process of South African stock
returns within the APT framework. An investigatioh this nature requires an appropriate
econometric framework for model estimation. Thecpding discussion in Chapter 5 shows
that returns are not well-behaved. Returns areachkenized by non-normality in the form of
excess kurtosis, fat-tails and skewness (sectdi 6.Volatility is characterized by volatility
clustering (section 5.3.1), long memory, persisteiisection 5.3.2), the leverage effect
(section 5.3.3) and mean reversion (section 5.Fdithermore, volatility clustering implies
that volatility is heteroscedastic. These propsertad returns and volatility require an
econometric methodology that accounts for theseacheristics.

The LS methodology is widely employed in estimatimgdels of the return generating
process within the APT framework (see section 3.Bukrmeister & Wall, 1986; Berrgt al,
1988). This approach is based upon the assumgitiintite expected value of all squared
residuals terms is the same at any point in timeesiduals terms are assumed to be
homoscedastic (Engle, 2001; Guijarati, 2003). Wthke assumption of homoscedasticity is
convenient, it does not hold in reality; the vadarof the residual terms tends to differ across
time and is therefore heteroscedastic (Erglal, 2008). If this is the case, and the LS
methodology is applied, regression coefficientstfia loadings, exposures, sensitivities or
betas in APT terminology) will be unbiased and cstesit. However, regression coefficients
will be inefficient suggesting that estimators wilbt have minimum variance. Standard
errors will be overstated and as a result, confideimtervals will be unnecessarily large,
resulting in misleading inferences. Because th@amee of an estimate is exaggerated,
coefficients that are statistically significant mappear to be statistically insignificant if
confidence intervals fail to account for heterosstdity (Gujarati, 2003; Barreto &
Howland, 2006§° Importantly and in the context of this study, thucture of return
generating process will be misidentified. This specially pertinent for return data where

non-normalities and heteroscedasticity may carmr anto the residuals suggesting that the

% The width of the confidence interval is proportébmo the standard error of a coefficient. Largemdard
errors will result in wider confidence intervalsamislating into greater uncertainty of the true gabf a
parameter (Gujarati, 2003).
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characteristics of the return distribution haveiread bearing upon modelling and inference
making (Roll, 1992; Wong & Bian, 2000). In this ¢ext, Gujarati (2003: 399) states that “if
we persist in using the usual testing procedurespitke heteroscedasticity, whatever
conclusions we draw or inferences we make may Iy wesleading.” Furthermore, if the
residuals of a model are not normally distributélign t-tests andF-tests based upon
estimated errors used in inference making will beleading (Ford, 2003). This emphasizes
the need to consider an alternative to the LS naetlogy when modelling the return

generating process.

The ARCH/GARCH framework is designed to capturedhserved characteristics of returns
and discards the restrictive assumptions of notyahdependence and constant variance
(Zakoian, 1994; Palm, 1996; Elyasiani & Mansur, 89Engle, 2004). Dowd (2005: 131)
emphasizes the appropriateness of this frameworksthting that the ARCH/GARCH
framework can readily accommodate leptokurtosis waldtility clustering, and is “tailor-
made” for volatility clustering, which is responkgbfor fat-tails (section 5.2.1 & 5.3.1).
Furthermore, the ARCH/GARCH framework treats heteedlasticity as variance to be
modelled and thereby corrects a deficiency of tBeflamework and estimates the variance
of each residual term (Engle, 2001). By modelliegiduals, it is possible to obtain a more
accurate description of the return generating Esic&ngle (1982: 1004) states that the
ARCH model “comes closer to truly random residualter standardizing for their
conditional distributions.” Not only do ARCH/GARCHhodels appear to be well-suited to
modelling returns, they contribute to a superiosatligtion of the return generating process

and mitigate erroneous inferences.

This chapter proceeds by providing a backgrounith¢cARCH/GARCH framework (section

6.2). A number of generalizations of ARCH/GARCH retsd and extensions are then
discussed (section 6.3.1 — 6.3.6) and it is the AR€kction 6.3.1), GARCH (section 6.3.2),
IGARCH (section 6.3.3) and EGARCH (section 6.3.8neralizations that are applied to
estimate models of the return generating process gsction 7.4.2 & 7.4.3; Chapter 8). The
literature is reviewed to provide an overview o¢ tpplications of ARCH/GARCH models

in finance (section 6.4) and limitations of thenfivork are noted (section 6.5). The

discussion is summarized in the conclusion (sediéh
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6.2. ARCH and GARCH framework
According to Xiao and Aydemir (2007), the startipgint to modelling variance is to treat

innovations in the mean as a series of independadt identically distributed random

variables,z , with a mean of zero and unit variance scalechbystandard deviatiodﬁ :

£ =+hz, z~iid(0) 1p.

In this context, ARCH and GARCH models describaarare in terms of past observations

and the stochastic residual teri), is interpreted as an innovation in the mean (>8ao

Aydemir, 2007). The simplest return generating psscspecification can be denoted by
(Engleet al, 2008):

=ite, &=z (6.2)

where r, is the return on stockat timet, 4 is the mean and, is the innovation in the
mean. Similarly toE(R) in equation (2.1), the mean in equation (6.2), lannterpreted as
the expected value af,, with returns being a function of a conditionalanevalue and an

innovation in the form of the residual term (Engteal, 2008). Elyasiani and Mansur (1998)
suggest a generalized specification for the coowmhti mean equation describing the return
generating process in terms of a multifactor sjpeatibn consistent with the APT framework:

o=+ BX +E (6.3)

where z Bx is a vector of pre-specified or exogenous factersich under the APT

framework will constitute innovations in systemaiigk factors. Thus, according to equation
(6.3), returns are a function of the conditionalamea residual ternrand a vector of
systematic risk factors. In the second equatiomaggn (6.4), theconditional varianceis
modelled as a by-product of the conditional meamaggn. The conditional variance
equation can be denoted in generalized form as:

h =(Q.%) 6.4)
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where h, is the conditional variance as per ARCH/GARCHrétare conventionQ, is the
information set at timéand x, is a set of endogenous lagged factors and exogdnaotors.

Equation (6.4) implies that the conditional varians dependent upon prior information,
endogenous and exogenous factors. The exact spd¢cfi of equation (6.4) differs
according to the type of ARCH/GARCH model employtd describe the conditional
variance. Moreover, by describing conditional vace, the ARCH/GARCH framework not
only permits a description of sample variance]sb allows the testing of economic models
which seek to identify the causes of volatility imgorporating factors into the conditional

variance equation (Engle, 2004).

As returns are described by the mean, a vectorexfgtermined endogenous or exogenous
factors, and a residual term which can be decontpwde a random variable scaled by the
conditional variance, an accurate description ¢firres requires an accurate model of the
conditional variance. The multitude of ARCH/GARCHodels which capture various
characteristics of returns and volatility make nitwg returns with greater accuracy and
statistical adequacy possible. In the context efART framework, equations (6.3) and (6.4)
are estimated within the ARCH/GARCH framework wehuation (6.3) representing the

return generating process and equation (6.4) reptieg the underlying conditional variance.

6.3. ARCH and GARCH models and extensions

Engle (1982) introduced the first ARCH model ang thias followed by Bollerslev’s (1986)
generalization, the GARCH model. A number of natabktensions soon followed; Engle
and Bollerslev’s (1986) Integrated GARCH (IGARCHbdel, Engleet al’s (1987) ARCH-
in-Mean (ARCH-M) model, its generalization, the GBR-in-Mean (GARCH-M) model
and Nelson’s (1991) Exponential GARCH (EGARCH) mo&nce then, a great number of
generalizations have been proposed constitutingt \Engle (2004: 329) refers to as “an
alphabet soup of ARCH model®These models capture the non-linearity, asymnesta;
the long memory properties of volatility and thenamrmality of returns. This chapter

outlines some of the better known generalizatidrized in financial literature and it is the

8 Engle (2004) cites AARCH, APARCH, FI-GARCH, FIEGARI, STARCH, SWARCH, GED-ARCH, GJR-
GARCH, TARCH, MARCH, NARCH, SNPARCH, SPARCH, SQGARC CESGARCH, CARCH and
ACARCH assomeexamples.
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ARCH, GARCH, IGARCH and EGARCH generalizations the¢ applied in this study in the

modelling of the return generating process in Cérapt

6.3.1. ARCH

The first model of the ARCH/GARCH framework is tARCH model of Engle (1982) who
sought to introduce a model in which variance igpehelent upon prior information.
According to Engle (1982), the conventional appho@cheteroscedasticity at the time was to
introduce an exogenous factor that would prediet variance. Engle’s (1982) proposed
solution, the ARCH regression model, assumes tiatconditional mean of the dependent
factor is a linear combination of lagged endogenand exogenous factors, and that the

evolution of the conditional variance is descrilbbydhe ARCHp) model:
p

h=w+) ag, (6.5)
i=1

where « >0and a, 20 so thath, is strictly positive variance. According to the 8R

model, the conditional variance is a functionpafst squared residual terms;,, with p

denoting the order of the squared residual termitkermodel (Poon, 2005). Optimal weights

of « and a, are estimated using the maximum likelihood (MLnethodology making it

possible for the ARCH model to describe time-vagywolatility at any point in time (Engle,
2004). Using weighted averages of past squareduaisi gives more recent observations
greater weighting relative to more distant obseovest The ARCH model is considered to be

a short memory model with high values @f indicating that volatility is “spiky” and reacts

quickly to market movements. A positive intercegt permits mean reverting volatility
(Dowd, 2005). Poon (2005) states thatis usually of a high order as a result of the
persistence of volatility in financial markets (ssection 5.3.2). Tsay (2002) and Xiao and
Aydemir (2007) suggest that the ARCH model and i§ipations based upon the ARCH
model possess the ability to capture volatilitystéwing in return series (see section 5.3.1).
The ARCH methodology, therefore, permits for a @ntional regression model with time-

varying variance and residuals that follow an AR@kbcess. The ARCH model can be

87 See Li, Ling and McAleer (2002) for a more de@ititline of estimation techniques.
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further generalized by incorporating contemporaseand lagged endogenous and

exogenous factors into the conditional varianceaiqn (Engle, 1982).

Engle (1982) applies the ARCH and LS models to mlesanflation in the UK over the 1958
to 1977 period. Outliers of the respective modetsexamined and although, the number of
outliers is found to be reasonable under the LSahale timing of the occurrence of outliers
is far from random. However, outliers under the AR@odel come closer to truly random
residuals suggesting a more realistic descriptiadh@ data. Tsay (2002) elaborates upon this
finding by suggesting that the ARCH model is makely to produce the outliers observed in
returns than those suggested byran.d. sequence, implying that the ARCH model can
capture the fat-tails of return distributiofisEngle (1982) concludes that the ARCH model
represents an improvement over the performancéefL6 model and describes variance

more realistically.

Notwithstanding these favourable findings, a numifecriticisms have been levelled at the
ARCH model. The ARCH model assumes that positivé regative shocks have the same
influence upon volatility. However, volatility respds differently to negative and positive
shocks, as evident from the leverage effect (sediB.3). Also, the ARCH model by itself

does not provide insight into the sources of vammatn returns; all that it does is provide a
methodology to describe conditional variance. Femtiore, the model does not describe
volatility parsimoniously and an extended numbepafameters is required to describe the

volatility process accurately (Tsay, 2002).

6.3.2. GARCH

Bollerslev (1986) argues that in applications of R models, a long lag structure is often
required in the conditional variance specificatéo a fixed lag structure is imposed to avoid
problems associated with negative variance parameidese limitations motivate for an

ARCH-type model that permits a more flexible stawetand a longer memory. Both ARCH

and GARCH models treat conditional variance asnatfan of past shocks and thus, permit
shock persistence and the evolution of volatiligeiotime. As in the ARCH model, the

GARCH model incorporates a weighted average of gaqsared residual terms (Elyasiani &

8 This is an example of how the ARCH/GARCH framewoak accommodate the characteristics of returns and
volatility discussed in Chapter 5. In this examplee ARCH model is seen accommodating leptokurtosis
(discussed in section 5.2.1).
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Mansur, 1998; Engle, 2001). However, to achieveogerfiexible structure and to allow for a
longer memory (section 5.3.2), the GARCH model ipooates a set of lagged conditional
variance terms and thus permits an adaptive legmmi@chanism, which implies that the best
predictor of variance is a weighted average ofldhg-run variance (Bollerslev, 1986; Engle,
2001). Through the inclusion of lags of the cormudhiil variance in addition to past squared
residual terms, the GARChHiodel becomes a long memory model. This contragts tive
(relatively) short memory underlying the ARCH modg€lyasiani & Mansur, 1998). As with
the ARCH model, optimal weights are assigned to #$lggared residual and lagged

conditional variance terms. The GARQGHY) specification is denoted by:
p ) q

h=w+ ag’+> Bh, (6.6)
i=1 j=1

where a; >0 and S, >0, andq denotes the order of conditional variance terms,A high
value of B, indicates that volatility is persistent and takesong time to change (Dowd,
2005). The sum of the coefficients of the condilovariance specificationy, + ., is less

than unity if unconditional variance is finite, ilggng mean reversion (section 5.3.4: 116;
Engle, 2001; McMillan & Ruiz, 2009). The GARCH madde considered to be more

parsimonious relative to the ARCH model; parametdues of p<2and q< 2 are deemed

to be sufficient for most financial applicationso{rslev, Chou & Kroner, 1992; Xiao &
Aydemir, 2007). Xiao and Aydemir (2007) state tha most crucial characteristic of the
GARCH model is linearity, which assumes an Autoesgive Moving Average (ARMA)
specification for the squared innovation procedsis Tproperty permits a comprehensive
study of the squared residual terms and simpl#tasstical inference.

To assess the performance of the GARCH model atiosl to the LS methodology and an
ARCH specification, Bollerslev (1986) applies theposed GARCH methodology to model
the growth rate in the US GNP deflator for the 1948983 period. A more parsimonious
GARCH(1,1) model is found to provide a better fative to an ARCH(8) model. The
observed high order of the ARCH model is attributedong memory in the conditional
variance - a problem addressed by the more parsim®rGARCH(1,1) model. Bollerslev
(1986) also finds that the GARCH(1,1) model is &e#t capturing long memory relative to
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the ARCH(8) modef® Finally and importantly, LS intervals are found be too wide,
potentially leading to erroneous inferences. Thiggests that the application of the GARCH
model is more appropriate.

While Bollerslev’s (1986) GARCH model appears todweimprovement over the LS and
ARCH model, there are shared limitations. As in &RCH model, conditional variance

responds equally to positive and negative shocleay,T2002). This arises from the non-
negativity constraints placed upon coefficientstié GARCH model and implies that
regardless of direction, shocks have a positiveathpipon volatility. As a result, the model
does not account for the cyclical behaviour and-liveear characteristics of volatility (Xiao

& Aydemir, 2007). Finally, according to Tsay (2002)e tails of GARCH models remain too
short when high frequency financial time serieadatused.

6.3.3. IGARCH
Bollerslev et al (1992) state that persistence is commonly observe estimates of
conditional variance specifications when using Higlguency data. Moreover, parameters of

the GARCH model tend to sum to unitEa,. +Z,6’J =1, implying that variance is not finite

and therefore, that the unconditional variance doet exist. In the presence of an
approximate unit root, the conditional variancehd residuals does not converge towards its
unconditional variance suggesting that conditioreaiance grows linearly with the forecast
horizon (Bollerslev & Engle, 1993; Kirchgassner &olérs, 2007). To capture infinite
persistence in volatility, Engle and Bollerslev 869 propose the IGARCIH(g) model:

h = iaigtz—i +iﬁj h_ (6.7)

Tsay (2002) describes the IGARCH model as a umt-®@ARCH model and attributes
continued persistence to occasional shifts in ujatThe IGARCH model captures infinite
variance by describing alfl) process where current information remains irtgrarfor all

forecast horizons of the conditional variance (Xéaédydemir, 2007; Kang, Kang & Yoon,
2009). Under the IGARCH model, the parameter oédrdtion,d, is assumed to be 1

8 The ARCH model restricts the mean lag of the cimwtl variance to 3.5. Bollerslev (1986) statest tine
mean lag for the GARCH(1,1) model is estimatedddbB48 suggesting that the GARCH(1,1) model isebet
at capturing persistence.
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implying that the series has infinite persistence & non-stationary. W is equal to zero, the
effects of shocks die out rapidly suggesting a tshmemory. On the other hand, if
0<d <05, then the series exhibits a long memory but isistary (McMillan & Ruiz,
2009). As the IGARCH is an infinite memory modehttlassumes that shocks never die out,
it does not allow for long memory in volatility (kg et al, 2009). Together, the ARCH,
GARCH and IGARCH models capture the different typesmemory which characterize the

volatility underlying stock returns.

6.3.4. ARCH-M and GARCH-M

The next notable extension to the ARCH/GARCH frarodws the ARCH-in-Mean (ARCH-
M) model introduced by Englet al (1987). The ARCH-M model is well-suited to the
modelling of the risk-return relationship that isntral to econometric research on time-
varying expected returns and posited by finandiabties (Bollersleet al, 1992; Xiao &
Aydemir; 2007). Backus and Gregory (1993) state¢ titwa theoretical justification for the use
of ARCH-M models to model the relationship betweeturns and time-varying conditional
variance stems from the CAPM. Elyasiani and Mandi@98) state that the ARCH-M
specification, by establishing a link between nesuand a measure of risk in the form of the
conditional variance, brings empirical models ctogeasset pricing theories such as those
underlying the CAPM and the APT. Central to the elad the premise that as the level of
risk varies over time, the compensation for beaniis§g must also vary. By this line of
reasoning, the ARCH-M model permits the conditiomaéan to be affected by the
conditional variance (Englet al, 1987). By doing so, the ARCH-M extension perntiits
consideration of a time-varying premium (Elyasi&Mansur, 1998). The conditional mean

equation incorporating conditional variance is dedas:
o =H+Y B +Ah+g (6.8)

where h is the conditional variance term in the mean equatnd A, the coefficient of

relative risk aversionquantifies the impact of the (time-varying) cdrahal variance on

returns (Xiao & Aydemir, 2007). Englet al (1987) suggest that the conditional standard
deviation and logarithm of the conditional variamay be used in place of the conditional
variance. The conditional variance equation remé#iessame as that of the ARCH model.

This yields an ARCH-M model although in practidee tonditional variance equation can be
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based upon any ARCH or GARCH type model. By this lbf reasoning, the GARCH-M is a
natural extension to the ARCH-M model (see ElyastaMansur, 1998: 541).

Engleet al (1987) provide empirical support for the ARCH-Mde! using holding yields on
US treasury bill® from 1960 to 1984. Yields are regressed onto asteom with ARCH
residual terms and the results indicate a stron@ARffect in holding yields (see section
5.3.1: 109). Because of this, Engleal (1987) state that a misspecification of the model
arises in the form of a time- varying risk premiwvhich is incorporated into the residual

terms instead of appearing in the conditional megnation. The model is therefore re-
estimated with the standard deviatiqyﬁ ) incorporated into the conditional mean equation.

The coefficient of relative risk aversiond§ is found to be positive and statistically

significant suggesting a positive trade-off betwashk and returns. The authors also find that
incorporating the logarithm of the standard deuiat(log\/ﬁ) into the conditional mean

equation in place of the standard deviation impsothe fit of the model. The statistically

significant coefficients of relative risk aversiam these variants of the ARCH-M model

suggest that the ARCH-M specification provides dtdoefit and description of returns

relative to a conventional ARCH model. Engde al. (1987) recognize that the trade-off
between risk and returns is dependent upon rislergeces and therefore, the coefficient of
relative risk aversion can take on a positive, tiggar zero value. Although, ARCH-M type

specifications are not always supported by thethwy application of these models to financial
data is nevertheless widespread (Backus & Gred®§3; Xiao & Aydemir, 2007).

6.3.5. EGARCH

Nelson (1991) suggests that the functional form aod-negativity coefficient constraints
placed upon parameters of ARCH and GARCH modefskate into a number of limitations.
ARCH and GARCH models assume that only the mageitadd not the sign of returns
determines conditional variance; implying that dnemodels are unable to capture the

negative correlation between returns and changeslatility. Non-negativity constraints
imply that increasing values &f* lead to increases in conditional variance sugggdtiat

conditional variance does not show oscillatory lveta. Furthermore, non-negativity
constraints also complicate the estimation of AR@tl GARCH models (Nelson, 1991;

% Salomon Brothers data on 3 and 6 month treasilsyftim the Analytical Records of Yields.
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Xiao & Aydemir, 2007). Finally, Nelson (1991) sugt® that it is difficult to evaluate
whether shocks to conditional variance are persisiader the GARCH model. To address
these limitations, Nelson (1991) proposes the EGHRG) model which permits
conditional variance to respond asymmetrically tosifve and negative residuals:

() =w+Yagz,)+> A0, =67 (6.9)

9(z)=0z+M| z|- B zl]

where In(h, )is a function of time and laggeg s, and thdogarithm of conditional variance

permits the relaxation of the non-negativity coaistis placed upon model coefficients. To
capture the asymmetric relationship between retanisvolatility, g(z, )s assumed to be a
function of the magnitudandsign of z . This permits the relationship between the redgdua
and conditional variance to be negative (Nelsor9119Tsay, 2002). Moreover, given
appropriate conditioning of the parameters, the RGA model captures the asymmetric
relationship between negative shocks and variaRoer{, 2005> When y =0 and <0,

innovations in conditional variance are positiveegative) when returns are negative
(positive) (Nelson, 1991 his addresses the criticism pertaining to the ARgId GARCH

models that only the magnitude of return innovaticand not the sign is considered.

Furthermore, as there are no inequality constrajfitscan be either positive or negative and

thus permit cycling and oscillatory behaviour.

Nelson (1991) applies the EGARCH model to inveséigie risk-return relationship, the
asymmetric relationship between positive and negatturns and conditional variance, the
persistence of shocks to volatility, the presencketokurtosis in returns and the impact of
non-trading days upon the conditional variance. fétarn data employed is for the CRSP
value-weighted market index over the July 1962 ézd@nber 1987 period.The conditional
mean equation incorporates the conditional variamzkan endogenous factor in the form of

1 The two components og(z[), Bz and M|z |-E| z |], are assumed to have a mean of zerozli

symmetrically distributed, then these two composeare orthogonal.g(zt) is linear in Z, over the range
0<Zz <o with a slope of@+ y and with a slope off — jover the range— oo < z, < 0. According to
Nelson (1991), this allowg(zt) to respond asymmetrically to stock price movements

92 Nelson (1991) performs a parallel analysis usirgpital gain series, which ignores dividends dskless
interest rates. Results are almost identical.
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lagged excess returii$.Results indicate that the coefficient of relatilisk aversion is
negative and statistically insignificant. More innfamtly however, the relationship between
returns and volatility is found to be asymmetré;is negative and statistically significant
implying that volatility increases (decreases) wheturns are negative (positiv¥).This
provides empirical support for the EGARCH model gegjing that the model captures the
leverage effect. Although, volatility shocks apptabe persistent, Nelson (1991) warns that
this result must be interpreted with caution owitagthe limited length of the dataset.
Nevertheless, these findings suggest that the EGAR®del captures the persistence of
shocksin addition to the asymmetric relationship between returns waoldtility. Nelson
(1991) also finds that the conditional distributiohthe residual terms has thicker tails than
that implied by the normal distribution suggestihgt the EGARCH model is able to capture
the characteristics of the return distribution eattvell. Finally, non-trading days are found to
contribute less than a fifth to daily volatility.eléon’s (1991) application of the EGARCH
model to return data demonstrates the usefulnedspplicability of the model; the model
captures the asymmetric relationship between retama volatility, volatility persistence and

the properties of the return distribution.

6.3.6. Extensions

The ARCH, GARCH, their in-mean extensions, the IG@¥Rand EGARCH models are
considered to be the better known and widely use@€A/GARCH specifications. However,
a (rather large) number of other models also fegpuominently in the literaturg.

Engle and Lee (1999) propose the Component GARCBARCH) model which captures
both long-run and short-run volatility. The modermits a slow mean reverting component
of conditional variance and a more volatile shari-component. By making a distinction
between the short-run and long-run components lattility, the CGARCH model provides a
better description of volatility dynamics relatiteethe GARCH model (Guo & Neely, 2008).
The Fractionally Integrated GARCH (FIGARCH) modéBaillie, Bollerslev and Mikkelsen
(1996) captures long-run dynamic relationships emditional variance and is seen as an
extension of the IGARCH model. Under the FIGARCHd®mloshocks eventually die out;
although, the impact of shocks decays at a hypiertaold not exponential rate (Mills &

% This is to correct for serial correlation indudsddiscontinuous trading in stocks which constithie index.
% Nelson (1991) reports tha& = -0.118and is highly significant for CRSP excess returns.
% For an extensive glossary of ARCH and GARCH modetsBollerslev (2008).
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Markellos, 2008). The model introduces the fraclomtegration parameterd, which
measures the persistence of shocks and permitstenmediate range of persistence in the
model (McMillan & Ruiz, 2009; Kangt al, 2009).

The GJR-GARCH model proposed by Glosten, Jagannatina Runkle (1993) assumes
different GARCH specifications for negative and ipee shocks. This allows the model to
captures the leverage effect (Kirchgassner & Welt&007; Bollerslev, 2008). Zakoian
(1994) introduces the Threshold GARCH (TGARCH) mpdeother asymmetric extension
to the GARCH framework. Bollerslev (2008) stateattthe TGARCH model is closely
related to the GJR-GARCH model. In this model, domditional standard deviationis a
function of the (untransformed) positive and negattomponents of the residual term and
the conditional standard deviation. By modelling ttonditional standard deviation, non-
negativity constraints are not necessary in thenifieihns of model parameters (Zakoian,
1994). Unlike the EGARCH model, the TGARCH modelrrpigs additive modelling,
different orders to yield opposite contributionsdaa linear equation. Dingt al (1993)
propose a more flexible and general specificati@t encompasses seven other models. The
Asymmetric Power ARCH (A-PARCH) model incorporatdssolute residuals, which capture
the long memory property of stock returns and inegos Box-Cox power transformation of
the standard deviation and asymmetric absoluteluals allowing a linearization of non-
linear models. The model is generalizable into heCH, GARCH, GJR-GARCH,
TGARCH, non-linear ARCH (NARCH) and log-ARCH models

Whereas the abovementioned models aim to captéfieratit characteristics of returns and
volatility, a number of models make specific asstians relating to the distribution of the
residual terms. Examples of these are Bollerslé¢l@87) GARCH-t model which assumes
residuals follow a Student'sdistribution instead of a normal distribution ahlson’s
(1991) GED-GARCH which assumes that the residudlevif a generalized error distribution
(GED) (Bollerslev, 2008). Finally, there are thginee switching models which aim to model
the effects of extreme political and economic esempon financial time series (Xiao &
Aydemir, 2007). An example of such a model is thgime Switching ARCH (SWARCH)
model of Hamilton and Susmel (1994). The developgneénhis model is motivated by the
poor forecasting performance resulting from strradtehanges in the ARCH process. The
model treats changes in the regime as change® ipatameters and the scale of the ARCH

process (Hamilton & Susmel, 1994).
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6.4. Applications of ARCH and GARCH models

6.4.1. Forecasting volatility

Xiao and Aydemir (2007) state that volatility foests are important for financial markets
and have received considerable attention in redecéades. ARCH and GARCH models, by
assigning optimal weights to parameters, make ssjide to obtain forecasts that are closest
to the volatility or variance for the next periddngle, 2004). Akgiray (1989) makes use of
the ARCH/GARCH framework to forecast volatility. Is argued that the predictive
capabilities of the ARCH/GARCH framework are eviderof its usefulness and applicability
to stock returns. To evaluate predictive capabsitivolatility forecasts are compared against
those of the Historical Average (HIS) model and Exponentially Weighted Moving
Average (EWMA) forecast. Akgiray (1989) reports tththe ARCH and GARCH
specifications employed vyield superior forecasts nodnthly volatility relative to the
benchmark HIS and EWMA models and capture volgtispikes not captured by the
benchmarks. A visual comparison of actual volgtiind volatility predicted by the ARCH
and GARCH specifications, indicates that these nsodsalistically model the time series
behaviour of volatility’® By Akgiray’s (1989) own criteria, the predictivamabilities of the
ARCH and GARCH models are evidence of the applitglaf the models and point towards
the ARCH/GARCH framework’s usefulness and appliligbin forecasting volatility.

6.4.2. Investigating the risk-return relationship

The importance of the ARCH/GARCH framework is palyi attributable to the direct
association of variance and risk, and the riskrretalationship. The ARCH-M and GARCH-
M class of models greatly simplifies the studyloé price of risk and risk-return relationships
(Bollerslev et al, 1992; Engle, 2004). French, Schwert and Stantbdt§87) investigate
whether daily returns on the S&P Composite Indeardlie January 1928 to December 1984
period are positively related to risk as measungdhle volatility of returns on the index. A
GARCH-M model is used to estimate the relationdbgween returns and volatility, and
Frenchet al (1987) find a statistically significant and posgt relationship between returns
on US common stocks and predicted volatility. Ch@i988: 280) states that the
ARCH/GARCH framework is considered to be an “effeetool” in modelling the behaviour

of economic time series and especially financiatkeiadata. A GARCH-M model is applied

% This finding is confirmed by the mean error (ME)pt mean square error (RMSE), mean absolute error
(MAE) and the mean absolute percentage error (MAgR&)stical loss functions. These results are igdizable
to the sub-periods.
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to study the relationship between volatility andrkef movements with changing risk

measured by volatility. It is acknowledged that itlvenean extensions of the ARCH/GARCH

framework present a link between the conditionahmand the volatility. Using return data

for the NYSE value-weighted index over the ApriB8%o March 1991 period, Chou (1988)

finds a positive risk-return relationship as indéxhby a positive and statistically significant

coefficient of relative risk aversion. The autheatss that this confirms the existence of a
changing risk premium in the US. By linking the ddional variance and the conditional

mean and estimating model parameters simultaneoARZH-M and GARCH-M models

provide a simplified approach to investigating tis&-return relationship.

6.4.3. Modelling the return generating process

Roll (1992) applies the ARCH/GARCH framework intady of the time series behaviour of
twenty-four national market indicEsin response to global industry influences and erge
rate movements over the April 1988 to March 199dioge The model employed to study
market behaviour is initially estimated using th® methodology and then as a GARCH
specification. The use of a GARCH specificatiomigtivated by the presence of the ARCH
effect in the majority of indices in the sample dhd presence of leptokurtosis in almost all
indices. Roll (1992) argues that the presence tdrbscedasticity and leptokurtosis can lead
to incorrect inferences as a result of biased andnsistent standard errors in LS regression.
The ARCH/GARCH framework is deemed to address tipgeblems. Results indicate that
the explanatory power of the GARCH(1,1) model imparable to that of the LS model and
more importantly, global industry influences andcleange rate movements continue to
explain a significant amount of the variation ituras. Even though the GARCH(1,1) model
does not show an improvement over the LS methogologerms of explanatory power,
Roll’'s (1992) application of the model suggestd the ARCH/GARCH framework may be
applied as a more robust model estimation methggoldt also suggests that the
ARCH/GARCH framework can be applied as a robustraess adequacy check on model
specifications and results.

In a similar vein, Sadorsky and Henriques (200Jphaphe ARCH/GARCH framework in

their study of the return generating process ugawylthe Canadian paper and forest

" Australia, Austria, Belgium, Canada, Denmark, &, France, Germany, Hong Kong, Ireland, Italpada
Malaysia, Mexico, Netherlands, New Zealand, Norw@&iyngapore, South Africa, Spain, Sweden, Switzeklan
the UK and US.
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products industry over the January 1971 to Janii@®@ period. Using the LS methodology,
monthly excess returns on the Canadian paper arebtfgroducts industry index are
regressed onto excess market returns, an exchateéctor, the growth rate in commodity
prices and the term structure. Although, the mogkdvides a relatively good fit by
explaining more than half of the variation in exxesturns, diagnostic tests revealed that
ARCH effects are present in the residuals sugggstiat the LS coefficient estimates are
inefficient. Motivated by the turbulence of the gdenperiod and the presence of ARCH
effects in LS residuals, Sadorsky and HenriquesOXR0Ore-estimate the model as a
GARCH(1,1) model. Results suggest that market msttand commodity prices have a
positive and statistically significant impact upgeturns whereas changes in the exchange
rate have a negative and statistically significampact upon returns. Whereas results are
consistent across the LS and GARCH(1,1) methodefpgdiagnostic tests indicate that
ARCH effects are no longer present in the residohthe GARCH(1,1) model. This implies
that the potential for misleading inferences isigatied by the ARCH/GARCH framework
and that the framework is appropriate for the miawebf returns on the Canadian paper and
forest products industry index (Sadorsky & Henrg|uz001).

Similarly to Roll (1992), Sadorsky and Henrique8(2) demonstrate the applicability of the
ARCH/GARCH framework as an alternative to the LStmdology in modelling the return
generating process. As the ARCH/GARCH frameworkbte to model ARCH effects, the
contention that the ARCH/GARCH methodology is a enoappropriate estimation
methodology for models of returns finds further gogh. Together, Roll's (1992) and
Sadorsky and Henriques’ (2001) studies suggestARE€EH/GARCH framework is an

attractive and robust alternative econometric fraor&.

6.4.4. Modelling the return generating process aondditional variance

The ARCH/GARCH framework permits variation both the mean and variance to be
investigated simultaneously. Elyasiani and Mandi998) employ a GARCH-M model to

investigate the impact of interest rates and isterate volatility upon the returns and the
conditional variance of three size based portféfio§ commercial banks listed on the NYSE
between January 1970 and December 1992. The GARGHBNEI is favoured as it permits
more flexibility by discarding the restrictive assptions of linearity, independence and

% Designated as the Money Center, Large and Regienal portfolios.
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constant conditional variance, and also allowstlfier modelling of the interdependence of
time-varying risk and returns. Reflecting the ieftice of the APT framework, Elyasiani and
Mansur (1998: 544) refer to the proposed time sesgecification as a “two-factor APT
model” with the interest rate changes and condifiorariance as risk factors. In addition,
lagged excess returns on the portfolios are ingatpd into the mean equation. In the
conditional variance equation, dummy factors aredut capture the impact of shifts in
volatility arising from changes in the monetaryipplregime over the sample period. The
conditional interest rate volatility is also incorpated as an exogenous factor into the
conditional variance equation. Results indicatet tiieere is anegative and statistically
significant trade-off between volatility and retarfor all portfolio§® and that the impact of
monetary policy shifts upon volatility is statigtlty significant for two portfolios.
Fluctuations in the interest rate have a statiyicagnificant and negative impact upon the
returns on two portfolios and interest rate volkgtihas a negative and statistically significant
impact upon the volatility of two portfolios. Elyasi and Mansur's (1998) approach
illustrates the application of the ARCH/GARCH franmk in a simultaneous study of the
return generating process underlying retandthe conditional variance process. Not only is
the impact of quantitative factors upon volatilitpnsidered within the ARCH/GARCH

framework, but so is the impact of qualitative @astin the form of monetary policy shifts.

Aga and Kocaman (2006) investigate the impact ahgles in the inflation rate and industrial
production upon the returns and the volatility of iadex of Turkish stock&” using an
EGARCH(1,1) model. The application of the EGARCHdabis motivated by the GARCH
model’s inability to account for the asymmetricatednship between returns and volatility.
Lagged changes in industrial production and irdlatare incorporated as explanatory factors
in boththe mean and the conditional variance equatioasulss indicate that the relationship
between returns and changes in inflation and im@disproduction is negative but not
statistically significant. The same holds for cdimtal variance; coefficients on both factors
are negative and statistically insignificant. Tlegggests that these two factors do not
influence the returnsand volatility of Turkish stocks. The EGARCH(1,1) cotidnal
variance specification, however, indicates thatrdiationship between returns and volatility

is asymmetric. Similarly to Elyasiani and Mansu®48), Aga and Kocaman (2006) employ

% The negative sign on the coefficient of relativek raversion is attributed to investors’ risk prefeces
(Elyasiani & Mansur, 1998).

1% The sample consists of 20 stocks with the higtrasing volume and full price sequences over eaetr for
the January 1986 to November 2005 period.
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the ARCH/GARCH framework to investigate the retgenerating process and conditional

variance simultaneously.

6.4.5. Further applications

The ARCH/GARCH framework is flexible enough to pérthe study of a range of financial
phenomena associated with the behaviour of stdckn® and volatility. McMillan and Ruiz
(2009) employ the ARCH/GARCH framework to study thersistence and long memory
properties of volatility in ten national stock matkindices over the January 1990 to
December 2005 period* The persistence and the long memory property caedsily
guantified within the framework; the sum of the AR@nd GARCH coefficientsg + 53,

indicates whether shocks are persistent. The authod that in four of the markets
considered (Canada, Italy, Singapore and the W) hiypothesis that the parameters of a
GARCH(1,1) model are jointly equal to one cannotrbgcted suggesting that shocks to
volatility never die out and therefore exhibit mfe persistence. For the remaining six
markets, the hypothesis of ARCH and GARCH paramsgtently equalling one is rejected;
although, their sum is over 0.98 indicating thalatibty is characterized by long memory.
McMillan and Ruiz (2009) suggest that the IGARCHdmlbcan further simplify this analysis
and that the GARCH specification employed confirims widely recognized long memory
property of volatility. The authors’ approach derswwates how the ARCH/GARCH
framework simplifies the analysis of the behaviotivolatility.

Kiymaz and Berument (2003) employ the ARCH/GARCHhiework to investigate the day
of the week effect in returremd volatility using return data for five national rkats over the
January 1988 to June 2002 pertddlt is hypothesized that patterns in volatilityleet the
arrival of both public and private information atttht these arrivals are tied to increased
volatility. The choice of the econometric framewaskmotivated by the inability of the LS
methodology to capture heteroscedasticity and #&cisnowledged that the ARCH/GARCH
framework permits a simultaneous study of the dayhe week effect in returns and
volatility. Results suggest that there is a statdly significant day of the week effect in
returns for three of the five markets (Japan, Caraut the United Kingdom), with returns

being significantly lower on Monday relative tougts for other days. The day of the week

191 canada, France, Germany, Hong Kong, Italy, Jamgapore, Spain, the UK and US.
192 The TSE-Composite (Canada), DAX (Germany), thekBiie25 (Japan), the NYSE-Composite (NYSE) and
the FT-100 (UK).
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effect in return volatility is far more pronounceatlatility differs across the days of the week
for each of the five markets considered and thisoigfirmed by log-likelihood ratio test&®

Kiymaz and Berument (2003) conclude that the dayhefweek effect is present in both
returns (although, not for all markets in the sahpind volatility (see section 5.2.3 & 5.3.1).
Based upon a finding that volatility is highest Brndays for two markets (Canada and the

US), the public information release hypothesisasrefuted.

Bollerslev et al (1992) state that in assessing abnormal returnsvent studies, it is
necessary to correctly estimate standard errort savoid misleading inferences. This is
especially important in the presence of time-vagywariance and the ARCH/GARCH
framework provides a systematic approach to dealtiy time-varying variance. Corhay and
Rad (1996) show that accounting for ARCH effectsthe single-factor (market) model
affects parameter coefficient estimates, whichltgeso different conclusions regarding the
economic significance of disinvestitur®8.The data sample used in the study consists of
Dutch firms that have undertaken disinvestituresrate January 1989 to December 1993
period. The CBS General Index is used as a praxthBomarket index. Abnormal returns are
obtained from the single-factor model estimatechgisihe LS methodology assuming a
constant variance and then from an ARCH-correctediah based upon a GARCH(1,1)
specification:’® Corhay and Rad (1996) find that under the LS madittelre are statistically
significant cumulative abnormal returns around #aeent (disinvestiture) period. This
however is not the case under the ARCH effect ctetesingle-factor model — cumulative
abnormal returns are statistically insignificanheTobserved contradiction is attributed to the
inefficiency of thea and ,@ estimates arising from a failure to consider AREffects,
which are present in the LS residuals. The autborsnto to state that even if the conditional
variance is of no interest to the researcher, maxiniikelihood should be used to obtain
more efficient estimates of regression paramet€mhay and Rad (1996) conclude that
failing to adjust for ARCH effects may result inetkvrong conclusion being reached as a
result of LS inefficiency. The robustness and stathl adequacy of the ARCH/GARCH
framework is demonstrated in this study.

193 Note that as with prior findings, the non-statidtyain variance is far more pronounced than the-no
stationarity in the mean.

104 Disinvestiture (alternatively divesture) refershe disposal of assets by a firm.

% A =R, -a - /R, Abnormal returns,A, , are obtained by subtracting returns predictedhieymodel
from actual returnsR, . R, is the return on the market index wheredsand 3 are the parameters of the

single-factor model.
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6.5. Limitations of ARCH and GARCH models
Although, the ARCH and GARCH framework appearsdalilexible, robust and widely
applicable econometric framework for the studytotk return behaviouwand volatility, it is

not without limitations-°

Within the ARCH/GARCH framework, conditional variamis modelled as a “by-product” of
the return generating process, which implies thatARCH/GARCH framework is somewhat
restrictive and less responsive to changes in iiblatdynamics relative to other
methodologies, such as the HIS md¥etlass. Furthermore, this also implies that well-
specified models of the return generating processequired to model or forecast volatility
accurately (see Poon & Granger, 2005). Poon anadera(2005) survey literature on the
(forecast) accuracy of ARCH and GARCH models iatieh to simpler volatility models in
the form of HIS models, Stochastic Volatility (SWodels and the Implied Standard
Deviation (ISD) model. A (narrow) majority of stedi comparing HIS, and ARCH and
GARCH models indicate that HIS models outperformG&Rand GARCH models. However,
the ISD model decisively outperforms ARCH and GARG@iddels. These findings suggest
that there are other frameworks that are more appte than the ARCH/GARCH
framework. This is especially pertinent if the matand properties of variance affect the

estimation of return generating process speciboati

Nwogugu (2006) suggests that ARCH and GARCH modeks inaccurate when an
inappropriate assumption relating to the conditiodastribution is made. Baillie and
DeGennaro (1990) suggest that a failure to captugeleptokurtosis in stock returns may
result in misleading inferences relating to th&-risturn relationship posited by asset pricing
theory (see section 3.2, 3.3 & 5.2.1). The autlstase the ARCH/GARCH framework (by
default) assumes a conditional normal distributidowever, this may be inappropriate as
typically return data exhibits high levels of lektotosis. Using return data on the value-
weighted CRSP index over the January 1970 to Deeenm®87 period, GARCH-M

specifications are estimated, first assuming a itmél normal distribution and then a

1% Eor a comprehensive critique of ARCH/GARCH modisl other volatility models, see Nwogogu (2006).
197 Historical Volatility models do not require retummformation and therefore, are less restrictivel amre
responsive to changing volatility dynamics. Thiassl of models includes the Random Walk, Moving Ager
Exponentially Weighted Moving Average and AR modé&leon & Granger, 2005).
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Student'st distribution. Results indicate that for two mod&svhere conditional normality is
assumed, the conditional variance and standardati@vi parameters are statistically
significant. This result does not hold under theuasption of a conditional Studentts
distribution as implied by statistically insignifint coefficients of relative risk aversion in the
mean equation. As excess sample kurtosis is atatestiggested by conditional normality,
Baillie and DeGennaro (1990) state that the comadti normality assumption is
inappropriate. Furthermore, Nwogugu (2006) state #ithough a specific distribution or
mixtures of distributions may be assumed (as deeapedopriate), these will provide only a
rough approximation. This, together with BailliedaDeGennaro’s (1990) findings, suggests
that the ARCH/GARCH framework is susceptible todaraing spurious results stemming
from its dependence uporcarrectly specified distribution.

The estimation and fitting of ARCH and GARCH modisigurther complicated by the need
to impose the number of ARCH and GARCH terms, wigchften done in aad hocmanner
(Xiao & Aydemir, 2007). For example, Bollerslev 88 in fitting an ARCH model to the
growth rate of the GNP deflator settles for an AR@H specification while acknowledging
this is a rathead hocstructure motivated by the long memory propertythef conditional
variance. Akgiray (1989) is faced with the samebprm when fitting an ARCH model to
returns on the CRSP value-weighted index. This thtiin extends to the GARCH
specification with various combinations @aindq being tested by Akgiray (1989) until there
are no improvements in likelihood-ratio tests measuthe goodness-of-fi® This suggests
that specifying the order of parameters in ARCH @&&XRCH models is not straightforward
and the same can be said about the choice of frem@mpate conditional distribution (Tsay,
2002). Such limitations make model estimation witthe ARCH/GARCH framework more

complicated relative to estimation by the LS metiiogy.

Stocks prices are assumed to reflect the expeateiitability of a firm, which changes
whenever there is an arrival of new information #melmarket is uncertain about the value of
a given stock. The process of price discovery léadgward and downward revisions of the

price and this results in volatility clusteringraarket participants are uncertain about the true

198 Four models are first estimated with assumed ¢iomail normality. A conditional Studenttsdistribution is
assumed for the next four models. The GARCH-M djmations incorporate different transformationstioé
conditional variance in the mean equation.

109 Akgiray (1989) fits models witpp = 1, 2, 3, 4 and 5 amgi= 1, 2 and 3 to determine the best fitting model.
This yields 15 possible GARCH specifications. Thestlfitting specification is found to be the GARCH1)
model.
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value of a given security (Engle, 2004; Engteal, 2008). Engleet al. (2008) suggest that
ARCH and GARCH models describe the evolution of thihcertainty by measuring the
intensity of the news process. According to Nwogyg006), this suggests that the major
causes of volatility are arrivals of new informatiand trading intensity. However, this
assumption ignores a number of important factorshsas information processing
capabilities, different values attached to inforimratby participants, cognition, perception,
the cost and availability of capital, and tradevdlingness to accept losses. If this is the case,
then ARCH and GARCH models only describe volatipgrtially as the above factors are not
taken into consideration. Furthermore, this implikat the conditional variance equation
needsto incorporate exogenous factors to provide arurate description of volatility. In
light of this, the ARCH/GARCH framework is a menenplification of the problem. This
simplification is further compounded by the assumpthat the coefficients on ARCH and
GARCH parameters are sufficient for modelling retwolatility. These coefficients are
derived from regressions and therefore, highly itgasto the selection period and dataset
under consideration (Nwogugu, 2006). These argwnsuggest that the ARCH/GARCH
framework is based upon a number of assumptiortsatieaeither incorrect or oversimplify

the nature of volatility.

Finally, a number of limitations relating to conti@mal ARCH and GARCH models must be
noted. The standard ARCH model may at times recaigreat number of parameters to
describe the volatility process of stock returnsalf, 2002). For example, Tsay (2002)
reports that an ARCH(9) models is required to dbscthe volatility of returns on the S&P
500 Index. If the ARCH model does indeed requirehsal long lag structure, then it may be
considered as unparsimonious and computationalidemsome. Furthermore, the ARCH

model is restrictive; the ARCH parameter in the AR@odel must lie within the interval
1 . - . . .
[0,5] for the series to possess a finite fourth mamehis constraint becomes problematic

for ARCH models of high order. Both the ARCH and B@H models share a common
drawback in that under both models, the conditiaailance responds equally to positive and
negative shocks (Tsay, 2002). The failure of thesmlels to capture asymmetry is the
motivation behind a number of asymmetric modeldably those of Nelson (1991) and
Zakoian (1994). Moreover, a large number of otheydets addresses these and other
limitations of the conventional ARCH and GARCH mizjdollerslev (2008) in his glossary
of ARCH and GARCH models lists over 100 models.haitgh, this multitude of models
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demonstrates the flexibility of the ARCH/GARCH framork, it can also be seen as a
limitation. Selecting the optimal model that be#t fthe data out of all the available
alternatives introduces a degree of uncertaintiykety to be time consuming (given the large
number of variants) and also computationally busdeme. This is likely to force the

practitioner to settle for an abstraction in thenfoof an ARCH or GARCH model or an

immediate extension. Therefore, while the mulegtuesf ARCH and GARCH models can

accommodate the various characteristics of retamksvolatility discussed in Chapter 5, the
application of these models is complicated andmi@ky restricted in practice.

6.6. Conclusion

Engle (2004) attributes the popularity of ARCH/GARGnodels to their wide range of

applications in finance. ARCH/GARCH models are deed to capture unpredictability,

excess kurtosis, fat-tails and volatility clustgrinbserved in stock returns (section 5.2.1,
5.2.2 & 5.3.1). A wide number of generalizationptoae different aspects of returns and
volatility, such as asymmetry (section 5.3.3 & 5)3and long memory (section 5.3.2 &

6.3.2), making the ARCH/GARCH framework an attraetalternative to the LS econometric
framework. The suitability and flexibility of theadmework is evident from the wide range of
applications in the literature. These include fasing volatility (section 6.4.1), modelling

the risk-return relationship (section 6.4.2), imgeting the conditional variance and

determinants thereof (section 6.4.4), investigaiagsonalities in returns and volatility, and
application in event studies (section 6.4.5). Mionportantly, this study seeks to investigate
the return generating process of South Africanksteturns within the APT framework (see

Chapter 2 & 3; section 6.4.3 & 6.4.4). The ARCH/GAR framework provides a robust

econometric framework within which the return gextie\g process of South African stock

returns can be investigated.

As with any econometric framework, the ARCH/GARCHarhework is subject to
limitations; ARCH and GARCH models are restricteg their dependence upon a mean
specification, may underperform in relation to sienprolatility models and may be
computationally burdensome (section 6.5). Neveedw®l it can be argued that the
ARCH/GARCH framework finds redemption in its fledity, robustness and applicability to
a multitude of financial problems. It is hoped thase favourable aspects of the framework
will contribute meaningfully to the estimation ofodels of the return generating process of

South African stock returns in light of the chaeaidtics of returns and volatility noted in
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Chapter 5. It is further hypothesized that the mptibn of the ARCH/GARCH framework
constitutes a statistically more robust approacimyestigating the return generating process

relative to studies that rely upon the LS methogglo

However, it remains to be established whether Sairilckan stock returns exhibit behaviour
that requires the application of the ARCH/GARCHniework for model estimation. This is
addressed in Chapter 7 where an analysis of thist&tal properties of South African stock
returns is conducted and the approach to moddhiegeturn generating process is outlined.
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7. PRELIMINARY ANALYSISAND METHODOLOGY

7.1. Data

The data sample consists of monthly returns onFIRBE/JSE All-Share Index (henceforth
JSE All-Share Index) and the FTSE/JSE Africa ecanaoup and industrial sector indices
over the July 1995 to March 2011 period. The datssaurced from the INET Bridge
Database and as in Van Rensburg (1996), monthetnochrdata is used. As in Berey al
(1988), total returns - returns adjusted for dimdeayments - are used. According to the
Ground Rules for the Management of the FTSE/JSEc#Afindex Series document, the
indices are designed to represent the performah8ewh African companies by measuring
the performance of major economic groupings andistréhl sectors of the South African
stock market. The economic group and industriataseadices considered in the study are

listed in Table 7.1.
Table 7.1: Economic groups and industrial sector FTSE/JSE All-Africa SeriesIndices

Economic Group Index  Industrial Sector Index

1.0il & Gas 1.1. Oil & Gas Producers
2.Basic Materials 2.1. Chemicals
2.2. Forestry & Paper
2.3. Industrial Metals
2.4. Mining
3.Industrials 3.1. Construction & Materials
3.2. General Industrials
3.3. Electronic & Electrical Equipment
3.4. Industrial Engineering
3.5. Industrial Transport
3.6. Support Services
4.Consumer Goods 4.1. Automobiles & Parts
4.2. Beverages
4.3. Food Producers

5.Health Care 5.1. Health Care Equipment &Services
5.2. Pharmaceuticals & Biotechnology
6.Consumer Services 6.1. Food & Drug Retailers
6.2. General Retailers
6.3. Media
6.4. Travel & Leisure
7. Telecommunication 7.1. Fixed Line Telecommuridoet
8. Financials 8.1. Banks

8.2. Non-life Insurance

8.3. Life Insurance

8.4. General Financial

8.5. Equity Investment Instruments
9. Technology 9.1. Software & Computer Services

Notes:
1. Economic group and industrial sector classificebased upon the FTSE/JSE Global Classificatystesn.

Source: Compiled by author
The FTSE/JSE Industry Indices (economic group es)iencorporate all constituents of the

JSE All-Share Index that belong to an economic gmbereas the FTSE/JSE Sector Indices

142



(industrial sector indices) consist of all congitts of the JSE All-Share Index that belong to
a specific industrial sector. The JSE All-Shareehds representative of 99 percent of the full
market capital value of ordinary securities listedthe main board of the JSE and therefore,
the economic group and industrial sector indicesrapresentative of economic groupings

and industrial sectors constituting the overalltBdAfrican stock market.

As the sample spans the period from July 1995 tocMa011, this study traces the growth of
the economic groups and industrial sectors cotistifthe South African stock market over
this period. A plot of monthly JSE All-Share Indiexels over this period is shown in Figure
7.1:
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Figure7.1: JSE All-Share Index levels: July 1995 - March 2011

The sample period coincides with a number of sigaift events. These are the Asian
Financial Crisis (1997-1998), the bursting of tle#-dom bubble in 2000, an unprecedented
terrorist attack on the twin towers of the Worlcade Centre in New York in 2001, the sub-
prime mortgage crisis of 2008 and its aftermatlhowgng trade liberalization and the
emergence and consolidation of the economic clbtiie“Asian Tigers” in the form of India
and China.
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Formally, the returns used are continuously comgedrtotal returns - the natural logarithm

of monthly total returns over the sample periodaft 2002):

r, =InS, -In§ (7.1)

wherer, is the total return on indexat timet, and S, is the level of index at timet. Excess

110

total returns (henceforth referred to as returiig),— are obtained by subtracting the risk-

free rate, as measured by the yield on the R15@rgawent bond, from the logarithm of total

returns in equation (7.1§!

Having defined returns, Chapter 7 proceeds by imyating the statistical properties of South
African stock returns and outlining the approackdus applying the APT framework to
investigate the return generating process. To oheter whether the ARCH/GARCH
framework is appropriate for the modelling of Southrican stock returns, the statistical
properties of South African stock returns are ficsinsidered (section 7.2). The set of
candidate risk factors is then presented in secli@il. Having done so, the approach to
deriving innovations in risk factors as requiredtbg APT framework (see section 3.1.4: 52)
and selecting risk factors is outlined (sectionZ & 7.3.3). The modelling methodology is
discussed (section 7.4) prior to its applicatiorCimapter 8. A summary is provided in the

conclusion (section 7.5).

7.2. Preliminary analysis of statistical properties

Preliminary analysis is conducted on each returiesdo investigate the properties of the
first two moments of the distributioand to determinghe appropriateness of the proposed
ARCH/GARCH econometric framework (see Chapter 5)&The mean, kurtosis, skewness
and standard deviation are reported for each seri@sble 7.2. To formally test whether

each series conforms to the normality assumptienti(a 5.2.1), the Jarque-Bera (JB) test
which assumes that a normal distribution is charaatd by a skewness (S) coefficient of

zero and a kurtosis (K) coefficient of three is legapto test the joint hypothesis that S = 0

110 preliminary analysis of the statistical properiéshe return series and volatility suggests tigihg excess
returns and returns does not alter results.

11 Nel (2011) states that although a number of pogiEn be used for the risk-free rate, the most lwidsed
proxy in academia is the R157 government bond. fihding is based upon a survey of twelve Southo&fn
universities. Whereas the appropriateness of #iefree rate proxy can be debated, it is beyondstope of
this study.
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and K = 3 (Cryer & Chan, 2008). As outliers areelikto bias normality tests towards a
rejection of the normality assumption, box plots ased to identify outliers and far (extreme)
outliers are excluded (Hodge & Austin, 2004; Po2@05; Agung, 2009). Near outliers are
not excluded as these may be the result of vdiatdiustering and not unusual events
(Galpin, 2009). A rejection of the null hypothesigplies that a return series is not normally
distributed (Gujarati, 2003).

The results in Table 7.2 indicate widespread depsst from normality in the form of
skewness and excess kurtosis. Although, returnthenJSE All-Share Index appear to be
normally distributed (surprisingly)* almost all economic group and industrial sectourre
series show a level of kurtosis that is in excdghat expected under a normal distribution.
This suggests that return distributions are chareed by peakedness and fat-tails. For the
economic group indices, the average level of kistes 3.627. Only for the consumer
services economic group is the level of kurtosidenr3. The same holds for the industrial
sector indices. The average level of kurtosis 3, although there are two exceptions;
namely, the support services and food producersisindl sectors for which kurtosis
coefficients are under 3. While excess kurtosisosof a large magnitude, it is evident that

returns on series constituting the sample are cteraed by leptokurtosis.

H12\When outliers are not excluded, returns on the AiBBhare Index are highly skewed and leptokurtic.
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Table 7.2: Distributional properties

Obs. Mean Std Dev Skewness Kurtosis JB Test Statistic
JSE All-Share I ndex 188 -0.003 0.024 -0.259 2.881 2.210
Economic Group Index
1. Oil & Gas 189 -0.003 0.035 -0.115 3.374 1.513
2. Basic Materials 188 -0.005 0.033 -0.604 3.894 17.706%**
3. Industrials 188 -0.003 0.026 -0.427 3.421 7.090**
4. Consumer Goods 188 -0.002 0.029 -0.420 4113 15.234***
5. Health Care 188 -0.003 0.027 -0.314 3.320 3.881
6. Consumer Services 188 -0.003 0.028 -0.422 2.962 5.604**
7. Telecommunication 188 -0.001 0.040 0.021 4.085 9.241%**
8. Financials 188 -0.003 0.025 0.097 3.323 1.113
9. Technology 187 -0.004 0.046 -0.614 4.147 21.981***
Industrial Sector Index
1.1: Oil & Gas Producers 189 -0.002 0.042 -0.167 3.773 5.591*
2.1: Chemicals 189 -0.004 0.029 -0.416 3.722 9.564***
2.2. Forestry & Paper 187 -0.008 0.046 -0.043 3.455 1.668
2.3: Industrial Metals 188 -0.001 0.049 -0.133 4.338 14,581 ***
2.4: Mining 189 -0.003 0.036 -0.216 3.608 4.377
3.1: Const & Materials 189 -0.006 0.037 -0.697 4.065 24.247***
3.2: General Industrials 188 -0.002 0.027 -0.378 3.438 5.981*
3.3: E & E Equipment 188 -0.004 0.031 -0.634 4.300 25.843***
3.4: Industrial Engineering 186 -0.003 0.030 -0.441 3.817 11.197***
3.5: Industrial Transport 188 -0.006 0.031 -0.193 3.403 2.446
3.6: Support Services 188 -0.005 0.027 -0.412 2.949 5.335*
4.1: Automobiles & Parts 188 -0.010 0.042 -0.273 3.688 6.053**
4.2: Beverages 188 -0.004 0.030 -0.290 3.666 6.104**
4.3: Food Producers 187 -0.003 0.023 0.036 2.991 0.041
5.1: Health Care E & S. 188 -0.001 0.034 -0.027 3.664 3.479
5.2: Pharma & Biotech. 189 -0.002 0.037 -0.026 4.561 19.223***
6.1: Food & Drug Retailers 189 -0.001 0.034 -0.488 4.779 32.409***
6.2: General Retailers 188 -0.003 0.034 -0.373 3.194 4.654*
6.3: Media 187 -0.001 0.043 -0.741 4.406 32.509***
6.4. Travel & Leisure 188 -0.006 0.030 -0.517 4.356 22.798***
7.1: Fixed Line Telecom. 188 -0.004 0.046 -0.132 4.194 11.720%**
8.1: Banks 188 -0.002 0.031 0.262 3.207 2.492
8.2: Non-life Insurance 188 -0.002 0.028 -0.202 3.580 3.908
8.3: Life Insurance 188 -0.005 0.029 -0.171 3.332 1.777
8.4: General Financial 188 -0.002 0.032 -0.132 3.493 2.451
8.5: Equity Investment Inst. 188 -0.004 0.025 0.118 3.646 3.703
9.1: Soft & Comp Services 187 -0.003 0.049 -0.585 4.039 19.078***
Notes:

1. ** Indicates statistical significance at theércent level of significance. ** Indicates statiat significance at
the 5 percent level of significance. * Indicateatistical significance at the 10 percent levelighgicance.
2. Obs. refers to the number of observations. Nusmbelow 189 indicate that outliers have been @uhitt

Source: Compiled by author
Xiao and Aydemir (2007), and Engle and Patton (2@@&te that it is common to find that

levels of kurtosis in financial return series alm®we 3. These findings attest to that. The
presence of widespread leptokurtosis suggeststhiravariance is non-stationary (Akgiray,
1989). Return distributions are also asymmetri@ #verage level of skewness for the
economic group and industrial sector return serges0.311 and -0.260 respectively,
suggesting that negatively skewed distributions raoge prevalent than positively skewed

distributions. Nevertheless, isolated instancepaditive skewness are observed for returns
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on the telecommunication and financials economazigrindices and for the food producers,

banks and equity investment instruments indussgator indices.

In contrast to the findings of Simkowitz and Bead{@980:10) who state that “securities
display a habitual tendency to positive skewnesg|irns on South African economic group
and industrial sector indices display a habituablésmcy towards negative skewness. Based
upon the JB test, the null hypothesis of normaistributed returns is rejected for six out of
the nine economic group indices and for seventegrobthe twenty-seven industrial sector
indices. Departures from normality in the form atess kurtosis, skewness or both are also

observed for series where the null hypothesis isejected-*®

To investigate the assumption of (statistical) peledence (section 5.2.2), the approach of
Fama (1965) and Campbadt al (1997) is adopted in the form of the serial datren

model:

- cov(R.R,) (7.2)
var(R,)

where p, is the serial correlation coefficiert,is the lag order an, is the return on series

at timet. Serial correlation coefficients not only providesight into whether the assumption
of independence holds, but also reveal the magminfddependence (Fama, 196bhe
assumption of independence is further investigatdg Ljung-BoxQ-statistics (henceforth
Q-statistics). Unlike serial correlation coefficisntwhich indicate the level of serial
correlation at individual lags, th@-statistic indicates whether serial correlationftoents

up to a certain order ajeintly equal to zero (Gujarati, 2003). TQestatistic is denoted by:

LB = n(n+2)i(ﬁj (7.3)

131t must however be emphasized that departures frommality are far more pronounced and are undedta
due to the exclusion of outliers in Table 7.2. Rdrief discussion of how outliers affect measurfekurtosis
and skewness, see Poon (2005).
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wheren is the sample size amu is the lag length. Campbedit al (1997) apply theQ-
statistic'* with five and ten serial correlation orders tottegether daily, weekly and
monthly CRSP stock return indices exhibit statahc significant serial correlation and
Gujarati (2003) suggests that tQestatistic tests whether a time series is whits@oWhite
noise in the context of returns implies independeax in Akgiray (1989). On the basis of a
statistically significanQ-statistic, Akgiray (1989) rejects the null hypattseof strict white
noise for returns on the CRSP value-weighted inagleat concludes that this return series
violates the assumption of independence.

Using theQ-statistic to test whether serial coefficients jaiatly equal to zero complements
the serial correlation model; while individual cglation coefficients may be statistically
significant, jointly they may be equal to zero sesfing a negligible level of dependence (see
Fama, 1965). An analysis of the serial correlastmucture of stock returns also provides
preliminary insight into the validity of the assutigm of identically distributed returns; if a
time series is white noise, then the series is Imdidtely stationary (Gujarati, 2003).
However, the more formal Augmented Dickey-FulleD@ unit root test is employed to test
the stationarity of each series. The ADF test isedaupon the following specification:

AY, =/%+ﬂ2t+5Y_1+ianY_r+a (7.4)

where A, is the dependent factar,is the time trend and represents the lag order. Lagged

m
differenced factorsz aAY,_, , are incorporated into the regression model taenthat the
i=1

residuals,&,, are serially uncorrelated. The null hypothesisoof Oimplies that the series
has a unit root and is therefore, non-stationaryejaction of the null hypothesis implies that
the series is stationary (Gujarati, 2003). Whileimes are most likely to be stationary in the
mean, results of the ADF test for returns are rggafor comprehensiveness (see Henriques,
2001; Sadorsky & Henriques, 2001). Individual des@relation coefficients for the first five
orders are reported for each series together wighQtstatistics for the first five and ten
orders.

114 Campbellet al (1997) apply the Box-Pierd@-statistic (see Box & Pierce, 1970). The Ljung-Bsstatistic
is applied in this study as it is considered tstadistically more powerful (Gujarati, 2003).
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Table 7.3: Serial correlation structure and ADF test statistics

) P, Ps Ps ps QO Q@0  ADFTest
JSE All-Share Index 0.007 0.020 0.116 -0.049 -0.109 5.522 9.538 54B**
Economic Group Index
1. Oil & Gas -0.056 0.035 0.185*  -0.037 -0.085 9.154 14.707 -14.424%=
2. Basic Materials 0.053 0.031 0.113 0.006 -0.038 3.500 12.543 -12.933***
3. Industrials 0.089 0.033 -0.008 -0.122 -0.011 4,700 9.742 -12.464%**=
4., Consumer Goods -0.078 0.077 0.159**  -0.117 -0.067 10.778* 21.595** -14.744%*
5. Health Care 0.101 -0.012 0.028 -0.041 0.075 3.550 10.916 -12.323%**
6. Consumer Services 0.211*  0.071 -0.031 -0.098 0.000 11.591**  17.681* -11.008***
7. Telecommunication 0.096 -0.043 0.167*  -0.042 -0.020 7.948 12.510 -12.340%***
8. Financials 0.014 -0.084 0.019 0.008 -0.058 2.125 8.5282 -13.453%**
9. Technology 0.152*  0.026 0.078 0.008 0.033 5.971 14.724 -11.706%***
Industrial Sector Index
1.1: Oil & Gas Producers -0.098 0.044 0.174*  -0.047 -0.005 8.521 12.887 -15.077***
2.1: Chemicals 0.012 -0.041 0.053 0.042 -0.034 1.455 3.158 -13.483***
2.2. Forestry & Paper 0.003 -0.142**  0.143** 0.044 -0.047 8.700 16.332* -13.597***
2.3: Industrial Metals 0.027 0.109 0.072 0.113 0.055 6.554 10.321 -13.274%=
2.4: Mining -0.006 0.060 0.126 0.005 -0.103 5.880 10.672 -13.714%=
3.1: Const & Materials 0.199**  0.074 0.025 0.015 0.087 10.303* 14.617 -11.134%*=
3.2: General Industrials 0.023 -0.008 0.010 -0.154**  -0.019 4.819 12.755 -13.331%**
3.3: E & E Equipment 0.178*  0.044 0.020 -0.138** -0.103 12.336**  24.804* -11.397%*=
3.4: Industrial Engineering 0.358** 0.199**  0.139**  0.200** 0.223** 53.562***  61.264** -9.3858***
3.5: Industrial Transport  -0.022 0.088 -0.057 0.000 0.050 2.699 6.759 -13.946***
3.6: Support Services 0.129 0.025 -0.088 -0.075 -0.034 6.134 15.420 -11.956%***
4.1: Automobiles & Parts  0.181** -0.026 -0.044 -0.080 0.197** 15.643** 29.570**  -11.293***
4.2: Beverages 0.018 -0.063 0.087 -0.153**  0.033 7.088 17.519* -13.396***
4.3: Food Producers 0.170* -0.015 0.080 -0.016 -0.059 7.540 11.099 -11.480%***
5.1: Health Care E & S 0.153*  0.008 0.072 0.079 0.106 8.964 20.796** -11.689***
5.2: Pharma & Biotech -0.044 0.017 0.047 0.014 0.013 0.942 2.350 -14.245%*=
6.1: Food & Drug Retailers -0.075 -0.026 -0.029 -0.031 -0.096 3.371 10.742 -14.725%**
6.2: General Retailers 0.261*  0.068 -0.019 -0.078 0.024 15.386*** 18.816** -10.426%***
6.3: Media 0.154*  -0.041 -0.003 -0.069 0.073 6.823 11.164 -11.652%**
6.4. Travel & Leisure 0.166**  0.002 0.016 0.006 0.059 5.979 7.734 -12.453%**
7.1: Fixed Line Telecom 0.095 -0.027 0.108 -0.044 0.011 4,565 7.134 -12.439***
8.1: Banks -0.036 -0.083 0.003 0.014 -0.100 3.584 9.479 -14.132%*=
8.2: Non-life Insurance 0.070 -0.076 -0.052 -0.046 -0.003 3.012 5.247 -12.720%**
8.3: Life Insurance 0.050 -0.051 -0.011 0.007 0.003 1.018 3.170 -12.981***
8.4: General Financial 0.057 -0.071 0.038 0.030 0.062 2.806 10.218 -12.924%*=
8.5: Equity Investment Inst -0.021 0.033 0.051 -0.070 -0.008 1.753 12.351 -13.926%***
9.1: Soft & Comp Services 0.164**  0.043 0.076 0.011 0.034 6.896 17.071* -11.559%***
Notes:

1. *** |ndicates statistical significance at thgércent level of significance. ** Indicates statiat significance at the 5 percent level
of significance. * Indicates statistical significanat the 10 percent level of significance.

2. The ADF test applied here assumes a strict rangdalk process. Lag selection is based upon the BH€ results of the ADF test
are validated by the Phillips-Perron (PP) teshaSadorsky and Henriques (2001). The PP suppatsahclusions of the ADF test
for all return series. See Table Al.1 in Appendix 1

3. Outliersnot excluded.

Source: Guled by author

Results in Table 7.3 indicate that returns on B All-Share Index are uncorrelated and the
Q-statistics for the first five and ten orders ataistically insignificant suggesting that the
assumption of independence holds for the JSE Adr&Hndex return seriéd> For the

economic group and industrial sector indices, twd ten serial correlation coefficients are

M5 This that does not mean that serial correlatioispresent in non-linear transformations of nesur
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statistically significant at the first order respeely. Although, isolated instances of
statistically significant serial correlation aresebved at higher orders, most are of a small
magnitude. The largest higher order statisticaljyificant serial correlation coefficients for
the economic group and industrial sector indicesadoserved for returns on the oil and gas

economic group index at 0.18®J) and for the industrial engineering industrialtseandex
at 0.233 (o.). The magnitude of correlation at these higheemds comparable to that found

in Poon and Taylor (1991) who consider correlabbra similar magnitude as unimportant.
The null hypothesis that the first five and tenaerorrelation coefficients are jointly equal
to zero is rejected in only two instances for tlwr®mic group return series. The null
hypothesis is rejected in five and eight instanespectively for the industrial sector return
series. In instances whef@-statistics are statistically significant, an asady of serial
correlation coefficients suggests that the respedcd-statistics may be biased upwards by
large individual serial correlation coefficieritS.The only notable exception is the industrial
engineering industrial sector where the first fimad the first ten serial correlation
coefficients are statistically significant indivially and jointly. A potential explanation for
the high levels of serial correlation observedhis tseries and in isolated instances in other
series is the presence of a common factor (Akgil®89; Poon & Taylor, 1991). These
results suggest that whiteverall the assumption of independence holds, violatidnthis
assumption occur in isolated instances. Finallgults of the ADF test suggest that the
presence of a unit root may be rejected for retomghe JSE All-Share Index, the economic
group and industrial sector indices. This impliesttthe return series constituting the sample

are stationargs expected.

If serial correlation coefficients are high andtistacally significant for an extended number
of orders, then the series is non-stationary. Thece of non-stationarity can originate from
non-stationarity in the mean or the variance ohlgeection 5.2.3 & 5.3.1; Gujarati, 2003). In
the context of stock returns, a lack of serial elation inlinear returns implies that returns
are stationary in the mean. This appears to beake given the results in Table 7.3 and this
is further supported by the rejection of the nufpbthesis of a unit root for all series.

However, a lack of serial correlation in linearurets provides little insight into the

116 For example, although the null hypothesis of jaitatistical significance of the first ten seriakrmelation
coefficients is rejected for the health care eq@ptmand services industrial sector, the largeststtally
significant serial correlation coefficients are observed &t finst and ninth orders (unreported) respectively.
Although, eight out of the ten serial correlatiavefficients are individually statistically insigigant, the null
hypothesis is rejected on the basis of two statil§i significant serial correlation coefficients.
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stationarity of the variance. An investigation bé tstationarity of the variance translates into
a simultaneous investigation of ARCH effects inures (see section 5.3.1). A model free
approach is to test whether squared returns - gydar volatility - are serially correlated
using theQ-statistic. Statistically significan@-statistics indicate that the ARCH effect is
present in the return series (Poon, 2005; Cryerh&r 2008). Cryer and Chan (2008) apply
the Q-statistic to squared returns for College Retireintegquity Funds (CREF) and find that
test statistics for an extended number of orde¥sstatistically significant suggesting that the
ARCH effect is present in the data. Engle (200%p ahakes use of this approach for returns
on a composite portfolio consisting of NASDAQ, DJligtocks and bonds. The null
hypothesis of “no ARCH effects” is rejected on thesis of statistically significant serial
correlation and th&)-statistic. As in Engle (2001), @-statistic for the first fifteen serial
correlation coefficients of squared returns is regm for each series in the sample. The
presence of ARCH effects implies that the ARCH/GAR@amework is appropriate for
modelling and analyzing the return generating meaaf South African stock returns (see
section 6.4.3; Elyasiani & Mansur, 1998). Anothesttapplied to determine whether the
ARCH/GARCH framework is appropriate is the ARCH tagge Multiplier (LM) test. In
this test, squared residuals from a LS regressienregressed on a constant and lagged
squared residual terms (Engle, 1982). The null thgss assumes that:

Hy:ay=a,=a,=..=a,=0 (7.5)

whereas the alternative hypothesis postulates that:
Ho:an2a,2a,#%2..20,#0 (7.6)

where thea s are coefficients on the lagged squared resiéualst andg denotes the order of
the lag. The null hypothesis in equation (7.5) aessithat the coefficients on the squared
residual terms are jointly equal to zero, implyitigt there are no ARCH effects in the
residuals. If this is not the case, as in equafib®), residual terms differ across time
suggesting time-varying variance. The approach makien in this study is to determine
whether the residual terms are conditionally hesegdastic. If residuals are conditionally
heteroscedastic, then it can be argued that the@uads reflect volatility clustering and time-
varying variance in returns. The conventional apphois to use an AR(1) model of returns to

generate residual terms for testing (see Akgir@g9):
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Rio=a+hR. +& (7.7)

where R, is the return on indekand timet and R,_; is the autoregressive term. Tests are

conducted to determine whether ARCH(1), (5) angd éftects are present in the residuals.
Sadorsky and Henriques (2001) rely upon this ambrda determine whether the LS or
ARCH/GARCH methodology should be applied when esating a multifactor model of

returns. A rejection of the null hypothesis implide&at ARCH effects are present in the

residual terms - ARCH errors are significant.

Another feature of volatility aside from the preserof time-variation and ARCH effects is
the asymmetric relationship between returns andtiVity - the leverage effect - which has
been cited as an explanation for negatively skewetdrn distributions (Black, 1976;
Bouchaudet al, 2001). While the causality of the effect is gimsed, the presence of
leverage effects may be established by considehagcorrelation between squared returns

representative of volatility and prior returns ¢smec 5.3.3; 113; Cont, 2001):

L(r) =corr(R{, R_,) (7.8)

where squared returns are denotedRjy returns are denoted By, and 7 is the lag order.
If the correlation functionL(r) starts from a negative value and decays to zexgative

(positive) returns result in increases (decrease®)latility.

The results in Table 7.4 show that while returnsttus JSE All-Share Index are free from
non-linear dependence, suggestive of time-varyiagamce and ARCH effects, returns on
most economic group and industrial sector indigescharacterized by some form of non-
linear dependence in returns or ARCH effects in thsiduals of the AR(1) model.
Statistically significant non-linear dependenceréturnsor statistically significant ARCH
effects in the residuals are detected in seveheohine economic groups and in sixteen of the

twenty-seven industrial sectors.
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Table 7.4: ARCH effects and the lever age effect

QZ (15) ARCH(21) ARCH(5) ARCH(10) Lev Effect
JSE All-Share I ndex 8.646 0.039 0.900 0.612 -0.029
Economic Group Index
1. Oil & Gas 33.625*** 3.680* 0.766 1.853 0.064
2. Basic Materials 54.229*** 3.069* 2.500** 3.973** -0.007
3. Industrials 25.584** 0.012 3.689*** 2.267** -0.060
4. Consumer Goods 42 717*** 0.067 4.858*** 3.767*** -0.074
5. Health Care 30.292*** 0.275 7.427** 4.137*** -0.111
6. Consumer Services 7.433 0.137 1.736 0.900 -0.095
7. Telecommunication 53.008*** 15.229%** 6.182*** 3.076*** -0.122*
8. Financials 5.598 0.047 0.886 0.502 0.000
9. Technology 32.174%** 0.337 1.927* 1.040 -0.138*
Industrial Sector Index
1.1: Oil & Gas Producers 53.459*** 5.432** 2.187* 2.758*** 0.108
2.1: Chemicals 65.286*** 5.613** 3.668*** 2.792%** -0.129*
2.2. Forestry & Paper 22.192 0.107 1.308 1.681* 0.045
2.3: Industrial Metals 5.726 0.588 0.465 0.387 -0.073
2.4: Mining 31.031*** 3.576* 0.853 2.139** -0.046
3.1: Const & Materials 28.033** 0.057 0.472 1.613 -0.143**
3.2: General Industrials 20.143 0.001 2.866** 1.735* -0.060
3.3: E & E Equipment 54.264*** 0.042 11.377*** 6.359%** -0.068
3.4: Industrial Engineering  30.419** 0.556 1.537 1.209 -0.278***
3.5: Industrial Transport 10.422 0.694 1.241 0.718 -0.053
3.6: Support Services 9.151 0.078 0.769 0.507 -0.066
4.1: Automobiles & Parts 18.504 0.175 0.774 0.744 -0.198***
4.2: Beverages 18.771 0.078 3.464*** 1.879* -0.096
4.3: Food Producers 60.667*** 1.173 11.620*** 6.160*** -0.182***
5.1: Health Care E& S 29.473*** 1.398 1.258 2.023** -0.218***
5.2: Pharma & Biotech 14.364 0.450 0.989 0.969 0.006
6.1: Food & Drug Retailers 72.928*** 0.772 8.545%** 4.946*** -0.102
6.2: General Retailers 17.015 0.361 2.293** 1.406 -0.147**
6.3: Media 20.377 1.430 1.297 1.574 -0.143**
6.4. Travel & Leisure 18.834 0.339 2.290** 1.853* -0.102
7.1: Fixed Line Telecom 43.502*** 15.357*** 4.469*** 2.492%** -0.066
8.1: Banks 9.389 0.228 1.642 0.842 -0.017
8.2: Non-life Insurance 10.627 0.054 1.476 0.858 -0.054
8.3: Life Insurance 10.031 0.092 1.416 0.824 -0.054
8.4: General Financial 3.634 0.615 0.260 0.174 0.038
8.5: Equity Investment Inst  6.4817 0.123 0.107 0.568 0.003
9.1: Soft & Comp Services 32.511*** 0.300 1.701 1.001 -0.145**

Notes:

1. *»** |ndicates statistical significance at the fdercent level of significance. ** Indicates statiat
significance at the 5 percent level of significarténdicates statistical significance at the 10geat level of

significance.

2. Leverage effect established by testing whetheicbrrelation between squared returns and laggeds is
statistically significant. The lag order is(t =1).
3. The results of the ARCH LM test for ARCH effeetsthe ¥ order are validated by the White test. While
the results of the ARCH LM and White tests are tfog most part consistent, the results of the Wiagt

suggest that the ARCH LM test may (slightly) undtes the presence of ARCH effects. See Table Al.1 i

Appendix 1.

Source: Compiled by author

Higher order ARCH(5) and (10) effects are more plent than ARCH(1) effects; three
economic groups and four industrial sectors exhMRICH(1) effects in comparison to six
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economic groups and ten industrial sectors whidhb#txARCH(5) effects. The frequency of
statistically significant ARCH(10) effects is apgmmately equal to that of ARCH(5) effects
in both the economic group and industrial sectturreseries. Finally, there is evidence of a
weak leverage effect as evident from the high nunabémostly statistically insignificant)
negative correlation coefficients reported in thast Icolumn of Table 7.4. Observed negative
correlation between squared returns and laggednets statistically significant for only two
of the nine economic groups and nine of the tweetyen industrial sectors. Positive
correlation between squared returns and laggednetsi limited to two economic groups and

five industrial sectors.

The preceding discussion suggests that the ARCHGARramework is appropriate for
modelling returns on the JSE All-Share Index, teenemic group and industrial sector
indices. Table 7.2 indicates widespread departdresn normality in the form of
leptokurtosis and skewness, Table 7.3 suggestsotletll, the independence assumption
holds and Table 7.4 reveals instances of non-lidependence in returns and ARCH effects
in LS residuals. These observed characteristiagtofns and the residuals suggest that the
ARCH/GARCH econometric framework is appropriate foe modelling of South African
stock returns (Elyasiani & Mansur, 1998; Sadorskié&nriques, 2001).

7.3. Risk factor selection and analysis

7.3.1. Candidate risk factors

The candidate systematic risk factors considerembirstructing the multifactor model of the
return generating process find support in theditee (see section 4.3). It can be argued that
each of these factors directly impacts or is regmegtive of systematic forces that impact
expected cash flows and/or the discount rate (geat®n (4.1); section 4.2; Cheat al,
1986). Table 7.5 lists by no means an exhaustt@ficategorizedisk factors. Although, an
attempt is made to consider as many candidatefagkrs as possible in the South African
context, certain widely used factors are omittesttérs such as the growth rate in GDP are
reported quarterly and other factors, such as uteyment figures, have series that either do
not coincide with the period under considerationonly coincide with part of the sample

period. This renders these factors inapplicablaimstudy**’

17 ess popular factors (such as Electric CurrenteBaed, a proxy for real activity) are also conséde but
not included in the list once it has been establisthat these factors have no impact upon retamndsare not
widely considered in the literature.
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Table 7.5: Candidaterisk factors

Factor Symbol

Form Reference

1. Market Indices

Section 4.3.1, Van Rensburg (1996, 2000), Barr

1.1. JSE All-Share Index (Total returns) M, FDL  (1989), Clare & Priestley (1998), Kandir (2008),
1.2. Dow Jones Industrial Average DJ, FpL  Bilsonetal (2001), Berryet al (1988)

1.3. FTSE World Index FTW FDL

1.4. FTSE 100 Index FTSE FDL

1.5. MSCI World Index MSCl FDL

1.6. MSCI World Index (Local Currency) MSCIR FDL

1.7. Nikkei 225 NK; FDL

2. Inflation Section 4.3.2, Geske & Roll (1983), Clare &

2.1. Consumer Price Index CPI, PC ;I’homz)als (ﬁ994),( Ch(;“ (1%91), \{an I?ensburg
. . 1996), Chen (1991), Fabozzi (2008), Fama

2.2. Inflation Expectations RBAS L (1981). Wei & Wong (1992)

2.3. Producer Price Index PP, PC

3. Real Activity Section 4.3.3, Chest al (1986), Van Rensburg
3.1. Industrial Production MR FDL (1996), Fama (1990), Eltoet al (2003), Cheung
3.2. Building Plans Passed BR FDL & N? (1998), Berryet al (1988), Canova & De

Ni 1995), Lee (1992
3.3. Retail Sales sLS ppL  Nicolo (1995), Lee (1992)

4. Money Supply Section 4.3.6, Cutleet al (1989), Cheung & Ng
4.1. M1A (Narrow) Money Supply M1A FDL  (1998), Rozeff (1974), Bilsonet al (2001),
4.2. M3 (Broad) Money Supply M3, FDL Mookerjee & Yu (1997), Kandir (2008), Ginsel &

Cukur (2007)

5. Interest Rates Section 4.3.4 & 4.3.6, Clare & Thomas (1994),
5.1. Three Month Treasury Bill Rate TBT3, L Fama (1990), Elton & Gruber (1988), Van
5.2. 10 Year Government Bond Yield SAGRQ L Rensburg (1996), Cutleet al (1989), Geske &

. Roll (1983), Murdagolwet al. (2000), Thorbecke
5.3. 30 Year Government Bond Yield SAGBO, L (1997)
5.4. Changes in the Term Structure DTS L

6. Commodities Section 4.3.5 & 4.3.7, Chest al (1986), Hamao
6.1. Rand Brent Crude Price Ol FDL (1988), Van Rensburg (2000), Kaul & Seyhun
6.2. Rand Gold Price GOLR FpL  (1990), Jones & Kaul (1996), Nandha & Faff

I di d (2008), Poon & Taylor (1991), Sadorsky &
6.3. All Commaodity Index COoM, FDL Henriques (2001)
6.4. Metal Index MET, FDL
6.5. Non-Fuel Commodity Index NFCI, FDL

7. Exchange Rates Section 4.3.5, Van Rensburg (2000), Hamao
7.1. Rand-Dollar Exchange Rate ZARUS FDL  (1988), Griffin & Stultz (2001), Jorion (1990),
7.2. Rand/Currency Basket Exchange Rate ZARBA ~ FDL Poon & Taylor (1991)

8. International Trade Section 4.3.7, Hamao (1988), Kaneko & Lee
8.1. Terms of Trade TT FDL (1995), Clare & Thomas (1994), Beenstock &
8.2. Composite Lead. Index of Trad. Partnerg TT, FpL  Chan (1988)

8.3. Composite Coinc. Index of Trad. Partners TT, FDL

9. Business Cycle Indicators Section 4.3.4, Chaet al (1985), Caporale &

9.1. Composite Leading Index LI, FDL Perry (2006), Fama (1990), Eltenhal (2003)

9.2. Composite Coincident Index Cl, FDL

Notes:

1. L = Level, FD= First Difference, FDL= First Loglamic DifferencesPC= Percentage Changes

2. The Industrial Production series is seasonaljysied.

3. Equally-weighted currency basket consistinghef Euro (backcast), British Pound, US Dollar, Aalsan Dollar,

Japanese Yen, Chinese Yuan and Indian Rupee.

Source: Compiled by author
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7.3.2. Derivation of innovations

As it is innovations in risk factors that are asedno drive returns within the APT framework, it
is necessary to postulate a methodology for thizvateyn of innovations (section 3.1.4; Bery

al., 1988; Clare & Thomas, 1994). The rate of changéodology used by Chet al (1986) is
widely employed, although Priestley (1996) has ghalat this methodology fails to generate
uncorrelated series. An alternative approach etlliby Clare and Thomas (1994) and suggested
by Priestley (1996) is the autoregressive timeesemethodology, which assumes that agents
form expectations based upon prior informatfitfhiThis methodology is employed in this study.

Least Squares AR models are estimated for eacbrfagtregressing changes in fackprAF,, ,

onto twelve autoregressive terms. The generaliagd Df the autoregressive specification is as

follows:

AF, =a,+bAF, . +&, (7.9)

where AF,, is the change in risk factde at timet and 7is the lag order. After estimating

equation (7.9), insignificant lags are omitted tava at a more parsimonious version of the

model and the residualg,,, are treated as innovations in risk fackorAR models for each

factor are estimated over the January 1994 (ngt1R®5) to March 2011 period so as to ensure
that the use of lagged terms in the modelling afoirations does not consume degrees of
freedom over the sample period (see Van Rensb@0)2 The Breusch-Godfrey LM test
statistics and-statistics for 19 order serial correlation in the residuals of eAéhmodel are
reported in Table 7.6 alongside other summary sttedi to demonstrate that the residuals
approximate uncorrelated series of innovationsréCk Thomas, 1994; Van Rensburg, 2000).

The prefixU indicates that a given residual series is in tavfrisnovations.

118 priestley (1996) suggests that the autoregressie series methodology is a compromise betweernratee of
change methodology and Kalman filter techniqueseims of simplicity, accuracy and robustness @ssion
3.1.4: 53).
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Table 7.6: Seriesof innovations

Factor LM test Q(12) Lags Mean Std Dev ADF Test
UM, - - - -0.004 0.027 -13.54 1%+
uDJ, 0.806 12.682 0 0.002 0.020 -13.758***
UFTW 0.430 6.157 1,3 8.81E-19 0.021 -13*78
UFTSE 0.435 3.802 4 6.84E-20 0.018 -13.616%***
UMSCI, 0.815 10.656 1 -2.36E-19 0.018 -14.135%**
UMSCIR 1.529 10.385 7,10 -2.13E-18 0.021 -12.764**
UNK; 0.451 5.652 6 -7.59E-19 0.026 -12.820***
UCPI, 1.576 5.439 1-2,6-7,11-12 2.85E-19 0.004 13.369***
URBAS 0.909 11.353 1,3 7.58E-18 0.005 -12.646%**
UPPI; 0.858 9.708 1 1.48E-18 0.007 -14.696%***
UMR 1.296 11.632 1,3,7 -1.73E-20 0.008 -14.761 %+
UBR 0.477 5.043 1-2,4 1.70E-18 0.050 -14.432**
USLS 0.789 8.489 1,12 -2.46E-19 0.008 -14.643***
UM1A 0.735 6.154 1,11-12 -1.97E-18 0.013 -14+841
UM3 0.889 10.376 12 -5.07E-19 0.006 -15.059%**
UTBT3 0.454 4.999 1-2 -5.93E-17 0.005 -14.263***
USAGHQ 1.138 8.590 1, 6-7 3.48E-18 0.006 -14.058*
USAGR(Q, 1.173 9.883 1, 6-7 -3.16E-17 0.006 -14.494*
uDTS 0.694 6.265 1,4 -3.08E-18 0.006 -13.829%*
UOIL, 0.629 5.682 7,11 -2.19E-18 0.045 -14.757*
UGOLR 0.635 8.855 0 0.004185 0.023 -15.118***
UCOM, 1.101 9.248 2,8,11 -7.79E-19 0.018 -12*58
UMET, 0.834 8.891 1,8 3.31E-19 0.027 -14.21 4%
UNFCI, 1.182 8.202 1,4,811 4.25E-19 0.011 59@***
UZARUS 0.973 11.814 6 3.45E-19 0.019 -13.168***
UZARBA 1.090 12.083 6,8 -2.63E-19 0.017 -14.306***
UDTT, 1.750* 5.550 1-11 1.82E-17 0.046 -13.977***
ULTT, 0.763 6.407 1,3,6 2.20E-19 0.002 -13*867
UCTT, 0.851 8.376 1,6 1.81E-19 0.001 -15.401***
ULI, 0.973 8.750 1-2,6 ,11-12 -4.45E-20 0.004 -14.721***
UCI, 0.976 5.988 1,3,6-7,11-12 -2.91E-19 0.003 -14.689***
Notes:

1. ADF test conducted with constant only (Sado&kyenriques, 2001).

2. *** |Indicates statistical significance at thepércent level of significance. ** Indicates statiat significance
at the 5 percent level of significance. * Indicastatistical significance at the 10 percent le¥dignificance.

3. Innovations extracted over 1994M01 — 2011MO03.

4. No residual series is generated for returnshen XSE All-Share Index. The series is uncorrelated
therefore approximates innovationdM, is also referred tas R, . This notation is used to distinguish

between the role of the market aggregate as risbifaand the role of market returns as a deperfdetdr in
subsequent analysis.

Source: Compiled by author

Table 7.6 indicates that all the residual seriesuscorrelated with the exception of changes

in the terms of tradelUDTT,. For UDTT,, the Breusch-Godfrey LM test statistic indicates

that there is statistically significant"l@rder serial correlation in the residuals of tHe(22)
model used to generate unexpected components. Howeav inspection of the correlogram
does not reveal statistically significant seriafretation coefficients up to the $2order
suggesting that the residual sernile®srepresent innovatioris® Additionally, if the residual

series generated by the AR models are truly innowatas required by the APT framework

119 Results available upon request.
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and as suggested by the apparent lack of serigdlabon, then the expected (mean) value of

the hypothesized innovations must be zef¢s,,) =0. This is the second assumption that

must be satisfied by the candidate risk factoresetd® qualify as legitimate APT risk factors
(Berry et al, 1988; Priestley, 1996). The results in Tableiddcate that this is indeed the
case; no mean value is greater than two standandta®s and the extremely low mean
values are the likely result of the methodologydugeconstruct the series of innovations (see
Priestley, 1996). ADF test statistics indicate thke the return series to be modelled, each

series of innovations is stationary at first diffieces.

7.3.3. Risk factor selection

Aside from being in agreement with the theory enddby equation (4.1), the APT
framework requires that risk factors have a pemeasifluence upon returns (section 3.1.1,
3.2.2 & 4.2; Berryet al, 1988). This can be demonstrated by showingttieat is a level of
correlation between major indices and the candidskefactors. To identify risk factors that
impact returns on the South African stock markies, approach of Van Rensburg (2000) of
establishing correlation between the risk factord geturns on market aggregates is adopted.
This approach is almost identical to the approaupleyed by Chart al (1985), Cheret al
(1986) and Hamao (1988).

Candidate risk factors found to be correlated witurns on the market index are retained
and used in further testing. If a risk factor isretated with the market index, then this factor
should have a pervasive influence on other indaes also individual series. This follows
from the fact that the market index compromisesovarindices, which represent economic
groupings and industries which in turn consistrafividual stocks. The market index, the
JSE All-Share Index, is therefore representativetlod South African stock market.
Following Poon and Taylor (1991), Van Rensburg (®0fnd Clare and Thomas (1994), risk
factors are entered contemporaneoasigiwith lags into the correlation matrix. Factorsisuc
as interest rates or exchange rates are knowmtasteously and therefore, can be considered
contemporaneously. On the other hand, measurenwnfactors such as inflation or
industrial production are reported with a lag. Feample, January’s inflation rate is
announced in February, hence stock prices reaktrtoary’s inflation in February. Therefore,
incorporating lags ensures that prices responchtmancements of macroeconomic factors
(see Clare & Thomas, 1994). However, as Poon agbtbiTf@l991) and Van Rensburg (1996)
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suggest, risk factors for which data is not instapbusly available magiso enter into the
model contemporaneously. It is however the formepre@ach (coinciding with
announcements, lags), rather than the latter apprahat is more in-line with the APT
framework. The level of correlation between eadk fiactor and returns on the JSE All-

Share Index is reported in Table 7.7.
Table 7.7: Correlation of JSE All-Share Index returnswith candidaterisk factors

Factor UM,
UM, 1.0000 UTBT3, -0.291%**
ubDJ, 0.619*** USAGHQ, -0.406***
UFTW 0.652*** USAGR(, -0.410%**
UFTSE 0.608*** UDTS -0.088
UMSC]|, 0.638*** UOIL, 0.189***
UMSCIR 0.467*+* UGOLR 0.018
UNK, 0.549*** UCOM, 0.386***
UCPI, -0.038 UMET, 0.429***
UCPI, 4 -0.159** UNFCI, 0.168**
UCPI_, 0.049 UZARUS -0.180%***
URBAS -0.284*** UZARBA -0.081
UPPI, -0.027 uTT, 0.124*
UPPI, 4 0.031 UTT,, 0.013
UPPI,_, -0.061 ULTT, 0.393***
UMP, 0.217**+* ULTT,, 0.056
UMP,_; 0.005 UCTT, -0.005
UMP._, -0.005 UCTT_, 0.148**
UBR 0.136* ULI, 0.222%**
UBR_; 0.226*** ULI,, 0.119
UBR_, -0.036 UCl, 0.271%*
USLS -0.079 UcCl,_, 0.092
USLS 0.022
USLS., 0.158**
UM1A 0.095
UM1A 0.144**
UM1A_, -0.029
UM 3, 0.040
UM3,_; 0.164**
UM3,._, -0.225%**
Notes:
1. ** Indicates statistical significance at theércent level of
significance.
** |ndicates statistical significance at the 5 partlevel of
significance.
* Indicates statistical significance at the 10 petdevel of
significance.

2. Correlation coefficients indicate the level ofrelation over
the period 1995M07-2011M03.

Soerr€ompiled by author

The correlation coefficients in Table 7.7 indicttat returns on the JSE All-Share Index are,

as expected, positively and significantly corredateith returns on the international and
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foreign indices; namely, the DJIAJDJ,, the FTSE World IndexUFTW, the FTSE 100
Index, UFTSE, the MSCI World Index,UMSC], and the MSCI World Index in local
currency (Rands)UMSCIR, and the Nikkei 225UNK;. These indices can be interpreted as

catch-all proxies for international risk (Van Rensf) 1996; Clare & Priestley, 1998; Kwon
& Yang, 2008).

The fist lag of theunexpected changegpresentative of innovations in the inflationetat
UCPI,_,, as well as unexpected changes in inflation exfieasas measured by the bankers
acceptance rateURBAS, are both negatively and significantly correlatecthwmarket
returns. Unexpected changes in industrial prodocttMP, are positively and significantly
correlated with returns on the JSE All-Share Indérother measure of real activity, the
unexpected changes in the number of building plpassed,UBR, is positively and
significantly correlated with returns contemporamgy and at the first lag. The statistically
significant correlation at the first lag potentjalieflects the publication lag or the delayed
availability of information. Returns are positiveBnd significantly correlated with the
unexpected growth rate in retail salekSLS, at the second lag. This statistically significant
relationship also potentially reflects a publicatidag or the delayed availability of
information. UMR, UBP and USLS are all proxies for real activity suggesting thedck

prices respond positively to unexpected changesahactivity.

Whereas unexpected changes in the narrow and lbmoady supply (monetary aggregates),
UM1A andUM 3, are positively and significantly correlated withums at the first lag, the
correlation between returns and the second lagJWI3, is statistically significant and
negative. This suggests that while positive changeébe money supply may signal falling
discount rates or increased real activity, increasehe broad money supply may also result
in uncertainty about inflationary pressures infilterre (Guinsel & Cukur, 2007; Parkat al,
2008). The correlation between short-term interasés and long-term interest rates as

measured by yields o TBT3,, USAGRO,, USAGE30, and returns on the JSE All-Share

Index is highly negative and statistically sigréfit implying a strong discount rate effect.
Notably, although Cheat al (1986) find that the term structure of intereges is correlated

with aggregate returns in their study, unexpecteahges in the term structure of interest
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rates,UDTS, as measured by the difference between long-tewnshort-term interest rates

are not significantly correlated with South Africstock market returns.

There is a statistically significant and positiverrelation between returns and growth in
commodity prices; namely, the growth in the pricé®il, UOIL,, metals,UMET,, non-fuel
commodities UNFCI,, and commodity prices in gener&ddCOM, . Within the commodities
risk category, the level of correlation is strorgestween returns andMET, . Returns and
unexpected changes in the Rand-Dollar exchange WARUS, are negatively and
significantly correlated whereas there is a posithand statistically significant
contemporaneous relationship between returns aedpeacted changes in the terms of trade
UTT,. Returns on the JSE All-Share Index are positivelsredated with local and foreign
business cycle indicators, both leading and coardidas denoted by statistically significant
correlation between returns abidl,, UCI,, ULTT, andUCTT_, respectively. This suggests

that South African stock returns respondvasiations in the domestic business cycle and

variations in the business cycles of South Afrideésling partners.

Factors found to be significantly correlated wigturns on the JSE All-Share Index in Table
7.7 are retained and risk factors that are notifssggntly correlated with returns on the JSE

All-Share Index are omitted from further analysis.

The (unreported) correlation matrX for the retained risk factors indicates that insimo
instances correlation coefficients are below 0.8 drerefore, the level of correlation is not
large enough to result in a multicollinearity praml (Poon & Taylor, 1991). In most
instances where statistically significant, the lesfecorrelation remains well below 0.5 as in

the instance otUSAGE30, and UCPI,_; where the correlation between these two factors is
0.163. However, high levels of correlation are obseé betweenURBAS, UTBTS3,
USAGHOQ, and USAGBS0 with correlation coefficients nearing 0.5 and even d¥&r for
UTBT3, and URBAS. As expected URBAS is highly correlated with the interest rate

factors as this measure of inflation expectatiengself based upon short-term interest rates
(see Van Rensburg, 1996). A number of other facoesalso notably correlated with each

120 The correlation matrix is not reported in-text ogito its size. It is however available from théhau upon
request.
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other. Measures of the money supply at the figt BM1A_, andUM3_,, are significantly
correlated. UZARUS is highly correlated withthe interest rate factordJSAGRO, and

USAGB3(,. However, the level of correlation between thesetdrs is well below 0.5.
Commodity risk factorsUCOM, , UMET, and UNFCI, , exhibit levels of correlation of over

0.5 amongst themselves. The leading cyclical indickor South Africa’s trading partners,

ULTT,, is highly correlated (correlation coefficients sband 0.5) with the international and

foreign indices, suggesting that these indices edflect changes in the economic climate
prevailing within South Africa’s trading partnerStatistically significant correlation is
observed between the domestic business cycle todscand commodity prices. The leading

domestic business cycle indicatodl |, and coincident business cycle indicatoCl,, are
both positively correlated withUOIL,, UCOM, and UMET, suggesting that changes in

commodity prices are also indicative of future amrent states of the business cycle.
Correlation between the cyclical indicators and teenmodity price risk factors is well
below 0.3 and usually around 0.2 and thereforeikelyl to result in multicollinearity.
Nevertheless, it is borne in mind when model baddihat high levels of correlation between
risk factors will result in some multicollinearitwhich may weaken the influence of
individual risk factors within a multifactor modéChenet al, 1986; Blanchard, 1987; Van
Rensburg, 2000).

7.4. Modelling methodology

As the modelling methodology is particularly invetand outlining it in minute detail will
unnecessarily inflate the discussion, intricatailetsuch as diagnostic tests are relegated to
the body of the next chapter (Chapter 8), the foke®: and appended to tables therein.

Therefore, the main steps which form the basisi@fempirical analysis are outlined below.

7.4.1. Explanatory power of risk factors

In the first step, returns on the JSE All-Sharesindre regressed onto each risk factor found
to be significantly correlated with returns in Tald.7. This is done so as to establish the
explanatory power of each risk factor within a wamiate (single-factor) context and to show
that each factor explains returns on the JSE A#ir8hindex. Notably, this approach
determines whether each risk factor hasaningfulexplanatory power and serves to avoid

the pitfall of estimating a complex specificatiomat does not convey more information
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relative to a simpler one (see Chen, 1991; Reingani©81l). An example of such a

specification is that of Sadorsky and Henrique®(3@vho estimate a four-factor model with

only a 0.02 increase in th? relative to a single-factor model employing excessrns on
the TSE (Toronto Stock Exchange) Index as the erpfanatory factor. This approach also
permits for the role of each factor in the retuemerating process to be examined in isolation
from other risk factors. The specification of thiagte-factor model relating returns to

individual risk factors is as follows:
RJMI =a+h K, * Euwm, (7.10)

where R, (see note in Table 7.6) is the (excess total) netur the JSE All-Share Index at
time t and b, is the sensitivity ofR,,, to innovationsin risk factor F; at timet. Equation

(7.10) is estimated using LS so as to permit acticemparison of explanatory power not
attributable to different ARCH/GARCH specificationdhe R? is reported for each

regression as a measure of the explanatory poweaatf risk factor.

7.4.2. The market model

Having determined the explanatory power of eadhfeastor with respect to market returns, a
multifactor model of South African stock marketurts is specified by selecting factors that
are representative of the risk categories consid¢see Table 7.5). This model can be
thought of as ayeneralizeddescription of the return generating process aitisd\frican
stock returns that is used to identify risk facttirat drive South African stock returns (see
section 3.1.5; Antonioat al, 1998).

The generalized multifactor specification incorgimmg an international or foreign equity

index and domestic risk factors can be denoted|ass:
K

R, =0+ R+ bR +ey, (7.11)
k=1

where R, is the return on the JSE All-Share Index at timl; is the sensitivity of},, to

returns on an international or foreign equity indgx,, at timet, andb, is the sensitivity of
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R, to innovationsin risk factor F. at timet. The use of returns on a foreign or

international index to explain returns on the dame®arket is motivated by the studies of
Van Rensburg (1996), Clare and Priestley (1998%0Riet al. (2001) and Kandir (2008) and
indicates the level of integration of the domestmck market with foreign stock markets.

Equation (7.11) reflects the essence of the APMdraork; returns are described by a linear
factor model representative of a multifactor retg@nerating process, featuring innovations
in risk factors. The APT framework informs the stuwe of the model, the category of factors
used to describe returns and the manner in whiekdlfactors enter the model.

Equation (7.11) is initially estimated using LS amlten within the ARCH/GARCH
framework (see Chapter 6). Although the preliminamglysis supports the appropriateness of
the ARCH/GARCH framework, both methodologies arpligol so as to further establish and
confirm the appropriateness of this framework (sec6.4.3; Sadorsky & Henriques, 2001).
As before, theR? is considered as an indicator of explanatory po&agle’s (1982) ARCH
(section 6.3.1), Bollerslev’'s (1986) GARCH (secti®r3.2), Engle and Bollerslev’'s (1986)
IGARCH (section 6.3.3) and Nelson’s (1991) EGARCBEkeqtion 6.3.5) models are
considered for the conditional variance specifamatf* This selection of models is made
with the hope that this set of ARCH/GARCH modelssigficient to model leptokurtosis,
independence, volatility clustering, the long meynand persistence properties of variance,
and the leverage effect (section 5.2.1, 5.2.21583.2 & 5.3.3; Dinget al, 1993; Palm,
1996; Engle, 2001; Engle, 2004; Engle & Patton,72akoian, 1994; McMillan & Ruiz,
2009). To select the best fitting ARCH/GARCH modek number of ARCH and GARCH
terms and the appropriate conditional error digtidn, the Akaike Information Criterion
(AIC)'#? is employed (see Liitkepohl, 2004; Cryer & CharQ&Cornish, 2007). The three
conditional error distributions considered in estimg models within the ARCH/GARCH
framework are the normal, the Student'sand the generalized error distribution. The
application of the ARCH/GARCH framework addresdes failure of studies that describe

the return generating process within the APT fraorwto employ an econometric

121 Denoted by equations (6.5), (6.6), (6.7) and)(feSpectively.

122 The AIC is chosen as it is one of the most widkehown, studied and applied approaches to model
specification (see Cryer & Chan, 2008). Other aléive approaches include the Bayesian Information
Criterion (BIC) and the Hannan-Quinn Informationit&ion (HQIC) (see Jiang, 2007). For a detailed
discussion of the impact of these approaches ugmiehselection see Cryer and Chan (2008) and Késsmer
and Wolters (2007).
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framework that takes into account the charactesstf returns and volatility (see section
3.3.1; Burmeister & Wall, 1986; Berst al., 1988).

7.4.3. Economic group and industrial sector models

The model of returns on the economic group andstrgusector indices is based upon the

assumption that the risk factors that feature & réturn generating process underlying the
JSE All-Share Index have a pervasive influencetberaeturn series. This argument is based
upon logic; risk factors that explain returns omarket aggregate consisting of economic

groups and industrial sectoshould be relevant to returns on the economic groups and
industrial sectors that are part of this marketraggte (see Van Rensburg, 1996). To model
returns on the economic group and industrial sdattices, the model is augmented with a

residual market factor where the residual marketbfas the residual term in equation (7.11).

The residual market factor, denoted by & **° represents returns on the JSE All-Share

Index which are uncorrelated with returns on thterimational or foreign indext, , and the
K

vector of domestic risk factors denoted E/bK F. (section 3.3.1: 68; Burmeister & Wall,
k=1

1986; Eltonet al, 2003). It is unlikely that the set of factorstire model — especially the
domestic risk factors - will fully explain return.this is the case, the residuals of equation
(7.11) will be correlated with omitted risk factaaad the residual market factor will capture
the impact of identified and unidentified omittedkr factors (Berryet al, 1988). The
generalized model describing the return generagpiracess of the economic group and

industrial sector indices is therefore given by:

K

Ro=a+h, UMg+R R +> QR +e, @)1
k=1

where R, is the return on economic group or industrial @ectt timet, b, is the sensitivity

of R, to returns on a international or foreign equitger, F;,, at timet, and b, is the

sensitivity of R, to innovations in risk factof,, at timet. The residual market factor is

denoted byUM ¢, , h,,. is the sensitivity of returns tdM &, and the residuals are denoted by

&; . As before, each model is estimated within the MREARCH framework and the

123 &y, in equation (7.11).
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appropriate ARCH/GARCH model, the number of ARCHdaBARCH terms and the
conditional error distribution are selected by emypig the AIC.

7.5. Conclusion

This chapter begins by defining the data that Wi used in the study. The dataset
compromises monthly returns on the JSE All-Shadexnand the economic groups and
industrial sectors that form part of the JSE Alb&h Index (section 7.1). A preliminary
analysis of statistical properties is then condiicte each return series in the sample. (section
7.2). While returns on the JSE All-Share Index farend to be normally distributed, almost
all economic group and industrial sector returneseexhibit levels of excess kurtosis and
skewness. While the assumption of independencelated in isolated instances, overall, the
assumption of independence holds (see Table 7t&).rdsults of the ADF test indicate that
as expected, all return series considered arestai (see Table 7.3). While returns on the
JSE All-Share Index are found to be free from noedr dependence, most return series for
the economic group and industrial sector indicdsleixsome form of non-linear dependence
or ARCH effects in the residuals (Table 7.4). Tkisggests that the ARCH/GARCH
framework is appropriate for the modelling of Sowtfrican stock returns (section 7.2;

Elyasiani & Mansur, 1998). There is weak evidenicthe leverage effect (section 7.2: 154).

To derive innovations, the autoregressive timeesemethodology is applied (see section
7.3.2; equation (7.9); Priestley, 1996) and theultesin Table 7.6 indicate that this

methodology successfully derives innovations inftiren of the residuals of an AR model.

To select risk factors, the correlation betweerurret on the JSE All-Share Index and
innovations in the candidate risk factors listedable 7.5 is examined. Results indicate that
factors representative of international risk,atifin, real activity, the money supply, interest
rates, commodity prices, the exchange rate andl laond foreign business cycles are
significantly correlated with returns on the JSE®tare Index (see section 7.3.3; Table 7.7).

The modelling methodology which is applied in thmalgsis in Chapter 8 is discussed next
(section 7.4). The first part of the analysis esges returns on the JSE All-Share Index onto
each of the individual factors found to be stataty correlated with JSE All-Share Index
returns in Table 7.7 (equation (7.10); section1j.4The market model, which incorporates
domestic risk factors and a factor representatifenternational risk, is outlined next

(equation (7.11); section 7.4.2). The residualthf model are treated as the residual market
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factor (see Burmeister & Wall, 1986). Consideratisrgiven to the AIC in selecting the

ARCH/GARCH model specification, the number of ARGARCH parameters and the

underlying conditional distribution. The economimgp and industrial sector models are
elaborated upon in section 7.4.3 (also see equéfidr2)). While the specification of these

models is identical to that of the market modelhat these models incorporate a set of
domestic risk factors and an international risktdacthese models also incorporate the
residual market factor derived from the market nhadesquation (7.11). The results of the

analysis are reported in Chapter 8.
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8. RESULTSAND DISCUSSION

8.1. Conducting the analysis

Chapter 8 brings together the concepts developedighout the study; the multifactor APT
framework discussed in Chapter 2 and Chapter Pdiesd to model and investigate the
return generating process of South African stotlkrns using the category (systematic risk)
of risk factors outlined in Chapter 4. In light thfe properties and behaviour stock returns
outlined in Chapter 5 and the specific findingsatielg to South African stock returns (where
South African stock returns are found to exhibividgons from normality in the form of
excess kurtosis, skewness, non-linearity and ARCHects; see section 7.2), the
ARCH/GARCH econometric framework discussed in Chaptis applied in modelling the
return generating process of South African stotlkrns.

Prior to reporting the results of the multifactooadhels of the return generating process of
South African stock returns, a univariate analysisundertaken in section 8.2 (also see
section 7.4.1; equation 7.10). Having identifiedtéas with substantive explanatory power
(section 8.2; Table 8.1), the return generatingc@ss underlying the South Africa stock
market in investigated in section 8.3. The modetcgjration (equation (8.1)) is first
estimated within the LS framework for the purposégreliminary analysis (section 8.3.1).
ARCH/GARCH modelling is undertaken next with exte@asconsideration being given to the
structure of the return generating process andutiterlying conditional variance (section
8.3.2 & 8.3.3). As the proposed model specificatrorquation (8.1) does not includ# the
factors found to be significantly correlated witturns on the JSE All-Share Index in Table
7.7 and all factors with substantive explanatoryw@o (section 8.2; Table 8.1), an
investigation of additional risk factors in Soutlfridan stock returns is undertaken in section
8.3.4.

A similar approach is followed in investigating theturn generating process (equation 8.2)
underlying economic group (section 8.4) and indalssector returns (section 8.5). Results of
the respective models are discussed in detail égticge8.4.1 and section 8.5.1. Conditional
variance is considered in section 8.4.3 and se@&ibr2 and possible specification problems
are addressed in section 8.4.4 and section 8.:3inYestigation of gains in explanatory

power from combining the various risk factor categ® is undertaken in section 8.4.5 and
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section 8.5.4 respectively. The omission of risktdes is discussed in section 8.4.6 and
section 8.5.5 and additional risk factors in thepestive return series are investigated in
section 8.4.7 and section 8.5.6. A synthesis fochdavel of analysis is provided in section
8.3.5, section 8.4.8 and section 8.5.7 and thelesion follows in section 8.6.

8.2. Univariate analysis
Table 8.1 reports the results of the single-faotodel in equation (7.10) whereby returns on
the JSE All-Share Index are regressed onto thenestaisk factors using LS regressions.

Table 8.1: Univariateregressions
Panel A: International & Foreign Market Indices

ubDJ, UFTW UFTSE UMSC]|, UMSCIR  UNK
0.826*** 0.861*** 0.902%** 0.896%** 0.578*** 0.570%*=*
R 0.380 0.422 0.370 0.404 0.214 0.300
AR(1) 0.141 0.433 1.098 0.269 0.045 0.505
ARCH(21) 0.004 0.102 0.532 0.278 0.586 0.149
Panel B: Inflation
UCPI, URBAS
-0.999** -1.393***
R? 0.020 0.076
AR(1) 0.019 0.064
ARCH(1) 0.002 0.062
Panel C: Real Activity
UMPR, UBR UBR_ USLS.,
93 0.708*** 0.072* 0.119*** 0.506**
R 0.042 0.013 0.046 0.020
AR(1) 0.004 0.064 0.058 0.013
ARCH(1) 0.049 0.058 0.022 0.030
Panel D: Money Supply
UM1A_, UM3 UM3_,
0.279* 0.776** -1.065***
R? 0.015 0.022 0.046
AR(1) 0.001 0.235 0.775
ARCH(1) 0.085 0.045 0.045
Panel E: Interest Rates
UTBT3, USAGH(, USAGR(,
QS -1.532%** -1.953%*** -1.954***
R? 0.080 0.160 0.164
AR(1) 0.012 0.166 0.324
ARCH(1) 0.391 0.220 0.018
Panel F: Commodities
UOIL, UCOM, UMET, UNFCI,
0.110%**=* 0.576*** 0.430%** 0.413*
R? 0.030 0.144 0.180 0.023
AR(1) 0.004 0.009 0.228 0.585
ARCH(1) 0.115 0.077 0.021 0.051
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Table 8.1: Univariateregressions (continued)
Panel G: Exchange Rates

UZARUS
93 -0.241%*
R 0.027
AR(1) 0.049

ARCH(1) 0.068

Panel I: International Trade

UTT, ULTT, UCTT, 4
93 0.072* 5.573%* 3.852**
R 0.010 0.150 0.017
AR(1) 0.015 0.877 0.008
ARCH(1) 0.011 0.002 0.077
Panel J: Business Cycle Indicators
ULI, UCI,
1.461%* 2.425%*
R 0.044 0.068
AR(1) 1.228 0.036
ARCH(1) 0.021 0.122

Notes:
1. ** |ndicates statistical significance at thepércent level of significance. ** Indicates statiat significance at
the 5 percent level of significance. * Indicateatistical significance at the 10 percent levelighgicance.
2. AR(1) are Breusch-Godfrey LM test statisticsrfesidual serial correlation at th& drder.
3. ARCH(1) are LM test statistics for residual AR@Hects at the*lorder.

Source: Compilgdauthor
The results in Table 8.1 indicate that returns miernational and foreign market indices

explain between 21.4 percent and 42.2 percentefvériation in returns on the JSE All-
Share Index. This suggests that internationalpials an important role in the South African
stock market and that the South African stock maigkbighly integrated with world markets
(see section 3.1.6, 3.3.2 & 4.3.1; Clare & Prigstl998; Bilsoret al, 2001). Innovations in

the inflation factors have a negative and staa#liic significant impact upon returns.

Unexpected changes in inflatiodCPI,_,, explain approximately 2 percent of the variation
returns. Unexpected changes in inflation expeatatidRBAS, explain almost 8 percent of

the variation in returns. It is plausible that thpact of inflation expectations is through the
discount rate; Geske and Roll (1983) argue thadrést rates are a proxy for inflation
expectations suggesting that higher expected ioflatesults in increased interest rates and
therefore, depresses stock prices. By this reagpinifiation expectations are reflected in the
banker’s acceptance rate, which is a proxy forairdh expectations (see section 4.3.2; Van
Rensburg, 1996). Returns are significantly andtjwety related to all four measures of real

activity, UMR, UBPR, UBRP, and USLS_,. The contemporaneous relationship between
UMR, UBR, and returns on the JSE All-Share Index suggests thea incorporation of

information relating to real activity may be instameous. However, it IgBP_, that carries
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the most explanatory power. Regardless of whichsomeaof real activity is considered, it is
evident that real activity is an important riskt@cfor the South African stock market (see
section 4.3.3). Measures of real activity explagtween 1.3 percent and 4.6 percent of the

variation in returns.

Returns are positively and significantly related koth measures of the money supply,

UM1A_ and UM3_,, at the first lag. A positive relationship suggesitat UM1A_, and
UM3_, reflect falling interest rates and/or rising readtivity. However, returns are
negatively and significantly related to the secdmgl of the broad money supplyM3,_,,

suggesting that increases in the money supplylageagsociated with uncertainty relating to
inflationary pressures (Gunsel & Cukur, 2007; Raed al, 2008). Changes in the money
supply explain between 1.5 percent and 4.6 peroktihe variation in stock returns. The
negative and statistically significant relationshgtween returns and the interest rate factors,
UTBT3,, USAGHO, and USAGES0,, suggests that there is a strong discount ragtefi
returns (section 4.3.6; Thorbecke, 1997; Muradeglal, 2000). The long-term interest rate,
USAGB3(Q, has the largest impact upon returns, explainirgy @6 percent of the variation in
returns. This suggests that South African stodkrnstare more sensitive to changes in long-

term interest rates relative to changes in shont-iaterest rates as measured by the yield on

three month treasury bills.

Returns are positively and significantly relatedhe various measures of commodity prices,
UOIL,, UCOM,, UMET,, andUNFCI, . Innovations in general commodity pricésCOM, ,
and world metal pricedJMET,, explain a sizeable amount of variation in retwnshe JSE
All-Share Index. The explanatory power of these taaiors is potentially attributable to the
importance of resources for South Africa’s econdisge section 4.3.5 & 4.3.7; Roberts &
Zalk, 2004). ThatUMET, plays an important role in explaining South Africstock returns is
demonstrated by Barr (1990). However, as bot@OM, and UMET, are significantly

correlated with international and foreign markedioes'®* it is plausible that these factors

reflect elements of international risk. The relasbip between returns and unexpected

changes in oil pricedJOIL,, is positive — an unexpected finding given thirature (mostly)

124 Correlation betweertCOM, and the international and foreign indices rangesveen 0.175 and 0.355.
Correlation betweetMET, and the international and foreign indices rangsws/éen 0.204 and 0.413.
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proposes that increases in oil prices negativelyaich expected cash flows through increased
costs of production and have an adverse impact ugahactivity (section 4.3.5; Jones &
Kaul, 1996; Nandha & Faff, 2008). However, it mag thhat certain economic groups and
industrial sectors that dominate the JSE All-Shadex respond positively to increases in oll

prices and this results in a positive relationdbgtweenUOIL, and returns on the market

aggregate. Alternatively, there is a pass throutgcie(Jones & Kaul, 1996; Van Rensburg,
1996; Nandha & Faff, 2008). A further hypothesiattvarrants investigation is that oil prices
are positivelyrelated toglobal real activity; rising global real activity impligsgher demand
for oil leading to an increase in oil prices. THere, rising oil prices are a proxy for rising
global real activity which results in higher retsiron the JSE All-Share Index. Fluctuations in
the Rand-Dollar exchange ratéZARUS, explain 2.7 percent of the variation in returfise
negative and statistically significant relationshgtween returns andZARUS suggests that
the South African stock market is adversely affectsy a depreciation of the Rand.
Fluctuations in the exchange rate affect stockegrithrough their impact upon the demand
for a given firm’s or industry’s product and thusxpected cash flows. Alternatively,
fluctuations in the exchange rate may affect inpogts — a depreciation of the domestic
currency will increase input costs and reduce etgoecash flows (section 4.3.5; Jorion,
1990).

Innovations in factors related to trade have atpesand statistically significant impact upon
returns. Their explanatory power however is wealexpected changes in the terms of trade,
UTT,, and unexpected changes in the coincident busieds indicator for South Africa’s
trading partnersUCTT,_, , explain only 1 percent and 1.7 percent of theatian in returns

on the JSE All-Share Index respectively. In conjrasexpected changes in the leading
business cycle indicator for South Africa’s tradpaytnersULTT,, explain 15 percent of the
variation in returns on the JSE All-Share Indexe Tinpact of these factors can be explained
through their role as indicators of demand for 8dfrican products. An improvement in the
terms of trade suggests that the demand for expele8ve to imports has increased whereas
improvements in the economic climate of South Afisctrading partners imply an increase

in the demand for South African goods (Parkinal, 2008). HoweverULTT, is highly

correlated with returns on international and fomeigdices?® suggesting that this factor

125 Correlation ranges between 0.468 and 0.547.
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reflects international risk as well as the econonunditions experienced by South Africa’s
trading partners. The final category of factors sists of South African business cycle
indicators. Returns are significantly and posityvetlated to unexpected changes in the

leading cyclical indicatorlJLI,, and the coincident cyclical indicatodCl,. Thesefactors

explain 4.4 percent and 6.8 percent of the vamatio returns respectively. The role of
business cycle indicators is similar to the roléehaf default spread as an indicator of business
conditions (see section 4.3.4; Chanal, 1985; Fama, 1990). Although, Van Rensburg
(2000) omits the default spread in his study duedrceived poor availability of data, this
study treatdJLI, and theUCI, as a substitutes for the default spread. A positlationship

between returns and the business cycle indicasoegpected; improving business conditions

translate into higher expected cash flows.

8.3. South African stock market

8.3.1. Preliminary estimation

Having identified a set of macroeconomic factorsuased to be representative of systematic
risk, a number of specifications were considere@sao investigate potential combinations
of risk factors that feature in the return genetprocess of South African stock returns.
Equation (7.11) was first estimated without theetinational and foreign indices so as to
establish the explanatory power of the risk factorthe absence of a single factor that may
dilute or obscure the explanatory power of a setlahesticrisk factors. All models were
first estimated using LS and then within the ARCHRECH estimation framework (see

Chapter 6). The number of possible combinatiorxisnsive.

After testing a number of combinations, it was dedithat the model should permit returns
to be explained by as many different categoriegssf as possible while avoiding problems
associated with multicollinearity. There are linibas associated with this approach, which
must be recognized. Thiepresentativeset of risk factors may not be the set that mazesi

R? . However, the purpose of this approach is totifierisk factors in the return generating
process and not necessarily to achieve a Rghsee Van Rensburg, 1996). Furthermore,
this approach identifies risk factors at the expeokparsimony and may introduce factors
that are relevant to specific economic groups amtlistrial sectors (Kryzanowski & To,
1983). Although this approach suffers from somatétions — partially addressed at a later
stage — it provides insight into the structurehaf teturn generating process underlying South
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African securities as aaggregate.After careful consideration, the specification sbo to

represent the multifactor return generating procegs/en by:

RJM‘ :a+QJFTWUFTW+ Igcm UCPJ—1+ QRBASURBAg- L!%P UB‘P" LR; U:B/!t1+ LBIL uo

+hJZARU§JZARUS+ QCI UC!+£UM (81)

where Ry, is the return on the JSE All-Share Index at timélthough equation (8.1)
manages to incorporate factors representative mbstl every risk factor category, two
important risk categories are excluded. Theselaenterest rate and international trade risk
categoriesUTBT3,, USAGRO, and USAGEB0, are excluded due to their high correlation
with URBAS.'*® Although URBAS is assumed to be a proxy for unexpected changes in
inflation expectations, this factor is also indigatof a discount rate effect and therefore
captures some of the impact of the omitted interats factors (see Geske & Roll, 1983).
Furthermore USAGHOQ, andUSAGB3(, - long-term interest rate factors with relativeigh
levels of explanatory power - are excluded so agsamobscure the role of other factors. This
omission is addressed at a later stage. Factores@pative of international trade are also
excluded. Preliminary analysis shows thEET, is statistically insignificant in a multifactor
context anceven in the univariate context, its explanatory eow almost negligibleJLTT,

is excluded due to its high correlation with théemational and foreign indices suggesting
that these indices account for the impactUafT T, . This is plausible in that the international
and foreign indices are likely to reflect the eacmno conditions experienced by South
Africa’s trading partners. Finally, preliminary dysis indicates thalCTT_, is statistically

insignificant in a multifactor context.

To represent commodity price risklOIL, is chosen ovetMET, and UCOM, . Although

these two factors explain a sizable proportiorhefyariation in returns on the JSE All-Share
Index, they are significantly correlated with tmteirnational and foreign indices suggesting
that some of their impact can be accounted fornege indices. As the level of correlation

betweenUOIL, and these indices is substantially lower, it isidenl representative of the

126 URBAS exhibits a correlation of 0.822, 0.479 and 0.46shwWJTBT3,, USAGROQ and USAGEBQ,
respectively suggesting that it is more represmetatf a short-term interest rate effect.
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commodities risk category. Out of the six interoaél and foreign indices, the FTSE World

Index, UFTW,, is chosen to represent global economic conditemm$ hence to proxy for

international risk. This specific index is chosereiothe traditionally used MSCI World Index
(section 3.1.6, 3.3.2 & 4.3.1; Clare & Priestle998; Bilsonet al, 2001; Kandir, 2008) as it

has the highesR? and because it represents between 90 percentsaper@ent of investable
constituent market capitalisatidhthus encompassing a sizeable portion of the wosthck

markets. Returns on this index are however higblyetated withUZARUS.**® Given the

size of South Africa’s economy relative to the wlodconomy and the economies of its
trading partners, it is plausible that domestidgyhas little impact upon fluctuations in the

exchange rate which are driven by internationakttgyments reflected iDFTW. This may
explain the high level of correlation between thege factorsPreliminary analysis reveals
that combiningUZARUS and UFTW in a two-factor model does not render either elsth
factors statistically insignificant, although theefficient on UZARUS becomes positive
when UFTW is incorporated into the model. Equation (8.1)ates theunrestrictedmodel

(see section 3.3.2: 76 for a discussion of restlic@nd unrestricted models) of the return

generating process of South African stock returith WFTW fulfilling the dual role of an

international risk factor and a proxy for the numer other international risk factors that

influence returns on the South African stock mafki#are & Priestley, 1998)

Equation (8.1) is first estimated using LS andiprglary analysis is conducted upon various

aspects of the moddUFTW is excluded in a&estrictedversion of the model in Panel A of

Table 8.2 and then included in the unrestricted ehdd Panel B so as to establish the

explanatory power of the seven domestic risk factathout the presence &fFTW. Panel

C reports the results of a single-factor model fpocating onlyUFTW,.

127 |nformation reproduced from the FTSE website (witse.com).
128 The level of correlation is -0.435.
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Table 8.2: Least Squares model of JSE All-ShareIndex returns

Panel A Panel B Panel C
Intercept -0.004** -0.004*** -0.004***
UFTW - 0.885*** 0.861***
UCPI _, -0.921** -0.570* -
URBAS -1.142%** -1.318*** -
UBR_, 0.079** 0.053** -
UM3._, 0.606* 0.619*** -
UOIL, 0.090** 0.075* -
UZARUS -0.182* 0.225*** -
UCI, 1.840*** 1.132** -
R? 0.224 0.583 0.422
AIC -4.624 -5.238 -4.949
F-Statistic 8.771*** 33.804*** 138.384***
AR(1) 0.006 0.000 0.433
AR(5) 2.220** 0.766 1.022
ARCH(1) 0.293 1.748 0.102
ARCH(5) 0.290 3.036** 2.783**

Notes:

1. *** |ndicates statistical significance at thepércent level of significance. ** Indicates statiat significance at
the 5 percent level of significance. * Indicateatistical significance at the 10 percent levelighgicance.

2. F-statistics are reported for Wald's test of lineastrictions testing the null hypothesis of coéffits jointly
equalling zero (Nelson, 1991; McMillan & Ruiz, 2009

3. AR(1) and AR(5) are Breusch-Godfrey LM testistats for residual serial correlation at ttéaihd %' orders.

4. ARCH(1) and ARCH(5) are LM test statistics fesidual ARCH effects at thé'and %' orders.

Source: Compiled by author
The results in Panel A of Table 8.2 indicate tha¢ seven domestic risk factors by

themselves explain 22.4 percent of the variatioretnrns on the JSE All-Share Index. All
factors are individually statistically significamtith negative coefficients (factors loadings,

betas, exposures or sensitivities in APT termingloan UCPI,_,, URBAS and UZARUS
and positive coefficients odBR_,, UM3_,,UOIL, and UCI,. To test for joint statistical

significance, Wald’s test of coefficient restrici® is applied and all coefficients are
constrained to zero. Based upon the resulfastatistic, the null hypothesis is rejected
confirming the significance of including all facsoin the model (Sadorsky & Henriques,
2001; Brooks, 2008). Although no ARCH(1) and ARCHéHects are present, the Breusch-
Godfrey LM test indicates statistically significaresidual serial correlation at the fifth order

suggesting that the estimated LS coefficients me#ficient (Gujarati, 2003).

Next, the model is estimated witdFTW included (Panel B). All coefficients remain

statistically significant although for certain fact, coefficients decrease in size suggesting

that UFTW captures information contained in the domestik fagtors. The coefficients on

UCPI._,, UBR_, UOIL and UCI, all decrease in absolute size relative to thefimoerfts of
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the restricted model in Panel A. The direction lué telationships remains unchanged with

the exception ofUZARUS, which now has a positive (and still statisticadlignificant)

impact on returns. This suggests a potential nallirearity problem arising from the high
levels of correlation betweetJFTW and UZARUS. For this reason, the impact of
UZARUS on South African stock returns should be integuewith caution. It is however
certain thatUZARUS plays a significant role in the return generaimgcess. As before, all
factors are jointly statistically significant. Thgovides further support for a multifactor

model of the return generating process of SouthicAfr stock market returns. ThB?

increases to 0.583 suggesting tA#ETW significantly contributes to explaining South

African stock returns. This improvement in fit i®nfirmed by a lower AIC statistic
suggesting that the unrestricted model is more @ateqsee section 7.4.2 & 7.4.3). However,
there is evidence of higher order ARCH effects lie residuals (see section 7.2: 151;
equations (7.5) and (7.6)) implying that LS coeéiit estimates are inefficient (Gujarati,
2003).

Finally, returns on the JSE All-Share Index areesged ontdJFTW (Panel C). As before,
the coefficient onUFTW is positive and statistically significant. By ilseUFTW explains
42.2 percent of the variation in returns on the 2A8EShare Index. This is in comparison to
the 58.3 percent explained by the unrestricted medggesting thalUCPI,_;, URBAS,
UBR_, UM3_,, UOIL,, UZARUS andUCI, explainat least16.1 percent of the variation in
returns in the presence OFTW. Whereas the AIC statistic in Panel C is lowentkizat of

the restricted model in Panel A, it is higher thhat of the unrestricted model in Panel B

suggesting that the unrestricted model combitd W and the domestic risk factors is the

most appropriate model of the return generatingcgse underlying South African stock
returns. Regression diagnostics again suggesthbied are higher order ARCH effects in the
residuals implying that the LS methodology is npprapriate for modelling South African

stock returns.
Following Sadorsky and Henriques (2001), paramstability is first tested by recursive

estimation of the unrestricted model. The recutgiestimated coefficients and associated

standard error bands are reported in Figure 8.4ulResuggest that the estimated coefficients
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are stable over time. Although, the coefficientireates at the beginning of the recursive
procedure appear to be unstable, this is expectdbese estimates are obtained using few
observations. What is important is that coefficiestimates are similar for most of the
sample period suggesting that there are no stalctstability problems (Sadorsky &
Henriques, 2001; Brooks, 2008).
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Figure 8.1: Recursive coefficient estimates

To further test the stability of the model, the mméormal CUSUM test is applied (Brooks,
2008). Figure 8.2 indicates that the CUSUM testistia moves beyond the 95 percent
confidence interval suggesting that the null hypstit of stability can be rejected. However,
as the CUSUM test statistic remains within the 8&cpnt confidence interval for most of the

sample period, parameter instability does not apjoele a severe problem.
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Figure 8.2: CUSUM test graph

A potential source of parameter instability mayarirom the presence of outliers which can
have an undue influence upon coefficient estimales.investigate this, the unrestricted
model is re-estimated with a dummy factor takingaomalue of 1 for August 1998 and a
value of O for all other observations (see Broak3808). Brooks (2008) argues that the
removal of outliers is appropriate for extreme dseifhe negative return of 16.9 percent
observed during August 1998 coincides with the Rus®efault of 1998 and it can be
argued that this constitutes an extreme event. &\thére have been a number of crises over
the sample period, none have had such a signifiogrdct upon returns on the JSE All-Share

Index1?°

The results in Table 8.3 suggest that the modgéieerally robust to outliers as all factors in
the specification with the exception BICPI,_; remain statistically significant. The signs of
the coefficients remain unchanged and there adange changes in the magnitude of any of

the coefficients with the exception &fCPI,_, and UCI,, which decrease in absolute size.

129 For a detailed outline of the Russian Defaultisiee Chiodo and Owyang (2002). For a discussiothe
appropriateness of removing outliers see Brook®&20Arguments have been made in favour of retginin
outliers and in favour of excluding outliers fronodels. After August 1998, the next lowest (negatre¢urn is

7 percent (July 2002). It is evident that returos August 1998 are a once-off occurrence - everrathises,
such as September 2001 and the market crash of 800®t result in negative returns of this magidtu
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The coefficient on the dummy factaBUM 98M 08, is highly significant suggesting that this
outlierdoeshave an impact upon model results.

Table 8.3: Least Squares model of JSE All-Share Index returnsincor porating dummy factor

Panel A

Intercept -0.004***
UFTW 0.810**
UCPI _, -0.176
URBAS -1.138*
UBP_, 0.063***
UM3._, 0.541*
UOIL, 0.084***
UZARUS 0.200***
UCI, 0.793*
DUM98M 08 -0.090***
R? 0.633
AIC -5.362
F-Statistic 37.023
AR(1) 0.229
AR(5) 0.371
ARCH(1) 7.974%+*
ARCH(5) 2.243%+*

Notes:

1. *** |ndicates statistical significance at thepércent level of significance. ** Indicates statiat significance at
the 5 percent level of significance. * Indicateatistical significance at the 10 percent levelighgicance.

2. F-statistics are reported for Wald's test of lineastrictions testing the null hypothesis of coéffits jointly
equalling zero (Nelson, 1991; McMillan & Ruiz, 2009

3. AR(1) and AR(5) are Breusch-Godfrey LM testistats for residual serial correlation at ttéaihd %' orders.

4. ARCH(1) and ARCH(5) are LM test statistics fesidual ARCH effects at thé'and %' orders.

Source: Compiled by author
The R? increases marginally and the AIC statistic decreasggesting that the exclusion of
the outlier improves the fit of the model. Howeveegression diagnostics indicate the
presence of ARCH(1) and ARCH(5) effects suggestimag the LS methodology fails to
account for heteroscedasticity even after contigllior outliers (see section 6.4.3, 6.4.4 &
7.2; Gujarati, 2003; Brooks, 2008). It must howevwmsr emphasized that although the
coefficient on the dummy factor is statisticallgrmificant, this finding does not automatically
translate into a confirmation that outliers are Hwmeirce of parameter instability. Thus, to
formally test for parameter instability after caniling for outliers, the CUSUM test is
applied again. Results (unreported) indicate thatGUSUM test statistic lies within the 95
percent confidence interval throughout the entmengle period suggesting that the null
hypothesis of stability is not rejected. This finglisuggests that the instability of parameters
is not inherent to the model, but possibly attréié to a single outlier which is not fully
explained by the risk factors incorporated into tineestricted model. Even when outliers are

not controlled for, the model still performs welthe CUSUM test statistic falls within the 95
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percent confidence interval for almost the entweation of the sample period as evident in
Figure 8.2.

8.3.2. ARCH/GARCH modelling

The preceding preliminary analysis suggests theaptbposed multifactor model of the return
generating process provides a reasonable descripfidthe process driving South African
stock market returns. The model explains almosp&@ent of the variation in returns with
the domestic risk factors explaining at least I#fdcent of the variation in returns in addition

to UFTW. All factors are statistically significant in thennestricted model, the model is

generally robust to outliers and parameter ingtgbiloes not appear to be inherent to the
model. However, regression diagnostics indicate HRCH effects are present in both
versions of the unrestricted model (Table 8.2, PBn& Table 8.3, Panel A). This suggests
that the ARCH/GARCH framework is more appropriaerhodelling returns on the JSE All-
Share Index (see section 6.4.3 & 6.4.4). Furtheemtire framework also provides insight
into the conditional variance of South African &taeturns. Table 8.4 reports the results of
the unrestricted and restricted versions of theehdgelection of the ARCH/GARCH model
(ARCH (section 6.3.1), GARCH (section 6.3.2), IGARCsection 6.3.3) or EGARCH
(section 6.3.5)), the number of ARCH and GARCH terand the conditional error
distribution is based upon the unrestricted modetlfding outliers) using AIC. The
ARCH/GARCH specification, the number of ARCH and B®@H parameters and the
conditional error distribution applied in the estition of the unrestricted model, are extended
to the restricted versions of the model.

The results in Panel A of Table 8.4 are those efuhrestricted model whereas the results in
Panel B are those of the unrestricted model afiatrolling for outliers. The model in Panel

C excludesUFTW and the model in Panel D is a single-factor modebiporating only
UFTW. The results in Panel A of Table 8.4 are comparabteose of Panel B in Table 8.2.

All factors are individually and jointly statistidya significant. As before, returns on the JSE

All-Share Index are positively related tdFTW, UBP_,UM3_;, UOIL, UZARUS and
UCI, and negatively related tdCPI_, and URBAS. Whereas most coefficients remain
similar in magnitude, the coefficient ®RBAS decreases from an absolute value of 1.318 in

Panel B of Table 8.2 to 0.800 in Panel A of Tahl Jogether, these factors explain 56.2
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percent of the variation in returns and the AlCtistia of -5.322 is lower than the AIC
statistic in Panel B of Table 8.2 suggesting tleg ARCH/GARCH framework yields a
better description of returns on the JSE All-Shadex relative to the LS model. Notably,
regression diagnostics indicate that the GARCH(inaylel with normally distributed errors
provides an adequate description of the return rgéing process. Residuals and squared
residuals are white noise and the ARCH LM test satggthat ARCH effects are no longer
present (see Sadorsky & Henriques, 2001; Guj&@@3). This strengthens the argument that
the ARCH/GARCH framework is a more appropriate ecoatric framework for the
modelling of returns.

Table 8.4: ARCH/GARCH model of JSE All-Share Index returns

Panel A Panel B Panel C Panel D
Intercept -0.002* -0.002** -0.003** -0.002
UFTW 0.888*** 0.835*** - 0.802***
UCPI,_, -0.617** -0.402 -0.961** -
URBAS -0.800*** -0.951*** -1.049*** -
UBP,, 0.071%** 0.072%** 0.090%** -
UM3._, 0.697*** 0.641*** 0.785*** -
UOIL, 0.057** 0.069*** 0.084** -
UZARUS 0.242*** 0.207*** -0.268*** -
UCI, 1.069*** 0.928*** 1.858*** -
DUM 98M 08 - -0.088 - -
R? 0.562 0.626 0.217 0.416
AIC -5.322 -5.393 -4.653 -5.039
F-Statistic 46.463*** 32.676*** 17.619*** 155.915%**
QM 1.077 1.104 0.014 0.136
Q®) 4.422 3.247 8.080 1.856
Q2(1) 0.444 0.064 0.023 0.907
Q2(5) 0.583 2.660 1.643 3.278
ARCH(1) 0.438 0.063 0.022 0.885
ARCH(5) 0.125 0.481 0.292 0.890
ARCH/GARCH GARCH(1,1) GARCH(1,1) GARCH(1,1) GARCH(1,1)
Distribution Normal Normal Normal Normal

Notes:

1. *** |ndicates statistical significance at thepércent level of significance. ** Indicates statiat significance at
the 5 percent level of significance. * Indicateatistical significance at the 10 percent levelighgicance.

2. F-statistics are reported for Wald'’s test of lineastrictions testing the null hypothesis of coéffits jointly
equalling zero (Nelson, 1991; McMillan & Ruiz, 2009

3.Q(1) and Q(5) are Ljung-Box test statistics for residual seciadrelation at the®l and %' orders.
4.Q%(1) and Q?(5)are Ljung-Box test statistics for squared resiciesial correlation at the*land %' orders.
5. ARCH(1) and ARCH(5) are LM test statistics fesidual ARCH effects at thé'and %' orders.

Source: Compiled by author

The results in Panel B indicate that there areufistantial changes in the magnitudes and

signs of the estimated coefficients after contngllfor outliers. However, the coefficient on
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UCPI,_,is now marginally statistically insignificanp{/alue of 0.131). Notably, the decrease
in the absolute size of the coefficient iCPI,_, in Table 8.4 is less pronounced than the

decrease under the LS methodology after controftangoutliers. The question that arises is
whether the unrestricted model in Panel A or theesimicted model which excludes outliers

in Panel B should be chosen as the multifactor inoti¢he return generating process of

South African stock returns. Thie? indicates that after controlling for outliers inrieh B,
the model explains 62.6 percent of the variationréturns — an improvement over the
unrestricted model in Panel A. Furthermore, the At&tistic is now -5.393 suggesting that
removing outliers improves the fit of the model.gRession diagnostics indicate that the
unrestricted model after controlling for outliesalso appropriate. However, although this
version of the unrestricted model explains a greatgount of the variation in returns and the
AIC statistic is lower, the coefficient on the dumrfactor is statistically insignificant
suggesting that the ARCH/GARCH framework, unlikee thS framework, is robust to
outliers. Furthermore, because the coefficient i@ dummy factor is statistically
insignificant, it can be argued that it is unneeegsto control for outliers under the
ARCH/GARCH framework. Following from this argumeittcan be further postulated that
the strongest argument for retaining outliers @t tthe removal of outliers will artificially
improve the characteristics of the model (Brook308&). In light of these arguments, the
unrestricted model in Panel A is accepted as thst mppropriate multifactor model of the

return generating process.

The results of the restricted models are reportdeanel C and Panel D. The purpose of these
models in theresentcontext is to act as benchmarks and these modelbecaonsidered as
“naive models” representative of simpler modelsisTib motivated by Reinganum’s (1981)
argument that there is no justification for accegpta more complex model that does not
convey more information relative to a simpler mod& a similar vein, Eltoret al. (1995)
suggest that a more complex model can only be derel for further use if it outperforms a
simpler model. One approach to determining wheshmultifactor model is more appropriate
relative to a single-factor model or a simpler nf@aétor model, is to determine whether the
unrestricted model encompasses the two models kBy@®d08). In the context of this study,
this suggests that an unrestricted model shouldcoepted if and only if it provides more

insight into the return generating process of SoAtitican stock returns by explaining a
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greater amount of variation relative to simplercfi@ations and results in a more adequate
fit (see section 2.2: 15 & 2.2.4).

The results in Panel C - those of the restrictedehmcorporating the domestic risk factors -
indicate that these factors explain 21.7 percenthefvariation in returns on the JSE All-
Share Index. This suggests that therealue in incorporating these factors into a mattibr

model. The results in Panel D indicate thiiTW explains 41.6 percent of the variation in

returns. The AIC statistic of -5.039 is lower thae AIC statistic of -4.653 of the restricted
model in Panel C suggesting that the restrictedlsifactor model provides a better fit
relative to the seven-factor model. However, theesinicted model in Panel A performs

better relative to both restricted models in Pabeind Panel D. Th&k? suggests that the
unrestricted model explains a higher percentaggaoftion in returns than either of the
restricted models in Panel C and Panel D. The A#fissic is lower than that of the two
restricted models suggesting that this model isemsuitable relative to these simpler
specifications. Furthermore, if the unrestricteddelas considered to be a direct extension of
the single-factor model in Panel D, then the sed@mestic risk factors explain at least an
additional 14.6 percent of the variation in retuors the JSE All-Share Index under the
ARCH/GARCH framework. This represents an increas850096 percent irR?.**° These
findings suggest that the unrestricted model inePAnencompasses the restricted models in
Panel C and Panel D in terms of explanatory powdraalequacy of fit (addressed further in
section 8.4.5 & 8.5.4). Therefore, the unrestriatedltifactor modelis a more appropriate

model of the return generating process (Reingard®&1; Brooks, 2008).

130 Estimated as a percentage change betweerRtiué the unrestricted model and that of the singteea
model.
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8.3.3. Conditional variance
Table 8.5 reports the results of the ARCH/GARCH misdof conditional variance

underlying the unrestricted and restricted versafrthe model in Table 8.4.
Table8.5: ARCH/GARCH model of JSE All-Share Index conditional variance

Panel A Panel B Panel C Panel D
ARCH/GARCH GARCH(1,1) GARCH(1,1) GARCH(1,1) GARC1,1)
Distribution Normal Normal Normal Normal
w 1.22E-05 1.38E-05 3.08E-05 5.09E-05
a, 0.188** 0.145 0.143 0.199***
B 0.780*** 0.802*** 0.812*** 0.682***
F-Statistic 201.193*** 105.504*** 143.534*** 75 MAx**

Notes:

1. ** Indicates statistical significance at theércent level of significance. ** Indicates statiat
significance at the 5 percent level of significantindicates statistical significance at the 10qgeat level of
significance.

2. F-statistics are reported for Wald's test of linegstrictions testing the null hypothesis of coeadfits
jointly equalling zero (Nelson, 1991; McMillan & ) 2009).

Source: Compilgdauthor
The results in Panel A of Table 8.5 indicate thathbARCH and GARCH terms are

individually and jointly statistically significansuggesting that the conditional variance of
returns on the JSE All-Share Index is of a timesway nature. This confirms that the
GARCH(1,1) specification is appropriate for the rallidg of returns on the South African
stock market. In Panel B, only the coefficient ba GARCH term is statistically significant,
although theF-statistic suggests that the ARCH and GARCH ternesj@intly statistically
significant. This also holds true for the condiabwariance model underlying the restricted
version of the model in Panel C of Table 8.4. Ind?&®, both ARCH and GARCH terms are
individually and jointly statistically significanfThese results suggest that the conditional
variance is of a time-varying nature and therefdtee ARCH/GARCH framework is
appropriate. Following these findings, all furthemalysis is based upon thmmrestricted
model estimated within the ARCH/GARCH econometratriework.

8.3.4. Additional risk factors in South African gtaeturns

The multifactor model of returns on the JSE All-&hndex suggests that returns are driven
by eight risk factors with each factor represemtatf one of several risk categories. While
the unrestricted model estimated within the ARCHR&A framework provides an adequate
description of the return generating process afirnst on the JSE All-Share Index, it is
possible that there are other factors that exptairns and therefore, should also be
considered as valid APT factors. It is assumed utide APT framework that the covariance

between the residualsg;, , and factor realizationsF,, , is zero (see equation (2.3); section
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2.1; Burmeisteret al, 1994). This assumption will hold for factors angorated into the
model of the return generating process. The covegidetween factonsot included in the
model and the residuals shoudigally be zero if all systematic risk has been captuseddk
factors in the modellf this is the case, then this indicates that tkeé &f factors used to
explain returns proxies for and captures information the remaining factors not
incorporated into the modeHowever, if this assumption does not hold, therdi@cwhich
show significant covariance with the residuals $thdae considered as APT risk factors that
can also be used to explain the return generatioceps. It is possible that in this study, this
assumption does not hold, as the model is constiueith the intention of identifying risk

categories and not maximizing the amount of vamatéxplained (see Van Rensburg, 1996).

To test whether the eight factors in the model aghall explanatory power and to address
the exclusion of factors with high levels of exm@#ory power, theorrelation between the
remaining factors and the residuals of the modedxiamined. Instead of considering the
covariancebetween the remaining factors and the residualsgelation is considered, as
correlation indicates the direction and strengttthef linear relationship (Galpin, 2006
Correlation coefficients indicating the level ofration between the remaining risk factors
and residuals obtained from the unrestricted madelreported in Panel A of Table 8.6.
Correlation coefficients indicating the level ofrgation between returns on the JSE All-
Share Index and the risk factors are reported nmeF& for comparative purposes.

The results in Panel A of Table 8.6 indicate thayseven candidate risk factors remain out
of a total of twenty risk factors not included inetmodel. Factors that are significantly
correlated with the residuals ar&NK,, UMR, UTBT3, USAGHRO, USAGEO,

UCOM, andUMET, . However, in each instance, the level of corretatiecreases suggesting

that the risk factors incorporated into the modgilan most of the variation in returns. For

example, whereas the level of correlation betwd®&K, and returns on the JSE All-Share
Index is 0.549, the level of correlation betwddNK, and the residuals is only 0.120. This
suggests that althouddNK; containssomerelevant information, most of the information is

captured by the risk factors incorporated into mhedel. As the correlation coefficient of

131 Correlation coefficients are bounded by valuesvbeh -1 and 1.
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UNK, and the residuals is marginally statistically gigant (p-value of 0.0998) and its

explanatory power for the residuals is almost gl (R*= 0.0105), it can be ignored.
Table 8.6: Correlation of JSE All-Share | ndex residuals with omitted risk factors

Panel A Panel B

SUM[ UMt
ubDJ, 0.045 0.619***
UFTSE 0.080 0.608***
UMSC]|, 0.010 0.638***
UMSCIR -0.007 0.467***
UNK, 0.120* 0.549***
UMR 0.126* 0.217***
UBP 0.020 0.136*
USLS., -0.012 0.158**
UM1A 0.005 0.144*
UM3_, -0.118 -0.225%**
UTBT3, -0.158** -0.291%**
USAGHRQ, -0.291** -0.406***
USAGBB0, -0.304*** -0.410%**
UCOM, 0.167** 0.386%**
UMET, 0.129* 0.429%**
UNFCI, 0.016 0.168***
uTT, 0.047 0.124*
ULTT, -0.019 0.393%**
UCTT, 0.054 0.148**
ULI, 0.047 0.222%**
Notes:

1. *** Indicates statistical significance at the pkercent
level of significance. ** Indicates statistical mifjcance at
the 5 percent level of significance. * Indicateatistical
significance at the 10 percent level of significanc

Source: Compiled by author
Correlation between returns akdMP declines from 0.217 to 0.126, but remains statdy

significant suggesting thdtBR_, may not fully capture risk associated with unexeec

changes in real activity. Another factor of inteyeghich is significantly correlated with the

residuals, IUMET, . However, as wittUMP, the correlation coefficient declines from 0.429
to 0.129 suggesting that most of the impacUMET, is captured by the eight risk factors in
the model. As the correlation betweelFTW and UMET, is 0.413, it is plausible that
UFTW captures a significant proportion of the impactUMIET, on returns. As wittUNK,,
the explanatory power dMP. and UMET,, after controlling for the eight risk factors is

almost negligible; single-factor regressions of tksiduals on these factors indicate that

individually, these factors explain just over 1qmnt of the variation in the residuals.
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Changes in general commodity pricéCOM,, retain some explanatory power; although,
the correlation coefficient decreases from 0.38®.t67. A single-factor regression of the
residuals ontdJCOM, shows that this factor explains 2.274 percenthef\ariation in the
residuals. This is comparable to the amount ofadi@an explained byM 3_, andUCPI,_, in
Table 8.1. The high level of correlation betwdg@OM, and UMET, (0.579) suggests that
UCOM, can be incorporated into the model to capture ggmemmodity price risland the
impact of UMET, . Furthermore, a®COM, has greateresidual explanatory power relative
to UMET, , it is a more appropriate candidate risk factoreigplaining time series variation if
a parsimonious description of the return generapiragess is sought. Correlation between
the residuals andJTBT3, decreases by approximately half (in absolute terafter
controlling for the eight risk factors, but is btgtatistically significant. USAGBRO0, and
USAGE30, - the two measures of long-term interest ratesands out. There is only a
relatively small decrease in absolute correlati@twieen these factors, returns and the
residuals; correlation decreases from 0.406 toI0f@@USAGRO, and from 0.410 to 0.304
for USAGEB0, after controlling for the eight risk factors. Sledactor regressions of the

residuals onto these factors indicate that the aggtbry power of these factors declines;
USAGHOQ, explains 7.984 percent of the variation in theidwsls whereadJSAGESO,

explains 8.725 percent. This represents a dediirtea explanatory power of these factors of
approximately 8 percent and 7.6 percent respegti(eée Table 8.1) indicating that a
significant portion of the impact of long-term ingst rates is captured by the eight factors
incorporated into the model. Nevertheless, the gmes of residual explanatory power
suggests that at the very least, the long-ternraaterate factors should be considered as

important risk factors in the South African finasoenvironment.

Remaining factors — factors with residual explanafmower - can be incorporated into the
return generating process within a two-stage fraonkw(section 2.2.3: 25; YIi-Olli &
Virtanen, 1992). In the first stage, returns agressed on the eight factors used in the model
of the return generating process. In this way,abgence of the model is preserved. In the
second stage, residuals are regressed onto anynregifactors. These remaining factors will

be either a long-term interest rate factor ICOM, or both. A two-stage time series

approach will avoid a multicollinearity problem attte associated dilution of the impact of
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factors that is likely to arise with the inclusiof these factors in the original specification
(see Blanchard, 1987). AlternativelyJSAGBRO, or USAGB(Q and UCOM, can be

substituted for a number of factors in the eiglttda model. This approach however will
deviate from the approach undertaken, which seekastribe variation within the return
generating process to several risk categoriesllireathird solution is to treat the residuals
in generalizationsof the model as a residual market factor thatwagt the impact of the

omitted factors in Panel A of Table 8.6 and thawtfer unspecified omitted risk factors
(Burmeister & Wall, 1986; Van Rensburg, 1996; Beztwal, 1988).

8.3.5. South African stock market: A synthesis

After testing a number of combinations of factonsl @n the basis of the univariate analysis
conducted in section 8.%, was decided that a model representative of ¢herm generating
process of South African stock returns should idellas many risk factor categories as
possible (section 8.3.1: 173). This approach resuta eight-factor model for the South
African stock market (equation 8.1). An identicabael is applied for the economic groups

and industrial sectors with the residuals of thek@&iamodel treated as the residual market

factor, UM ¢, (additional factor in equation 8.2; discussedant®n 8.4 & 8.5). The factors

chosen to represent the return generating prockteeoSouth African stock market are

international risk JFTW), inflation (UCPI,_,), inflation expectationsyRBAS), real activity
(UBR_;), money supplyUM3,_,), oil prices UOIL,), the exchange rat&JZARUS), and the

business cycle|Cl,).

Preliminary analysis relying upon the LS framewadnfirms the appropriateness of the
ARCH/GARCH framework (section 8.3.1; Table 8.2 &8.ARCH effects are present in the
unrestricted model. Nevertheless, the model ofréern generating process explains returns
on the JSE All-Share Index rather well; tR& suggests that almost 60 percent of the variation
in returns is explained (see section 8.3.1: 171h]& 8.2, Panel B). ARCH/GARCH modelling
is undertaken next in section 8.3.2 and on theshzdhe AIC, a GARCH(1,1) model is chosen
(see Table 8.4). The unrestricted version of thelehexplains over 56 percent of the variation

in returns with UFTW, UCPI_,, URBAS, UBP_, UM3_,, UOIL, UZARUS, and UCI,

found to be statistically significant individualgnd jointly (see section 8.3.2 for a detailed
discussion; Table 8.4, Panel A for main resulsshower AIC (relative to the AIC for the LS
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model) for the unrestricted GARCH(1,1) model canirthat the ARCH/GARCH framework
is more appropriate for the modelling of South &din stock returns. Notably, both tRé and

the AIC suggest that the unrestricted model outper$ restricted versions of the model in
terms of explanatory power and fit (see Table 8Hjis confirms the appropriates of the
multifactor model specification used to describe tleturn generating process (see section
8.3.2: 183; section 2.2.4). The results of the ARGARCH models of conditional variance
(both restricted and unrestricted; section 8.3ahld@ 8.5) further confirm the appropriateness
of using the ARCH/GARCH framework for modelling SloAfrican stock market returns. The
results in Panel A of Table 8.6 suggest that tla@esother factors that feature in the return
generating process (see section 8.3.4: 186). Tihedaf the multifactor approach utilized to
capture the impact of these factors suggests talilom of the approach. Factors with residual

explanatory power are the long-term interest ratgofrs, USAGBO, and USAGE3(Q,. It is

suggested that further consideration be given &sdhfactors (section 8.3.4: 18@eneral

commodity pricesJCOM, , also carry some residual explanatory power.

8.4. Economic groups

8.4.1. Economic group model

The preceding discussion indicates that the regemnerating process of South African stock
returns can be described by a multifactor modebnparating innovations in eight risk
factors, representative of international risk,atifin, real activity, money supply, commodity
prices, exchange rates and the domestic business. dyhis multifactor model — estimated
within the ARCH/GRACH framework - explains more thiaalf of the variation in returns on
the JSE All-Share Index and encompasses simplaiifigggions in terms of explanatory
power and adequacy of fit. It is assumed that bexdbese factors explain returns on an
aggregate, they have a pervasive impact upon théhSdrican stock market implying that
these factors will describe returns on economiaigsoand industrial sectors (section 3.2.2:
62: Van Rensburg, 1996, 2000).

The economic group model is based upon the urcesirgeneral market model in equation
(8.1) and incorporates the same factors used tehnetlirns on the JSE All-Share Indaxd
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a residual market factor denoted b &,'** obtained from the unrestricted GARCH(1,1)
model.UM ¢, is assumed to reflect the impact of factors tiatsegnificantly correlated with

the residuals in Panel A of Table 8.6 and to ac eatch-all proxy for omitted risk factors
(Van Rensburg, 1996; Beret al, 1988). The specification is as follows:

Rt =a+t t:l)JM‘SL‘”\/Igt + laFTW UFTW+ QCPI UCPtI—l + QQBAS URBAS- LQP UBPF UQZ LMI
+hJOILUOIL[ + l:{JZARUSLJZAFQL"S-F QCI UCtI+£it ZB

where R, is the return on economic group indeat timet, UM¢, is the residual market
factor andUFTW, UCPI_,, URBAS, UBR_,UM3_;, UOIL,, UZARUS and UCI, are

innovations in the respective risk factors incogted into the model. Residuals for economic
groupi are denoted by, and the model is estimated within the ARCH/GARC&hfework.

The results in Table 8.7 indicate that of the 8timesed factor coefficients, 59 are
statistically significant at the 10 percent, 5 matcor 1 percent levels of significance. An
averageR? of 0.570 suggests that on average, the modeliesphd@ percent of the variation
in returns on the economic group indices. With réga the maximum and minimum amount
of variation explained by the model, the model ek 72.7 percent of variation in returns
on the oil and gas economic group index and 39r6epé of variation in returns on the
technology economic group indek-statistics for Wald’'s test of coefficient restrists
suggest that the null hypothesis of all coefficsejatintly equalling zero can be rejected for
each economic group. As with the results of theestnicted model of returns on the JSE All-
Share Index in Panel A of Table 8.4, the rejectibrihe null hypothesis for all economic
group indices points towards the significance ofitig multiple factors in the model. This
provides further support forraultifactor model of the return generating process of thetsout

African stock market (see Sadorsky & Henriques, 1200

2 Where UM¢, in equation (8.2) isg,, in equation (8.1) and equation (8.1) is estimatethiw the
ARCH/GARCH framework.
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Table8.7: ARCH/GARCH model of economic group returns

Oil&Gas Basic Industrials Consumer Health Consumer Telecom. Financials Technology
Materials Goods Care Service
Intercept -0.001 -0.004*** -0.003*** -0.a0 -0.002** -0.003*** -0.000 -0.002* 0.002
UMe¢, 1.221%** 1.153*** 0.995*** 0.732*** 0.822*** 0.845*** 0.760*** 0.675%** 0.920***
UFTW 0.893*** 0.934*** 0.678*** 0.791*** 0.680*** 0.623*** 0.785*** 0.834*** 1.461%**
UCPI,_, -0.183 -0.844*** -0.791*** -0.398 -0.94** -1.139%+* -0.717* -0.446* -0.399
URBAS -0.676** -1.107%** -0.982*** -0.590** 0.812%** -0.830*** -1.044%* -1.086*** -0.591*
UBR, 0.072%** 0.098*** 0.052%** 0.021 0.034* 0.013 0.140%*=* 0.056*** 0.024
UM3_, 1.204%*** 0.767*** 0.246 0.653*** 0.109 0.377* -0.334 0.394** 0.357
UOIL, 0.166*** 0.155*** -0.019 -0.001 0.023 ar3 -0.084* -0.056** 0.084*
UZARUS 0.490*** 0.229%** -0.106** 0.313*** 0.091 0.224*** -0.214** 0.073 0.699***
UCl, 2.168*** 1.282%*= 0.385 1.226** 0.006 0.264 -0.301 -0.084 0.021
R? 0.727 0.574 0.700 0.489 0.543 0.609 0.434 0.659 0.395
AlC -5.228 -4.851 -5.515 -4.911 -5.204 -5.161 -4.292 -5.433 -3.727
F-Statistic 93.181*** 80.366*** 81.897*** 21.28** 151.514%** 53.623*** 41.710%** 56.127*** 36.419%**
QM 3.537* 0.024 0.029 4.302** 0.1780 1.994 0.088 1.292 2.851*
Q®) 7.961 4.567 3.612 10.151* 4.704 5.876 12.534** 9.720* 10.162*
Q2 0.410 0.000 0.0442 0.3151 0.020 0.036 0.841 0.267 0.041
Q2(5) 2.557 3.073 1.082 1.1540 2.470 1.508 2.766 1.294 2.731
ARCH(1) 0.398 0.000 0.043 0.306 0.020 0.035 0.826 0.259 0.039
ARCH(5) 0.659 0.701 0.189 0.222 0.573 0.288 0.534 0.251 0.458
ARCH/GARCH GARCH(2,2) IGARCH(2,2) GARCH(1,2) GATH(1,2) EGARCH(2,2) EGARCH(2,1) GARCH(2,1) EGARCH(1,2) EGARCH(1,2)
Distribution GED GED Studentts Student’s Normal Normal GED Student’s$ Normal
Notes:

1. »* |Indicates statistical significance at thgé&rcent level of significance. ** Indicates statat significance at the 5 percent level of sigrafice. * Indicates statistical significance at
the 10 percent level of significance.

2. F-statistics are reported for Wald's test of linezstrictions testing the null hypothesis of coeéfits jointly equalling zero (Nelson, 1991; McMill& Ruiz, 2009).

3. Q(1) andQ(5) are Ljung-Box test statistics for residual seciafrelation at the®l and ' orders.

4. Q*(1) and Q?(5)are Ljung-Box test statistics for squared resickeslal correlation at the'land %' orders.
5. ARCH(1) and ARCH(5) are LM test statistics fesidual ARCH effects at thé'and ¥ orders.

Source: Compiled by author
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The results in Table 8.7 indicate that almost fthe factors with the exception &fCl, have a

pervasive impact on returns on the economic growjicés. The most important factors are
UMe¢ and UFTW. The relationship between each return series @b, is positive and
statistically significant, suggesting that retuors the economic group indices move positively
with returns on the JSE All-Share Index. The puwsitand statistically significant relationship
between returns for each economic group BRIW suggests that returns on economic groups
respond positively to innovations in the globalaficial environment. Furthermore, this finding
suggests that the South African stock market isliziqtegrated with international and foreign
markets (see Clare & Priestley, 1998; Bilstral, 2001).UCPI,_, has a negative and statistically
significant impact upon six out of nine economiowps suggesting that, on a balance of
probabilities, it is a pervasive factor in the Sowtfrican stock market. Economic groups
unaffected by innovations iUCPI_, are the oil and gas, consumer goods and technology
economic groups. A possible reason for the lack sfgnificant relationship betwedtCPI,

and returns on these three economic groups igrfhation costs can be passed on in the form of
higher prices for these economic groups and thexefxpected cash flows are not affected by
inflation (Berryet al, 1988; Nandha & Faff, 2008). Bergt al (1988) also find that inflation
risk does not impact returns on the oil economumugrin the US. This suggests that a pass-
through effect explanation may be applicable to Smeith African stock market, even if this
explanation is limited to returns on the oil and gaconomic group. Returns on all economic
groups are negatively and significantly related®BAS, suggesting that unexpected changes

in inflation expectations are more important refatito unexpected changes in inflation in

explaining South African stock returns.

Real activity,UBR_,, has a positive and statistically significant ircpan the returns on six out

of nine economic groups. The economic groups fackketurns are not significantly related to

UBR_, are the consumer goods, consumer services andolegly economic groups. It may be

that these specific economic groupings are simplyimfluenced by changes in real activity or

that there ar®ther proxies for real activity that are better at mesguthe risk associated with

real activity for these groups. Innovations in thead money supplyUM3_,, have a
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statistically significant and positive impact upiie returns on five out of nine economic groups.
The coefficient onlUM 3 _; is positive but statistically insignificant forttens on the industrials,
health care and technology economic groups, anativegbut statistically insignificant for
returns on the telecommunications economic grouqe dverwhelmingly positive relationship
between returns andM3_, may arise for a number of reasons. Mookerjee and(M97)
suggest that monetary aggregates carry policy nmition content. Bilsoret al (2001) and
Kandir (2008) argue that increases in the moneylgupositively impact real activity, which
suggests greater expected cash flows. Giinsel akdr Q2007) suggest that an increase in the
money supply implies falling interest rates, whiohturn translate into higher expected future
cash flows. The generally positive relationship liegpthat whatever information is contained in

UM 3 _, has a positive impact upon returns and this fazpturesertain aspects of real activity

or the policy stance of the SARB.

The impact ofUOIL,is interesting. The results of the unrestricted etaxf returns on the JSE

All-Share Index in Panel A of Table 8.4 suggest tenges in oil prices have a positive impact
upon returns. This is somewhat contrary to theargich generally stipulates that oil price
shocks have aegativeimpact upon returns (Kaul & Seyhun, 1990; Nandhd& &kf, 2008).
Results in Table 8.7 indicate that returns for foug of nine economic groups amegatively

related toUOIL, . Having made this observation, it is surprisingttteturns on the JSE All-Share
Index arepositivelyrelated toUOIL,. A clue to the positive impact dfOIL, on returns on the
JSE All-Share Index is offered by the positive (atatistically significant) coefficient obOIL,

for the oil and gas and basic materials econonoas. The coefficient obOIL, for these two
economic groups is 0.166 and 0.155 respectivelg. Mstnegativecoefficient onUOIL, is -
0.084 for returns on the telecommunications econaroup. This suggests that the high levels
of positive sensitivity of the oil and gas and basiaterial economic groups tdOIL, bias the
results of the model of JSE All-Share Index retumgavour of a positive relationship between

UOIL, and returns. In their entirety, results indicatevegative and statistically significant

relationship between returns on the telecommuminatiand financial economic group indices

andUOIL, and a positive and statistically significant rielaship between returns on the oil and
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gas, basic materials and technology economic grimgiices. That the direction of the

relationship between returns and a specific fact@my differ across economic groups is
recognized in the literature; events that negatiwelpact returns on one economic group can
positively impact returns on another economic gr{@B@enstock & Chan, 1988; Jones & Kaul,

1997). AsUOIL, has a statistically significant impact on the nesuof five out of nine economic
groups, it may be considered as a pervasive fatldARUS has a statistically significant

impact on the returns of seven out of nine econgnicips. Returns on the oil and gas, basic
materials, consumer goods, and technology econgmuiaps are positively and significantly

related to UZARUS whereas returns on the industrials, consumer =sviand
telecommunications economic groups are negativedy sagnificantly related t&JZARUS. As
with UOIL,, the inconsistency in the direction of the relasioip is not unexpected. The results

in Table 8.7 are certainly consistent with the Hipsis that the nature and composition of an
economic group determines the direction of thetigrlahip between exchange rate fluctuations
and returns (Jorion, 1990; Griffin & Stultz, 20015.

UCI, does not have a pervasive impact upon returnsy ¢tmee economic groups are
significantly affected byUCI,. Returns on the oil and gas, basic materials aedconsumer
goods economic group indices are positively andisagntly related toUCl,. The relationship

is positive but statistically insignificant for foout of the remaining six groups and negative but
statistically insignificant for two out of the remang six groups. The results in Table 8.7
contrast with the results of the model of returngtee JSE All-Share Index in Panel A of Table
8.4, which suggest thaiCl, has a systematic impact. As withOIL,, it is possible that the high
levels of sensitivity of returns on certain economioups which compromise the JSE All-Share
Index bias the results of the unrestricted moddPamel A of Table 8.4 in favour of a positive

and statistically significant relationship betwesturns andUCl, at the aggregate level. The

133 A more definitive pronouncement upon the naturehef relationship requires a detailed investigatdrthe

constituents of the economic groups and the natitieeir operations, an endeavour that is beyordstiope of this
study. Examples of studies concerned with a morgildd overview of specific industries as opposedat
generalized overview of the return generating pssoaf an extended number of economic groups andsiridl

sectors are those of Sadorsky (2001) and Sadorgkyanriques (2001).
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coefficients onUCI, for the oil and gas, basic materials and consuyneds economic groups
are 2.168, 1.282 and 1.226 respectively. The ecangroup with the next highest exposure to
UCI, is the industrials economic group with a coefftief 0.385. This suggests that returns on
the former three economic group indices show ardpptionate sensitivity tdJCI,, which
biases the results of the unrestricted model irePAnof Table 8.4 in favour of a statistically
significant relationship. Furthermore, this implibst the impact otJCI, is specific to a subset
of South African stocks (see Kryzanowski & To, 1R8B must be recalled that/Cl,, the

coincident composite index — an indicator of theibess cycle — is used in place of the default
spread to capture the impact of business cycles tgiarns (Chaet al, 1985). As the impact of
UClI,is limited to three economic groups, it may be higpsized that the role of the default

spread will also be limited in the South Africanntext. This contrasts with its relative
importance in US markets (see Figure 3.1; Burme&éd/all, 1986; Berryet al.,, 1988).
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8.4.2. Risk exposure profile

Following Berryet al (1988) , the risk exposure profile of the ecorogroups and the JSE All-
Share Index is reported in Figure 8.3 (also seairBid.1). Estimated exposures — factor
coefficients — are reported as absolute valuesurReton the oil and gas economic group are

especially sensitive tdM &, while returns on other economic groups are lessitee toUM ¢, .
UFTW has a disproportionate impact upon returns ortgblenology economic group whereas

returns on all other economic groups are affecte@ tesser extent by this factor. Whereas

returns on the consumer services economic groufighty responsive taJCPI,_,, returns on

the oil and gas economic group are least resporsiv@novations in this factor. While returns

on the financials economic group are not very simesto UCPI,_;, they are highly sensitive to
URBAS. Returns on the financials, basic materials amecoenmunication economic groups
exhibit similar levels of sensitivity ttJRBAS. Returns on the telecommunication economic
group are highly sensitive toBR_, relative to other groups followed by returns oe thasic
materials and oil and gas economic groups whichvshaimilar level of sensitivity t&JBP .

Returns on the consumer goods and consumer seeomg®Mic groups are least sensitive to

UBR_,. Returns on the oil and gas economic group arbhhigensitive toUM3_, whereas
returns on the health care economic group are semsitive tdUM 3_,. The level of exposure to
UOIL, is similar for returns on the oil and gas, and He@sic materials economic groups

suggesting that these two groups share similaackexristics. As can be expected, returns on the

oil and gas economic group are the most sensifiedl groups toUOIL, .
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Figure 8.3: Risk exposure profile for economic groups
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An interesting observation in Figure 8.3 is thatines on the technology economic group exhibit
the highest level of sensitivity out of the nineoesmic groups toJZARUS as well as the
highest level of sensitivity t&JFTW. Given this observation and thBlZARUS potentially
captures elements of international risk, it mayhlypothesized that returns on this economic
group are mainly driven by international risk fastas opposed to domestic risk factors. Returns
on the oil and gas economic group are most seadititJCI, out of the nine economic groups.
This suggests that oil prices — which have a stiamgact on returns for this group - are also
related to fluctuations in the business cycle. Taigument is supported by a statistically

significant correlation coefficient (unreportedtext) of 0.233 forUCI, and UOIL,. In contrast,
returns on the health care economic group are a@lmsensitive toUCI, . It can be argued that

risk exposures for these economic groups generlyespond to the intuition behind the
distribution of different risk types.

The risk exposure profile of returns on the JSESihre Index reported in Figure 8.3 can be
used to draw comparisons between risk inhererdgturms on the economic groups and the South
African stock market as a whole. For example, retwon the oil and gas economic group index

are more sensitive toCl, than returns on South African stocks in generateWas the South
African stock market is less responsiveld@IL, relative to returns on the oil and gas economic
group, returns on the this group are relatively lssnsitive tdJCPI,_,. One can also gauge the

level of overall riskiness of certain economic groups relativeh® $outh African stock market
by comparing estimated exposures to risk factotherreturn generating process. Returns on the
consumer goods economic group exhibit exposurdsetask factors that aigenerallylower for
most risk types relative to the exposures of thetlsé\frican stock market. This suggests that
the consumer goods economic group is less rislaivel to the South African stock market (see
Chanet al, 1990). The converse is true for groups thatlaklexposures to risk factors that are
generallygreater than those of returns on the JSE All-Shadex such as the oil and gas, and
basic materials economic groups. Risk exposurdlgsafeveal a number of interesting patterns

that warrant further investigation and should bgrefat interest for further research.
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8.4.3. Conditional variance

The type of ARCH/GARCH specification selected teatée the conditional variance of returns
on the economic group indices provides insight thionature of the conditional variance of the
respective series. The AIC statistic indicates thatEGARCH specification is appropriate for
the conditional variance of four economic groupamely the health care, consumer services,
financials and technology economic groups (seemebt3.3 & 6.3.5). As the EGARCH model
captures the asymmetric relationship between retanal conditional variance, this suggests that
there is an asymmetric relationship between retomshese economic groups and conditional
variance. The asymmetric relationship can be inyattd further by examining the coefficient

of asymmetry, y;,, for each estimated EGARCH conditional variancecgjation (Nelson,

1991; Aga & Kocaman, 2006). Results in Table 8d@aate that the coefficient of asymmetry is
negative and statistically significant for the ctimhal variance models of the health care,
consumer services and technology economic grouggesting that these series exhibit a
leverage effect. Statistically significaRtstatistics for Wald’s test of coefficient restiats for
the four EGARCH models reveal that conditional aage is not constant for each economic
group and therefore, ARCH/GARCH modelling is appraje. However, whereas both ARCH
and GARCH parameters are statistically significantarious orders in the EGARCH model for
the health care, consumer services and technolomyoenic groups, only the first order GARCH

parameter is statistically significant for the ficéals economic group.
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Table 8.8: ARCH/GARCH models of economic group conditional variance

Oil&Gas Basic Industrials Consumer Health Consumer Telecom. Financials Technology
Materials Goods Care Services

ARCH/GARCH GARCH(2,2) IGARCH(2,2) GARCH(1,2) GAR(1,2) EGARCH(2,2) EGARCH(2,1) GARCH(2,1) EGARCHZL EGARCH(1,2)
Distribution GED GED Studentts Student's Normal Normal GED Studentts Normal
w 1.48E-05 - 1.28E-5*** 4. 51E-6*** -2.717%** -0.374%** 2.44E-05 -0.651 -2.560*
a, -0.077*** -0.079*** 0.017%*= 0.002* 0.23* 0.308*** 0.379** 0.121 0.346***
a, 0.164*** 0.129*** - - 0.201 -0.526%** -0.283 - -
B 1.377%* 1.422%** 1.917%* 1.992%** -0.110 0.931*** 0.884*** 1.506%** -0.120
B, 0.505*** -0.472 -0.989*** -1.003*** 0.848*** - - -0.574 0.790***
1A - - - - -0.219** -0.132%** - -016 -0.202%**
F-Statistic 163.693*** 33.925*** 76053.95*%** 106IA45*** 1019.140*** 1.66E+11*** 780.526*** 254.176** 481.120%**

Notes:

1. ** Indicates statistical significance at the&rcent level of significance. ** Indicates statat significance at the 5 percent level of sigrafice. * Indicates statistical significance at
the 10 percent level of significance.

2. F-statistics are reported for Wald’s test of linegstrictions testing the null hypothesis of coaffits jointly equalling zero (Nelson, 1991; McMill& Ruiz, 2009).

Source: Compiled by author
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An IGARCH(2,2) model is employed to describe thaditional variance for the basic materials
group. The IGARCH model is based upon the assumpkiat finite variance does not exist and
can be used to capture infinite persistence in itiondl variance (section 6.3.3; Kargg al,
2009; McMillan & Ruiz, 2009). Although persistené® most often observed with high-
frequency data, there is no reason to believetfigatonditional variance of lower frequency data
will not exhibit infinite persistence. As the AlQasistic indicates the best fitting model out of a
number of alternatives, a finding that the condisibvariance of the basic materials economic
group is described by an IGARCH model suggeststtieatonditional variance of this series is
characterized by infinite persistence. The firsd asecond order ARCH parameters are
statistically significant together with the firstder GARCH parameter and tHestatistic
indicates that the ARCH and GARCH parameters andlyostatistically significant. This implies
that the conditional variance of returns on theidasaterials economic group is of a time-
varying nature and therefore, the fitted IGARCH mlad appropriate.

The GARCH model is chosen to describe the conditivariance of returns on the oil and gas,
industrials, consumer goods and telecommunicatesmomic groups. The GARCH model
specification permits a more flexible lag structwih a longer memory relative to the ARCH
model by incorporating lagged conditional variarteems (section 6.3.2; Bollerslev, 1986;
Elyasiani & Mansur, 1996). The results indicatet tihe ARCH and GARCH parameters of the
GARCH models fitted to the oil and gas, industri@snsumer goods and telecommunications
economic groups are statistically significant facl series. For the oil and gas economic group,
both the first and second order ARCH and GARCH ipatars are statistically significant
whereas for the telecommunications economic grol,first ARCH and the sole GARCH
parameter is statistically significant. The singleCH parameter and both GARCH parameters
for the industrials and consumer goods economiaiggaare statistically significant. THe
statistic is statistically significant for all GARCmodels implying that the conditional variance
of returns on the oil and gas, industrials, consugeds and telecommunications economic
groups is of a time-varying nature and thereforBCA/GARCH modelling is appropriate. As
the GARCH specification is selected to describededitional variance of these four economic
groups, it may be inferred that the conditionaliatace of these economic groups exhibits long

memory. It is also worth noting that the GARCH misder these economic groups require more
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than one lagged conditional variande)(term suggesting that the conditional varianc¢éheke

economic groups exhibiexceptionalljong memory (see Bollerslev, 1986).

8.4.4. Possible specification problems

Regression diagnostics, however, reveal that afhodRCH effects are not present in the
residuals, the model may not be adequatstatistics indicate that the residuals for five ofi

the nine economic groups are not white noise. ThHehypothesis of residuals jointly equalling
zero at the first and/or fifth orders is rejecteor fthe oil and gas, consumer goods,
telecommunications, financials and technology eocdnayroups (see Table 8.7). A number of
reasons are cited in econometric literature foidued serial correlation. One reason is that the
model excludes a factor that should have been deduin the return generating process
specification. Alternatively, the functional form incorrect because it is assumed that returns are
generated by Bnear return generating process as postulated by theffdPifework whereas the
return generating process is in facn-linear (Gujarati, 2003). It must be noted that asirgyle
model specification is generalized to a numberetdim series, it is possible that not all return
series are described by a single specification.réfhie merit in these arguments. If the
misspecification is the result of an omitted factibren this suggests that the residual market
factor is not a sufficient proxy for omitted factofsection 3.2.1, 3.2.2 & 3.3.1; Van Rensburg,
1996; Berryet al, 1988). The assumption that returns are genetate linear factor model is
directly noted in APT literature (section 2.1; Ro4980; Burmeisteret al, 1994). If the
misspecification is the result of the true retuenegrating process not being linear, then this
suggests that the APT framework is not suited talelimg South African stock returns. A
finding that South African stock returns are getextdby a non-linear return generating process
would be an important finding in its own right. &fhatively, a single model specification cannot
be generalized to an extended sample of South&kfnieturn series. This perhaps is indicative of
the difficulties noted by Burmeister (2003) relgtito building models of the return generating
process for different markets. Whereas a singleahgpkecification may be adequate to describe
an extended number of series in the US as in Baray (1988), this may not be the case for the

South African stock market.
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It is tempting, but premature and inappropriateatoept that the model is misspecified and that
the results in Table 8.7 and Table 8.8 are mistgpgrior to investigating the robustness of the
results in the presence of residual serial coigelaflo correct for residual serial correlation and
test the robustness of the results, two approaateeemployed. The first approach to correct for
serial correlation is to re-estimate the models retresidual serial correlation is noted. In re-
estimating these models, the ARCH/GARCH model ef ¢bnditional variance is re-specified
and so is the number of ARCH and GARCH parametadsthe underlying conditional error
distribution (where necessary) (see section 7463). The second approach is based upon that

of Kiymaz and Berument (2003) and involves the taidiof lagged returns denoted IR;_, to

correct for residual serial correlation, whénmepresents an economic group return seriesrand
represents the order of the lag. The lag ordeiis not fixed and may differ from series to series
as required. The number of autoregressive ternnedated is kept to a minimum so as not to
significantly deviate from the essence of the rfadtor model. Whereas the first approach
maintains the essence of the APT framework, therskapproach is inconsistent with the APT
framework. This is because the introduction of eedcessive terms represents the introduction
of series specific factors into the model. Therefdrthe first approach of re-specifying the
ARCH/GARCH conditional variance model fails to et for residual serial correlation, only

then is the second approach employed.

The first approach eliminates residual serial datien in the oil and gas, financials and
technology economic groups. The second approaetpptied to the consumer goods and the
telecommunications economic groups (see Table Aih.2Appendix 1). F-statistics are
statistically significant for all five economic grps indicating that the multifactor model
continues to explain returns on these five econ@roaps. Regression diagnostics do not reveal
evidence of residual serial correlation suggestitag these approaches successfully correct for
residual serial correlation. With the exceptiorttué results for the technology economic group,
results appear to be robust to the presence aduasserial correlation. Although regression
diagnostics indicate that the corrected model fa technology economic group is adequate,
closer inspection suggests that the results arerofmist. Whereas the results in Table 8.7

indicate that returns on this economic group ageicantly related tdJM ¢,, UFTW, URBAS,
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UOIL, and UZARUS, the results of the corrected model indicate teaurns are significantly
related toUM ¢,, UFTW, UCPI_, , UM3_, andUZARUS. URBAS andUOIL, are no longer
statistically significant whereadCPI,_, andUM 3 _, are statistically significant after correcting
for residual serial correlation. The coefficiertaahing toUCPI,_, more than doubles in absolute
magnitude in the corrected model and the coeffic®@nURBAS decreases in absolute terms.
The coefficient onUCI, is now positive. Whereas the results for this eooic group are
somewhat ambiguous, the relationship between retandUM¢,, UFTW and UZARUS is

consistent in magnitude, direction and statissaghificance.

The results of the remaining corrected models ésety comparable to those in Table 8.7,
relationships are consistent and of a similar ntagei For example, both models indicate that

returns on the oil and gas economic group are igeitand significantly related t&JMeg,,
UFTW, UBR_, UM3_,, UOIL,, UZARUS and UCI,; and negatively and significantly related
to URBAS. The averageR’® for the nine economic groups including the coedcmodels is

0.575 whereas the averagé for the models in Table 8.7 is 0.570. The averRjds therefore
comparable. As before, the oil and gas economiagmias the highest (and unchang&d) of
0.727 whereas the technology economic group hagothest R? of 0.410. The consistency of
the results is further evident from Figure 8.4, ethreports the estimated risk exposures (factor
coefficients) for the models in Table 8.7 and thoé¢he corrected models. It is evident from
Figure 8.4 that the magnitude of estimated riskosypes - with the (partial) exception of the
technology economic group - does not change sultstsrfor the corrected models. Even for
the technology economic group return series, estitheisk exposures are roughly comparable
for all factors with the exception &fCPI,_,, URBAS, andUCI,.
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Figure 8.4: Risk exposure profile for economic groups after correcting for residual serial correlation
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As models of the consumer goods and telecommuaitaBconomic groups are augmented with
autoregressive terms and then re-estimated, thetA&EBRCH specifications of the conditional
variance equation remain the same. As in TabletB88ARCH and GARCH parameters of the
conditional variance equation for these two grorgrgain statistically significant individually
and jointly (see Table Al1.2 in Appendix 1). Residsarial correlation for the oil and gas,
financials and technology economic groups is rerddseemploying the IGARCH specification
for each series and assuming different conditienadr distributions for the latter two economic
groups. IGARCH(2,1), IGARCH(1,2) and IGARCH(1,2)esffications are employed to model
the conditional variance of returns on these te@momic groups respectively. That the use of
an IGARCH specification is able to remove residsatial correlation suggests that the
respective GARCH and EGARCH specifications inisiaimployed to model the conditional
variance of these three economic groups fail taurapcertain characteristics of returns and
variance. This finding also suggests that resideaial correlation is not the result of a model
misspecification but rather due to the inadequatythe ARCH/GARCH models fitted.
Furthermore, in the corrected model of the finasciand technology economic groups,
conditional errors are assumed to follow the gdreem@ error distribution in contrast to the
Student’st and normal distributions underlying the respectiviginal models. Brooks (2008)
states that the generalized error distribution empasses a broad family of distributions that can
be used to model many types of series. This argynegether with a lack of residual serial
correlation in the corrected models, suggests thatgeneralized error distribution is more

appropriate for these two economic groups.

While the ARCH and GARCH parameters in the conddiovariance equation are not directly
comparable under the corrected models as the ARBR( specifications differ to those in
Table 8.8 for the oil and gas, financials and tedbgy economic groups, tleverallresult is the
same for two of the three economic groupsstatistics for the oil and gas and technology
economic groups are statistically significant, segjong that the conditional variance of returns
on these two economic groups is of a time-varyiafure (see Table Al.2 in Appendix 1).
Therefore, the application of the ARCH/GARCH franoekvis appropriate for these economic
groups. However, a different conclusion is reacfoedhe financials economic group. Whereas

the F-statistic in Table 8.8 is statistically signifi¢athe F-statistic of the corrected model is
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statistically insignificant suggesting that the ditional variance of this series is not of a time-
varying nature. Nevertheless, the corrected ma@eisal that the main conclusions drawn from
the results in Table 8.8 remain the same. Founbttie five economic groups exhibit evidence
of time-varying variance in the conditional variarspecification, suggesting that the presence of
residual serial correlation does not detract frdra appropriateness of the ARCH/GARCH

framework.

8.4.5. Gains in explanatory power

As results are generally robust to residual sedatelation and residual serial correlation is not
an inherent problem, further analysis is based uperoriginal (uncorrected) return generating
process specification. This approach is methodo#dlyi consistent in that the AIC is used to
select the most appropriate ARCH/GARCH specificafar the conditional variance and retains
the essence of the APT framework in relying onlgmupystematic risk factors to explain returns.
To deduce the explanatory power of the domesticfastors in isolation from the explanatory
power of the residual market factor and the inteéonal risk factor, restricted models are
estimated and the resulta®s are compared to th&* of the unrestricted model for each
economic group. In estimating the restricted versiof the model, the ARCH/GARCH

specification selected upon the basis of the umnctsi model is applied to each economic

group.

The second column in Table 8.9 reports e of a single-factor model incorporatingM e, .

The third column reports thB* of a single-factor model incorporating orllF TW . These two
models indicate the respective explanatory poweghefresidual market factor and international

risk. The fourth column reports thR* of a restricted model incorporating the domesis& r
factors. This indicates whether the set of domessic factors chosen to describe the return

generating process of South African stock retuarsie€s explanatory power that is independent

of UM¢g, and UFTW (see Burmeister & Wall, 1986). The fifth columrpoets the R* of the
model combining the domestic risk fact@ad UM ¢, (Excluding UFTW). The explanatory

power of the unrestricted model (Unrestricted)eparted in the sixth column and the seventh

column reports the explanatory power of a singt#eia model incorporating only the market
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index, UM, . It is important to reiterate the distinction betwddM &, and UM, . The residual
market factorUM ¢, - a proxy for omitted risk factors - is the retwm the JSE All-Share Index
that is uncorrelated wittyFTW, UCPI_,, URBAS, UBR_, UM3_,, UOIL,, UZARUS and
UCI, (Berryet al, 1988; Eltoret al, 2003). The market factotM,, on the other hanceflects
the impact of these and other factors not incotedranto equation (8.1). Therefore, whei,

is used by itself to explain returns, it will hageeater explanatory power relative tiM ¢, .
What is of interest is whether the unrestricted etadcorporatingUM &, and UFTW and the

domestic risk factors has greater explanatory paWwen a single-factor model incorporating

only UM, . If the single-factor moddias greater explanatory power relative to the rcesd

multifactor model, then a single-factor model pd®s a more parsimonious and superior

description of the return generating process otlsadrican stock returns (see section 2.2.4).

Table 8.9: Gainsin explanatory power for economic groups
UMe¢, UFTW Domestic Risk Exc. UFTW Unrestricted UM,

Oil&Gas 0.323 0.171 0.187 0.559 0.727 0.671
Basic Materials 0.248 0.183 0.244 0.466 0.574 D.57
Industrials 0.336 0.309 0.214 0.525 0.700 0.627
Consumer Goods 0.126 0.266 0.057 0.180 0.489 0.485
Health Care 0.282 0.219 0.100 0.376 0.543 0.503
Consumer Services 0.248 0.293 0.205 0.434 0.609 5220.
Telecom. 0.148 0.256 0.146 0.282 0.434 0.342
Financials 0.228 0.364 0.133 0.316 0.659 0.585
Technology 0.091 0.265 -0.011 0.113 0.395 0.384
Average R? 0.225 0.269 0.142 0.361 0.570 0.522

Source: Calexb by author

Table 8.9 indicates that on avera@M &, explains 22.5 percent of the variation in economic
group returns. Notably, this is less tHadRTW, which explains an average of 26.9 percent of the
variation in returns. The relatively important releUFTW in explaining returns again suggests

that the South African stock market is highly inmeggd with global markets and that
international events have a strong influence ug@nSouth African stock market. For certain

economic groups, the explanatory poweld®TW is greater than that &M ¢,. For example,

whereas 12.6 percent of the variation in returnstie consumer goods economic group is

explained byUM¢,, UFTW explains 26.6 percent. Other economic groups foickvUFTW

has greater explanatory power relativelil £, are the consumer services, telecommunications,
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financials and technology economic groups. Econograups for whichUM ¢, has greater
explanatory power relative toFTW are the oil and gas, basic materials, industeal$ health

care economic groups.

The domestic risk factors explain on average 14&&ent of the variation in returns on the
economic groups. The averad® is likely to be understated owing to the low expitory
power of these factors for returns on the consugwyds economic group and lack of
explanatory power for the technology economic grdapthe latter case, this finding supports
the hypothesis that there are other factors thatrelevant to the technology economic group
aside from the domestic risk factors. This is &teso by the high explanatory power @FTW

in the single-factor model for this group, whiclggasts that returns on the technology economic
group are predominantly influenced by internationak factors rather than domestic risk
factors. Nevertheless, the explanatory power ofitiraestic risk factors for the economic groups
should not be underestimated. The explanatory p@kehe domestic risk factors is directly

comparable to the explanatory powerldil & in the single-factor model for the basic materials

and telecommunications economic groups. Islightly lower than the explanatory power of

UM ¢, for the consumer services economic group and Ietiibut nevertheless substantial for
the oil and gas and industrials economic groupsnéxiic risk factors have explanatory power
for returns on the consumer goods, health care farhcials economic groups that is
approximately half or less than half of the exptanapower ofUM ¢, by itself in the single-
factor model. CombinedJM &, and the domestic risk factors (EX¢FTW) on average explain

36.1 percent of the variation in returns on theneoaic group indices. The explanatory power of
these factors ranges between 11.3 percent forettienblogy economic group and 55.9 percent
for the oil and gas economic group. For certaimeaaic groups, the explanatory power of this

combination of factors is lower than the explanamower ofUFTW in the single-factor model.
For example, whereddM ¢, and the domestic risk factors explain 18 percémh® variation in
returns on the consumer goods economic gralfpTW by itself explains 26.6 percent of the

variation in returns on this economic group. TH®oaapplies to the financials and technology
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economic groups, supporting the argument that natesnal risk plays a central role in
explaining South African stock returns (see sect®R.2, 3.3.2 & 4.3.1).

On average, the unrestricted model explains 57epérof the variation in returns on the

economic group indices. This is greater than thewrnexplained byyM¢,, UFTW and the

domestic risk factors alone, suggesting that tieegesubstantial gain in explanatory power when

UM¢g,, UFTW and the domestic risk factors are combined irutivestricted multifactor model.

It is evident that the unrestricted model perfomal in explaining South African stock returns;
on average the unrestricted model explains more tiaf of the variation in returns on the
economic groups compromising the South African lstoarket. The averag®?® in the final
column indicates that returns on the JSE All-Shim@ex account for 52.2 percent of the
variation in the returns on the economic groupdesi This averag®? is lower than that of the
unrestricted model suggesting that on averageyinestricted multifactor model conveys more
information relative to a single-factor alternativehe explanatory power of the single-factor
model and the unrestricted model is comparabléh®basic materials, consumer goods and the
technology economic groups. The unrestricted mbdsl greater explanatory power for the oil
and gas, industrials, health care, consumer sexvieeecommunications and financials economic
groups. Two important conclusions can be reachedn fthese observations. Firstly, the
unrestricted model proposed in this study convejsrination over and above the information

conveyed by a single-factor model relying only uddM,. This suggests thatM, doesnot

capture all sources of risk and that there areraibk factors that contribute to explaining the
return generating process operational in the Sédtitan stock market. Finally and perhaps
most importantly, the evidence presented in Tabeagain suggests that a multifactor model
constructed within the APT framework provides arprapriate description of the return

generating process of South African stock returns.

8.4.6. Omitted risk factors

As the structure of the return generating processnposed upon the data with the aim of
representing as many risk categories as possthie,plausible that factors have been omitted.
This is the case with the model of the returnstenISE All-Share Index; the residuals of the
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unrestricted model of the South African stock mauke significantly correlated witlUNK,,
UMR, UTBT3,, USAGHO,, USAGE(Q,, UCOM, and UMET, (see Table 8.6) suggesting that

the impact of these factors is not captured byfalotors used to explain returns on the JSE All-

Share Index (see section 2.1: 8).

Underlying the linear factor model suggested byART framework is the assumption that the

covariance betwees, and &, is zero. It follows from this assumption that aftentrolling for

systematic risk factors in the return generatimacpss, only asset specific risk remains. If this is

indeed the case and systematic risk has beendodigunted for, then the covariance betwegen
and g, is zero. If this assumption is violated and realdunove together, then this implies that

there are other systematic factors aside from tlooeetly incorporated into the model of the
return generating process that explain the timesdrehaviour of returns (Roll & Ross, 1980).

Although, UM g, should capture the impact of omitted risk factdan Rensburg (2000) states
that the assumption of independence betwegrand ¢, is likely to be violated for models

employing pre-specified macroeconomic factors. @&st twvhether this assumption is violated,
pairwise correlation coefficients are estimated tloe residuals of the economic groups (see
Elton & Gruber, 1988).
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Table 8.10: Residual correlation matrix

Oil&Gas Basic Industrials Consumer Health Care Consumer Telecom. Financials Technology
Materials Goods Services
Qil&Gas -
Basic Materials 0.242%** -
Industrials -0.320*** -0.086 -
Consumer Goods -0.131* -0.137* 0.158** -
Health Care -0.186* -0.169** 0.283*** -0.001 -
Consumer Services -0.549*** -0.287*** 0.488*** 0.040 0.310*** -
Telecom. -0.325%** -0.132* 0.127* -0.026 21 0.342*** -
Financials -0.607*** -0.434%** 0.269*** -0.09 0.291*** 0.446*** 0.231*** -
Technology -0.298*** -0.302%** 0.088 0.075 -0.012 0.278*** 0.307*** 0.208*** -
Notes:

1. »** Indicates statistical significance at thgé&rcent level of significance. ** Indicates stdtat significance at the 5 percent level of sigrafice. * Indicates

statistical significance at the 10 percent leveadighificance.

Source: Compiled by author
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The results in Table 8.10 suggest that the assomjfi independence between and € is

widely violated. Estimated correlation coefficiersge statistically significant for most paired
series. While some correlation can be expectedhitie levels of correlation between certain
residual series suggest that there are other faatde from those included in equation (8.2) that
account for systematic variation in the return gatieg process (section 2.1; Roll & Ross,
1980). Instances where pairwise residual corredai® over 0.4 in absolute terms are of
particular concerf®* Pairwise residual correlation of over 0.4 is oledrbetween the residual
series of the oil and gas and consumer servicesyitland gas and financials, the basic materials
and financials, the industrials and consumer sesyiand the consumer services and financials
economic groups. Given the inclusive approach ualen in selecting factors, it is possible that
there are superior specifications that yield reglisluhat are either uncorrelated or show lower

levels of pairwise correlation (Elton & Gruber, B)8

As noted by Van Rensburg (2000), the violation loé assumption of independence of the
residuals is widely observed in multifactor modeddhe return generating process. This points
towards a general limitation of the APT framewouggesting that a fixed set of risk factors is
unable to fully account for systematic variation the return generating process. A further
potential explanation for the observed levels oifrvaae residual correlation follows from
Kryzanowski and To’s (1983) and Beenstock and Chga986) suggestion that there are
omitted factors that are specific to economic geoapd therefore, not systematic in nature. If
this is indeed the case, then high levels of paewesidual correlation will be limited to a few
economic groups suggesting that there is a fadtat is commonto thesespecific groups.
However, thavidespreadstatistically significant pairwise residual cortéda presented in Table

8.10 provides evidence to the contrary.

It is tempting to accept Van Rensburg’s (2000) gstjgn that the violation of the assumption of
independent residuals is a limitation inherentpgec#ications of the return generating process
that employ pre-specified factors. Accepting thigument; however, fails to acknowledge that

the violation of this assumption leads to a numbkimportant conclusions. The first and

1341n this study, pairwise correlation of between 0.4 andi®dnsidered to be noteworthy; correlation ofi§.5
considered to be problematic. Admittedly, thesei@alare somewhat arbitrary
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obvious conclusion — already stated — is that tlaee other factors in the return generating

process aside from those in equation (8.2). Themskconclusion is that the residual market

factor,UM ¢, , is not an adequate proxy for omitted risk factdiss is especially pertinent given

that the residual market factor plays an importatg in models of the return generating process
and pricing within the APT framework (section 3,2323.1 & 4.3.1; Burmeister & Wall, 1986;
McElroy & Burmeister, 1988; Berrgt al, 1988; Van Rensburg, 1996). This second conalusio
by itself is important and suggests thasiagle residual market factor fails to account for the
impact of omitted risk factors. This implies thatot or more residual market factors may be
required. Such an approach is undertaken by Vamsieg (2000) who constructs two residual
market factors from returns on the JSE Industma All-Gold Indices. Not only does the fit of
Van Rensburg’s (2000) model of the returns on 8 All-Share Index improve significantly, a
number of risk factors that were previously stat#ly insignificant are now significant. It is
suggested that a failure to account for omittedofgcresults in an estimation bias which leads to
erroneous inferences that certain factors are umitapt in explaining the return generating
process.

The question of the adequacy of the residual mdaatorandthat of omitted risk factors can be
investigated within the APT framework (see equat{@r8)). It must be noted that nine risk
factors out of an extended set of candidate risitofa are incorporated into the model.

Moreover, a number of omitted risk factors are fbua be significantly correlated with the
residuals of the general market model (equatiod)X8n Table 8.6 suggesting thatM ¢,

capturessomeof the impact of these factors. UM ¢, is an adequate proxy for omitted risk
factors, then the residuals of each economic gehquld be uncorrelated with factors omitted
from the model implying thatUM ¢, is a proxy forsomeomitted factors. If the residuals are
correlated with omitted risk factors, then this gesgts thalUM ¢, is not an adequate proxy and

some of these omitted factors may be responsibléhéo pairwise residual correlation observed
in Table 8.10. However, even if the residuals areowrelated with these omitted factors, then in
light of the results in Table 8.10, there are adddl factors in the return generating process not

considered in the extended set of risk factors.
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8.4.7. Additional risk factors in economic groupums

The results in Table 8.11 are somewhat ambiguatenghat no omitted risk factors, aside from
USAGHO, and USAGB3(Q,, exhibit a consistent pattern of statisticallyrsiigant correlation
with the residualsUSAGBO, and USAGBQ, are significantly correlated with the residuals of

the oil and gas, basic materials, industrials, oores services and financials economic groups.
This suggests that the impact of these two interast factors is not fully accounted for by

UMe¢,. Correlation betweetdSAGR.0,, USAGEB0, and the residuals is significant, but not of a

exceptionally high magnitude. However, the finalsceconomic group is an exception; the level
of correlation between these two factors and tisedvals is above 0.4 in absolute terms. The
next highest correlation is betweddSAGHRQ,, USAGEO, and the residuals of the basic

materials economic group at 0.217 and 0.225 reseéetGiven these levels of correlation, it is
unlikely that the omission 0USAGBRQ, and USAGEQ, fully accounts for the high levels of

pairwise residual correlation reported in Table08.Nevertheless, the noteworthy levels of

correlation betweeSAGHOQ, , USAGES0, and the residuals again suggest that these faat®rs

important in the return generating process of Saédititan stock returns (see section 2.1: 8).

Another factor that shows noteworthy correlationtwthe residuals i9JCOM, . Whereas the

pattern of correlation for this factor is not systgic, the residuals of the basic materials,

industrials, health care and financials economaugs are significantly correlated withCOM,

implying that the impact oUCOM, is not fully captured byJMe¢,. The level of correlation
betweenUCOM, and the residuals of the abovementioned econonoispg is however of a
lower magnitude than the correlation observed betwB&SAGHO , USAGBQ, and the

residuals. Correlation between this factor and bsiduals ranges between -0.158 for the
financials economic group and 0.093 for the oil agab economic group. Therefore, the

omission of UCOM, is not of great concern even if its impact is fdly accounted for by

UMe¢,.
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Table 8.11: Correation of economic group residuals with omitted risk factors

Oil&Gas Basic Industrials Consumer Health Consumer Telecom. Financials Technology
Materials Goods Care Services

uDJ, -0.027 -0.105 0.047 0.093 -0.018 66.0 0.049 0.152** 0.067

UFTSE -0.021 -0.179* 0.045 0.112 -0.016 12B* 0.061 0.063 0.111
UMSC|, -0.097 -0.184** 0.073 0.144* -0.005 0.129* 0.111 0.138* 0.115
UMSCIR -0.109 -0.165*** -0.014 0.212%** -0.065 0.108 0.083 0.027 0.036
UNK, -0.064 -0.154** 0.085 0.093 0.028 116 0.040 0.120* 0.095
UMP 0.013 -0.084 0.085 -0.041 0.006 48.0 0.076 0.068 0.013
UBR -0.022 -0.019 -0.002 -0.089 0.022 06.0 0.176** -0.74 0.049

USLS, -0.069 -0.123* -0.112 -0.041 0.039 07 -0.056 0.084 -0.061
UM1A -0.025 0.048 -0.017 -0.075 -0.004 18.0 -0.027 0.073 0.038
UM3_, -0.067 -0.017 0.041 -0.055 0.056 6@.0 0.104 -0.047 -0.055
UTBT3, 0.000 0.008 0.016 -0.070 0.073 10.0 0.087 -0.058 0.041
USAGHLQ, 0.167** 0.217*%* -0.149* 0.094 -0.105 -0.187*** -0.069 -0.449*** -0.105

USAGE0, 0.163** 0.225*** -0.163** 0.105 -0.097 -0.1971 *** -0.066 -0.447*** -0.098

ucowm, 0.093 0.136* -0.133* -0.101 -0.149**  -0.093 -0.060 -0.158** -0.080
UMET, 0.065 0.104 -0.099 -0.100 -0.091 30.0 -0.028 -0.060 0.016
UNFCI, -0.009 0.111 -0.983 -0.111 -0.026 11a. -0.067 -0.052 0.008
UTT, -0.109 -0.057 0.005 -0.063 -0.110 06.1 0.104 0.098 0.091
ULTT, 0.036 -0.058 -0.141* 0.096 -0.026 010a. -0.027 -0.127* -0.009
UCTT,, -0.036 -0.051 0.061 0.035 -0.184** .oa@p 0.012 0.009 0.019
ULl -0.069 -0.002 -0.019 -0.023 -0.067 13.0 0.078 0.001 0.055

t

Notes:
1. *** |ndicates statistical significance at theércent level of significance. ** Indicates stadtiat significance at the 5 percent level of sigrafice.
* Indicates statistical significance at the 10 petdevel of significance.

Source: Compiled by author
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The residuals of the basic materials, consumer gammhsumer services and financials economic
groups are significantly correlated with one or enanternational and foreign indices. For
example, residuals of the consumer services ecangnoup are significantly correlated with

UFTSE and UMSC|, whereas the residuals of the financials economoam are significantly
correlated withuDJ, andUMSCI . The purpose of including international and foneiigdices in

the set of candidate risk factors is to accountiriternational risk factors and in the preceding

analysis,UFTW is assumed to be the most suitable proxy for matgonal risk (see Clare &

Priestley, 1998). However, a finding that the raaid are significantly correlated with other

international and foreign indices indicates tb&TW may not fully capture international risk.

The results in Table 8.11 and the preceding disocnssiggest thatyM &, does not fully capture

the impact of omitted risk factors upon the retuomseconomic groups. This is suggested by
pervasive statistically significant correlation ween the residuals and the interest rate factors

and notable correlation between the residualsla@OM, . Therefore UM ¢, is not an adequate

proxy for omitted factors in the return generatprgcess of economic groups. Furthermore,

although the residuals are significantly correlavéth the interest rate factor$)COM, and

other factors on a more sporadic basis, the lelveboelation is not high enough to account for
the high and pervasive levels of pairwise residwatelation outlined in Table 8.10. This points
towards the presence of factors in the return geimgr process which are not considered in the
initial set of candidate risk factors. This alsgiras that the complexity of the return generating
process of South African stock returns cannot big flescribed by the proposed specification
and the model should be augmented with a secordlLiedsnarket factor to capture omitted and

unidentified systematic risk factors (see Van Rengk2000).

8.4.8: Economic groups: A synthesis

On average, the model specification of the retwnegating process denoted in equation (8.2)
explains 57 percent of the variation in returngf@economic group indices (section 8.4.1 ; Table
8.7). For each economic group, the significanckasing multiple factors in the return generating

process is confirmed (see section 8.4.1: 191).réhen generating process is describedJbye, ,
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UFTW, UCPI_,, URBAS, UBR_, UM3_, UOIL, and UZARUS. In contrast to the results in
Table 8.4, UCI, has a limited impact upon economic group retursse (Table 8.7). The

ARCH/GARCH models chosen for the economic grouprretseries consists of a variety of
specifications, namely GARCH (section 6.3.2), IGARGection 6.3.3) and EGARCH (section
6.3.5) models, suggesting that the conditionalarane of these return series displays a number of

differing characteristics (discussed extensivelgantion 8.4.3; section 5.3).

Risk exposure profiles reported in Figure 8.3 iatkcthat exposure to risk factors in the return
generating process differs across economic groapso (see Figure 3.1 in section 3.3.1).
Furthermore, some economic groups such as thaicmrisgoods economic group, are less risky
relative to the South African stock market, whereher economic groups, such as the oil and gas
economic group, are more risky relative to the B@ftican stock market (also see section 3.3.1;
Chanet al, 1990). The results of the ARCH/GARCH modelstlué conditional variance of
economic group returns reported in Table 8.8 agaimt towards the appropriateness of the
ARCH/GARCH framework (section 8.4.3). Possible $fieation problems are addressed in
section 8.4.4 and the results for economic groupsre specification problems are noted and
addressed are reported in Table Al.2 (see Appeljdixnost of the conclusions reached upon the
basis of the results in Table 8.7 and Table 8.8.Hgbtably, it is found that the IGARCH model is
able to correct the residual serial correlation fiee oil and gas, financials and technology

economic groups (see Table 8.7 & Table Al1.2). T&®e(section 8.4.5) indicates that combining
domestic risk factors with the international rigictor (UFTW) results in an increase of the?.
Notably, the unrestricted model (Unrestricted) eufiorms the single-factor model relying only
upon UM, to explain returns. It is also found that inte¢im@al risk plays an important role in

explaining South African stock returns.

Table 8.10 suggests that the assumption of indepeedbetween the model residuals is violated
(see section 2.1; equation (2.2)). Statisticalgngicant pairwise residual correlation is present,
and a number of reasons for this finding are sugdesamely; the existence of superior model
specifications (which include omitted risk factgra)general limitation of the APT framework, the

existence of sector specific factors and the inadey of the residual market factor (see section
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8.4.6: 214). The results in Table 8.11 indicatet tiklSAGHRO, and USAGEB(, show a consistent

pattern of statistically significant correlation tivithe residuals of the economic groups. This

suggests that these factors feature in the retenergting process and thdM &, does not fully

account for omitted risk factors. This latter findisuggests that a second residual market factor
may be required (section 8.4.7: 218)

8.5. Industrial sectors

8.5.1. Industrial sector model

The final stage of the analysis generalizes theainofdthe return generating process in equation
(8.2) to returns on industrial sectors compromidimg South African stock market. As before,
each model is estimated within the ARCH/GARCH framk with the ARCH/GARCH
specification, the number of ARCH and GARCH pararsetand the conditional error
distribution selected upon the basis of the AIC.aA®tal of twenty-seven industrial sectors are
analyzed, the generalization of the multifactor eldd these series represents an extension of a
model grounded in the APT framework to series #ratwidely representative of the dynamics
of the South African stock market. Owing to the stahtial amount of statistical output, the

results in Table 8.12 and Table 8.13 are in sunmadriorm.

Results indicate that out of the 243 estimatedfacbefficients, 147 are statistically significant
at the 10 percent, 5 percent or 1 percent levelsigiificance.F-statistics are statistically
significant for each industrial sector suggestimgttthe multifactor model of the return
generating process has explanatory power for Safsitban industrial sector returns. This result
also indicates the significance of having this a&fetisk factors in the model specification and
supports a multifactor return generating procesxifipation (see section 2.2.1 & 6.4.3; Chen,
1983; Sadorsky & Henriques, 2001). The aver&jeis 0.422, suggesting that on average the
model explains 42.2 percent of the variation inustdal sector returns. The explanatory power
of the model is variableR® ranges between 0.170 for the pharmaceuticals @mechnology
industrial sector to 0.752 for the mining indudtsactor. In their entirety, these results suggest

that the model can explain industrial sector refurn
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Table 8.12: ARCH/GARCH model of industrial sector returns

Intercept UM, UFTW  UCPl,, URBAS UBP, UM3,  UOIL UZARUS UCI, R? F-statistic
Oil & Gas Producers 0.005%*  0.877%*  0.949* 0.613 -0.663 -0.008 0.833%*  0.327**  0.415%* 1.450* 0511 31.786**
Chemicals -0.002* 0.537%*  0.478* .0.190 121 -0.045 0.497**  0.081*** -0.121 0.005 0.391 15.814%+
Forestry & Paper -0.007+*  0.833**  1.005** O34 -1.658**  0.024 0.756**  0.055**  0.478** -Q130 0.311  75.549%
Industrial Metals -0.002 0.902%*  0.901** -0.508  -0.339 0.180%*  1.064***  0.103*  -0.178 0.843  0.241  34.759%
Mining -0.001 1.322¢%  1.005%* -0.619  -0.714*  0.103** 1014+  0.153**  0.500**  2.286** 0.752  90.841%*
Const & Materials -0.004* 0.665%*  0.389** .02  -0.813*  0.025 0.780*  -0.007 -0.321% 0775 208  17.670%*
General Industrials -0.002 1.020%*  0.606** -BB** -0.804*  0.051*  0.289 -0.004 -0.190%* 0651 0.633  97.270%
E & E Equipment -0.003* 0.721%*  0.721** .1.655* -0.848%*  0.023 0.275 0.013 -0.085 -0.333 B3  27.064%
Industrial Engineering ~ -0.001 0.777%*  0.581** 0263 -0.869*  0.021 -0.504 -0.025 0.043 0.431 0.279  12.967**
Industrial Transportation -0.006%*  0.827**  0.66* -1.452%* .0.627**  0.082**  0.052 0.007 -0.07 0.429 0.468  51.104%
Support Services -0.004%*  0.797%*  0.706** -080** -0.741*  0.010 0.322 -0.094%+  0.013 0.B5  0.557 42.925%+
Automobiles & Parts -0.007+*  0.811%*  0.465* 1.380%* -1551** 0.078*  -0.492 -0.006 0.080 @8 0.201  19.209%*
Beverages -0.001%*  1.054***  0.663* -1.187** 0.703*  0.072**  -0.089 -0.036 0.203*  -0.029 0B3 29.020%*
Food Producers -0.002 0.764**  0.463%*  -1.026%** -0.648**  0.041* 0.067 -0.063*  -0.017 0219  HRO  27.146%
Health Care E & S 0.001 0.775%*  0.487+* -1.7%F -1.064*  0.060 0.588** -0.061* 0.117 0.66 0.292  27.549%+
Pharma & Biotech -0.000 0.461%*  0.447%* .207% -0.237 -0.014 0.098 0.081 -0.441%+ 1567 100  6.998%*
Food & Drug Retailers ~ 0.004**  0.614**  0.302%* -0.598*  -0.544**  0.062*  -0.040 -0.114% -0 1B* 1.610%* 0.252  21.115%*
General Retailers -0.005%*  0.776%*  0.702%% Q72+ -1.118%*  0.014 0.581 -0.041 -0.267* 0.473  32.038%*
Media 0.003* 1.214%%  0.904%* -1.049**  0.484 0.070**  0.197 -0.032 -0.182* 0.399 0.375 11877
Travel & Leisure -0.004%*  0.692%*  0.459% .1.B2%* .0.194 0.007 0.542**  -0.055 -0.067 1.104% 0.344  15.414%+
Fixed Line Telecom -0.001 0.872%*  0.889%* -I1B** -1.640** 0.140%* -0571*  -0.113*  0.052 0.871*  0.314  40.174**
Banks -0.002 0.784**  0.818%* -0.798*  -0.849 0.068* 0557  -0.073*  -0.083 -0.127 0.540 DB+
Non-Life Insurance -0.003%*  0.794%*  0.625%* -P14** -1.096**  0.064**  -0.346 0.050 -0.042 -08B 0.437  33.049%
Life Insurance -0.005%*  0.858%*  0.967+* -0.214  -0.967** 0.064**  0.085 -0.026 0.038 -0.493 @b  47.023%
General Financial -0.001 0.875%*  1.019** -0.974 -0.622 0.016 0.388 -0.117%*  0.170* 0.227  .BP7  1083.980%*
Equity Investment Inst ~ -0.004**  0.690**  0.695* -0.213 -1.139%*  0.023 0.266*  -0.041 0.307%* 0.262 0.490  157.686**
Soft & Comp Services  -0.000 1.003**  1.495%* G0 -0.354 0.026 0.378 0.056 0.674*** -0.037  39®  19.119**

Notes:

1. ** |ndicates statistical significance at thepércent level of significance. ** Indicates statiat significance at the 5 percent level of sigrafice. * Indicates statistical significance at
the 10 percent level of significance.

2. F-statistics are reported for Wald’s test of linezstrictions testing the null hypothesis of coeéfints jointly equalling zero (Nelson, 1991; McMill& Ruiz, 2009).

Source: Compiled by author
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To permit a concise analysis and interpretatiothefresults, the significance of the mean value

of the 27 coefficient estimates for each factdested using &test (Beenstock & Chan, 1988).
Table8.13: Summarized ARCH/GARCH industrial sector model results

Mean %Sig Positive Negative
Intercept -0.002***  59.259% 4 (3) 23 (13)
UMg, 0.827**  100% 27 (27) 0 (0)
UFTW 0.719**  100% 27 (27) 0 (0)
UCPI,_, -0.877***  66.666% 1 (0) 26 (18)
URBAS -0.797**  74.074% 1 (0) 26 (20)
UBR_, 0.050***  48.148% 24 (13) 3 (0)
UM3_, 0.281**  40.741% 21 (10) 6 (1)
UOIL, 0.001 44.444% 10 (5) 17 (7)
UZARUS 0.031 48.148% 13 (7) 14 (6)
UCI, 0.277* 22.222% 17 (4) 10 (2)
Notes:

1. *** Indicates statistical significance at thepércent level of significance. ** Indicates statiat significance at
the 5 percent level of significance. * Indicateatistical significance at the 10 percent levelighgicance.

2.t-test applied to mean of coefficients to establisiether factor coefficients are significantly difént from zero
(Beenstock & Chan, 1988).

3. Values in brackets () are the number of stasiby significant instances at the 10 percent l@fesignificance.

Source: Compiled by author
The results in Table 8.13 indicate that tmeansof factor coefficients olUMe,, UFTW,,

UCPI,,;, URBAS, UBR_,, UM3_, and UCl, are statistically significant suggesting that these

risk factors are important for returns on industsectors. The signs of the means are generally

consistent witha priori expectationsM g,, UFTW, UBR_;, UM 3_, andUCI, have aroverall

positive impact upon returnsnd the inflation factorsUCPI,_, and URBAS have anoverall
negative impact upon returns. The coefficient medndOIL, andUZARUS are not statistically

significant. Caution must however be exercised wébard to the means of coefficients on
UOIL, andUZARUS; it may be that positive and negative coefficiestimates offset each other
bringing the mean value close to zero and thusjenémg these factorseeminglyinsignificant.
Therefore, it is more appropriate to establishithggortance of risk factors in explaining returns
by establishing the number of instances in whiathdactor is statistically significant. The third
column (%Sig) indicates th&lM ¢, and UFTW have a statistically significant impact upon the
returns on all (100 percent) industrial sectorisnsample. The fourth and fifth columns indicate
the number of positive and negative coefficieninestes and the values in brackets indicate the

number of statistically significant estimates ofeaign.
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The estimated coefficients on bothM &, and UFTW are positive in 27 instances with 27
positive statisticallysignificant estimatesUCPI,_, and URBAS have a statistically significant

impact upon more than half of the industrial sextowith coefficients on these factors
statistically significant for 66.667 percent (18/238nd 74.074 percent (20/27) of industrial
sectors respectively. The impact of these factpaueturns is almost exclusively negative as
evident from the fifth column. AUM¢,, UFTW, UCPI_, and URBAS are statistically

significant for more than half of the industrialcg®'s, these factors may be considered as the
most important and pervasive factors in the regemerating process of South African industrial

sector returnsUBR ., is statistically significant in just under a haffthe industrial sector return
series and has a predominantly positive impact umbarns. Out of the 24 positive factor
coefficient estimates, 13 are statistically sigrafit forUBR_,. UM 3 _ is statistically significant
for 40.471 percent (11/27) of industrial sectorthwiihe relationship betwedsM 3 _; and returns
being predominantly positiveUOIL, and UZARUS are statistically significant for 44.444
percent (12/27) and 48.148 percent (13/27) of itxdlssectors respectively. In contrast to the
lack of overall significance of these two factanghe second column, it is evident from the third
column that these factoese important for returns on industrial sectors. Theeation of the
relationship betweeJOIL,, UZARUS and returns is ambiguous. Estimated coefficiemts o
UOIL, are positive in 10 instances and negative in Istairces whereas coefficients on
UZARUS are positive in 13 instances and negative in $taimces. This suggests that good news

for some industrial sectors is bad news for othdustrial sectors (Jones & Kaul, 1996; Griffin
& Stultz, 2001; Jorion, 2001; Nandha & Faff, 2008).

Although, the impact ofUBR_, UM3_;, UOIL, and UZARUS on industrial sector returns is
not as pervasive as that oM ¢,, UFTW, UCPI_, and URBAS, it is evident that these risk
factors play an important role in explaining Soéthican industrial sector returns. FinallyCl,

has a statistically significant impact upon only222 percent (6/27) of industrial sectors. This
suggests that this factor is not as important plaring South African stock returns as the other

eight factors. It is worth noting that while thesués in the second column suggest thdCl, is
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significant overall, the results in third columnggest that the impact of this factor is limited.

These results are consistent with those for then@oa groups;UMe,, UFTW, UCPI_,
URBAS, UBR_, UM3_,, UOIL, and UZARUS are important factors in the return generating
process of South African stock returns and theamadbry power otUCI, is limited to subsets of

the sample. These results provide further suppora imultifactor model of the return generating
process of South African stock returns and sugtiest specific risk categories feature in the

return generating process.

8.5.2. Conditional variance

The results in Table 8.14 are for the ARCH/GARCHdels of the conditional variance. Based
upon the AIC, the conditional variance of eleveneseis best described by an EGARCH model,
the conditional variance of ten series is describgda GARCH model and the conditional

variance of six series is described by an IGARCHleho

The prevalence of the EGARCH specification suggesisthe leverage effect is widespread in
South African industrial sector returns (see secb®.3 & 6.3.5). Out of the eleven series to
which an EGARCH model is fitted, seven exhibit agatéese and statistically significant
coefficient of asymmetry. These are the electroaimd electrical equipment, industrial
engineering, industrial transportation, automob#éesl parts, food producers, general retailers
and media industrial sectors. The coefficient ghametry is positive and statistically significant
for the food and drug retailers industrial sectbne ARCH and GARCH parameters of the
EGARCH specifications exhibit statistical signific® across industrial sectors. The conditional
variance of the chemicals, mining, construction andterials, support services, beverages,
pharmaceuticals and biotechnology, fixed line tetemunications, banks, non-life insurance,
and software and computer services industrial sedsodescribed by the GARCH model. The
adequacy of the GARCH model suggests that the tiondl variance of these industrial sectors
is characterized by a long memory (section 5.3@2 &2; Bollerslev, 1986; Elyasiani & Mansur,
1998; Engle, 2001; Kangt al, 2009). As with the EGARCH model, the ARCH and R32H

parameters of the GARCH model are statisticallpificant across industrial sectors.
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Table8.14: ARCH/GARCH models of industrial sector conditional variance

w a, a, B 5, A F-Statistic ARCH/GARCH  Distribution
Oil & Gas Producers - -0.050*** - 1.050*** - - 2146020.***  |GARCH(1,1) GED
Chemicals 4.77E-06*** - - 1.997*** -1.007** - 3094549.***  GARCH(0,2) Normal
Forestry & Paper -1.335%** -1.606*** 1.96% 0.836*** - -0.058 196.636*** EGARCH(2,1) GED
Industrial Metals - 0.425*** -0.382*** 0.957* - - 6.627*** IGARCH(2,1) GED
Mining 6.76E-06** 0.032* - 1.757*** -0.81% - 2702.422**  GARCH(1,2) Student’s
Const & Materials 3.62E-05*** -0.006 0.034 .8B8*** -0.933*** - 28384.22**  GARCH(2,2) Nrmal
General Industrials - 0.095*** - -0.092**  (0.996*** - 3213.346***  |GARCH(1,2) Normal
E & E Equipment -0.659* 0.045 - 0.917*** - -0.166*** 263.930%** EGARCH(1,1) Normal
Industrial Engineering -3.323%** 0.700*** - -0.102* 0.718** -0.096** 18887.80*** EGARH(1,2) Normal
Industrial Transportation -0.521 -0.233** - 0.906*** - -0.176*** 442.244%** EGARCH(1,) Normal
Support Services 4.88E-05*** -0.126*** 0.229* 1.535%+* -0.768*** - 155.353*** GARCH(2,2 Normal
Automobiles & Parts -0.589*** -0.384*** - 0.186 0.682*** -0.294 % 507.961*** EGARCH(R) Student's
Beverages 6.87E-06 0.184 -0.225 1.437** -0.411 - 1445.697***  GARCH(2,2) Normal
Food Producers -0.735*** -0.460%*** 0.203 0.419 0.465* -0.246*** 557.953** EGARCH(2,2) Normal
Health Care E& S - 0.226*** - 0.774** - - 14.663*+* IGARCH(1,1) Normal
Pharma & Biotech. 5.44E-06*** - - 1.989***  -0.994*** - 5705264.**  GARCH(0,2) Normal
Food & Drug Retailers -3.734*** -0.218 S W 1.282*** -0.727%** 0.084* 1140.955*** EGARCH(2,2) Normal
General Retailers -0.284*** -0.105%*** - A7 5*** -0.526*** -0.125%** 1.87E+11*** EGARCH(1,2) Normal
Media -0.911* 0.699*** - 0.088* 0.865***  -0.062* 248.002*** EGARCH(1,2) Normal
Travel & Leisure -5.806 0.485*** - -0.290 0.572* -0.064 4488.598***  EGARCH(1,2) GED
Fixed Line Telecom. -5.64E-05 0.122 - 0844 - - 214.520%*** GARCH(1,1) GED
Banks 7.55E-05 -0.030 0.169* 0.719*** - - 19.821 % GARCH(2,1) Student’s
Non-Life Insurance 6.12E-07*** - - 2.004***  -1.005*** - 12943561** GARCH(0,2) Student’s
Life Insurance - -0.047**x - -0.623*** - - 1139.891 IGARCH(1,1) Normal
General Financial - -0.020*** - 1.643**  0:623*** - 8.43E+10***  |GARCH(1,2) Normal
Equity Investment Inst. -2.31 1% -0.759**  0.967*** 1.431%** -0.697*** 0.057 537.845%* EGARCH(2,2) GED
Soft & Comp Services 2.84E-05*** 0.012 - 17B** -0.908*** - 10256.35***  GARCH(1,2) Studet’s t

Notes:

1. *** |ndicates statistical significance at thepércent level of significance. ** Indicates stdtiat significance at the 5 percent level of sigrafice. * Indicates statistical significance

at the 10 percent level of significance.

2. F-statistics are reported for Wald’s test of linesstrictions testing the null hypothesis of coedfints jointly equalling zero (Nelson, 1991; McMiil& Ruiz, 2009).

Source: Compiled by author
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The IGARCH model describes the conditional variaoicthe oil and gas produces, industrial
metals, general industrials, health care equipraewlt services, life insurance and general
financial industrial sectors. The choice of thisdebfor these industrial sectors suggests that
the conditional variance of these sectors is chiaraed by the infinite persistence of shocks
(Cryer & Chan, 2008; Kangt al, 2009; McMillan & Ruiz, 2009). The ARCH and GARCH
parameters of the IGARCH specifications are sta#iBy significant across industrial sectors.
F-statistics for Wald's test of coefficient restiasts are statistically significant for each
industrial sector return series in the sample sstggg that variance is of a time-varying
nature. The conclusion is therefore, that the AREARCH framework is appropriate for the

modelling of South African industrial sector retsirn

8.5.3. Possible specification problems

While the model in equation (8.2) appears to prewath adequate description of the return
generating process of South African industrial @ectturns, regression diagnostics indicate
the presence of serial correlation or ARCH effactthe residuals of the chemicals, forestry
and paper, industrial engineering, support seryimesl producers, general retailers, non-life
insurance, and software and computer services tinalusectors. Whereas residual serial
correlation and ARCH effects are not a pervasivablgm as their presence is observed in
under a third of the industrial sectors, models rageertheless re-estimated with different
ARCH/GARCH specifications or augmented with autoesgive terms to correct for residual
serial correlation and ARCH effects (Kiymaz & Beremh, 2003). ARCH/GARCH
specifications are re-estimated for the forestny paper, support services, non-life insurance
and the software and computer services industeeioss and the model of returns on the
industrial engineering, food producers and geneztilers industrial sectors is augmented
with autoregressive terms. Re-estimating the madiaketurns on the chemicals industrial
sector with a different ARCH/GARCH specificationdaor augmenting the model with
autoregressive terms does not eliminate fifth orésrdual serial correlation. This suggests
that for this industrial sector, the model is me&sfied or that the true return generating

process underlying returns on this industrial seistoon-linear (Gujarati, 2003).

F-statistics for the corrected models indicate #ilatactors are jointly statistically significant

for each industrial sector (see Table A1.3 in Ampenl). The averageR? increases

marginally from 0.422 to 0.431. Summarized resinitorporating the re-estimated models
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indicate that the same factors are statisticaipiicant overall as in Table 8.13 and there is
no difference in the general direction of impaae(Sable A1.4 in Appendix 1). With the

exception of the mean of coefficients @OIL, which increases in size, and the mean of
coefficients onUZARUSwhich decreases in size; there is no substantaigdhin the size of

the coefficient means of the remaining factors.sThi evident from Figure 8.5 which
indicates that the absolute coefficient means alatively unchanged after correcting for

residual serial correlation and ARCH effects.

B Residual Market Risk
B International Risk
Oinflation

B Inflation Expectations
@ Real Activity

D Money Supply

Boil

Exchange Rates

B Business Cycle

Mean Exposure

it

e e

Uncorrected Corrected
Risk Factor

Source: Compiled by author
Figure 8.5: Mean risk exposure for industrial sectorsincluding corrected models

The number of industrial sectors for whithM &, and UFTW are statistically significant

remains unchanged and therefore, the importantofaleese factors is re-affirmed (see Table

Al.4 in Appendix 1). The number of industrial sestdor which UCPI_, is statistically

significant decreases from 66.666 percent (18/82762.963 percent (17/27), increases for
UBR_, from 48.148 percent (13/27) to 55.556 percentdZp/and decreases fOIL, from

44.444 percent (12/27) to 40.741 percent (11/2He mumber of industrial sector return
series for which the remaining factors are sta@dlly significant remains unchanged. As

before,UCPI,_, andURBAS play a pervasive and important role in explairshack returns.

However, these factors are now joinedW§P_, which increases in importance.

227



In terms of importanceUM¢g,, UFTW, UCPI_,, URBAS and UBR_, are followed by
UZARUS which continues to significantly impact returns 48.148 percent (13/27) of
industrial sectors. The number of positive coedintiestimates fodZARUS decreases from

13 to 12 and the number of negative coefficieninegtes increases from 14 to 15. The

number of positive and negative coefficient estesator UM 3_, is unchanged as is its
statistically significant impact on 40.741 percétit/27) of industrial sectors. FQIOIL,, the
direction of the estimated relationships remaires gsame. BottUM 3_ and UOIL, continue

to play an important role in explaining industisaictor returns. As before, the impact of these
two factors is important but less pervasive thaat tf UM ¢,, UFTW, UCPI_,, URBAS

and now UBR_. UCI, continues to play a relatively minor role in expiag returns —

statistically significant relationships are limiteala fifth of industrial sectors. The number of
positive coefficient estimates for this factor ie@ses from 17 to 18 and the number of
negative coefficient estimates decreases from H) Tdhese results suggest that the presence
of residual serial correlation and/or ARCH effedises not substantially detract from the
main findings in Table 8.13. The model describeckequation (8.2) explains a substantial
amount of variation in returns on South Africanusttial sectors; returns are described by a

multifactor model motivated by the APT frameworkdssection 2.1 & 2.2).

The ARCH/GARCH specifications for the industriaigareering, food producers and general
retailers industrial sectors remain unchanged (sd#e Al1.3 in Appendix 1). While all the
ARCH and GARCH parameters of the conditional vareaspecification of the industrial
engineering sector are statistically significantTiable 8.14, the corrected model indicates
that none of the ARCH and GARCH parameters areviddally statistically significant.
Furthermore, according to tlestatistic, ARCH and GARCH parameters are alsqaiotly
significant suggesting that conditional variance@as of a time-varying nature and therefore,
ARCH/GARCH modelling is unnecessary for this indiastsector. This is not the case for
the respective EGARCH(2,2) and EGARCH(1,2) modéted to the food producers and
general retailers industrial sector series. ARCHd aBARCH parameters of the
EGARCH(2,2) model remain jointly significant. Thiest order ARCH parameter becomes
statistically insignificant whereas the second ord®CH parameter is now statistically
significant. There is also a discrepancy in the mtage and signs of the coefficients on the
ARCH and GARCH parameters after correcting fordeasl serial correlation. Although, the
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direction of the estimated relationships is comsisfor the EGARCH(1,2) model, relatively
small discrepancies in the size of the coefficiemshe ARCH and GARCH parameters are
evident. The first ARCH parameter becomes stasiiyiansignificant though thé&-statistic
indicates that the ARCH and GARCH parameters airglyostatistically significant. The
conclusion relating to the appropriateness of modgketurns within the ARCH/GARCH
framework for the food producers and general retsilndustrial sectors therefore remains
unchanged; conditional variance is of a time-vagymature and ARCH/GARCH modelling is

appropriate for these return series.

Results of the EGARCH(2,2) model fitted to the &irg and paper industrial sector contrast
with those of the EGARCH(2,1) model in Table 8.3d4¢ Table A1.3 in Appendix 1). None
of the ARCH and GARCH parameters is individuallptstically significant and thé-
statistic indicates that the ARCH and GARCH paramseare jointly insignificant. The model
of the support services industrial sector is ravested as an EGARCH(2,2) specification.
Both ARCH and GARCH parameters are statisticalgygnificant although the coefficient of
asymmetry is statistically significant and positiiéde F-statistic is statistically insignificant.
The case for ARCH/GARCH modelling of the forestrydgpaper, and the support services
industrial sector return series is weaker aftereming for ARCH effects (forestry and paper)
and residual serial correlation (support servicésy.the non-life insurance industrial sector,
a GARCH(1,2) model is estimated. Results diffemfrthose in Table 8.14; none of the
ARCH and GARCH parameters are individually statety significant. Surprisingly the
null hypothesis of ARCH and GARCH coefficients jiyrequalling zero is rejected upon the
basis of a statistically significafi-statistic. This is perhaps attributable to the gally
insignificant coefficient on the second GARCH paesen; omitting this coefficient from
Wald'’s test of linear restrictions renders thatatistic insignificant. An IGARCH(1,2), for
which conditional errors are assumed to follow gleaeralized error distribution, is fitted to
the software and computer services industrial sedlithough, not directly comparable to the
results of the GARCH(1,2) model in Table 8.14, tbsults of the IGARCH(1,2) model lead
to the same conclusion for this sector; conditim@alance is of a time-varying nature and the
IGARCH(1,2) model is appropriate. Although, the ARGarameter is not statistically
significant, both GARCH parameters are statistcsilgjnificant.

The finding that conditional variance may not bedime-varying nature for the forestry and

paper, industrial engineering, and support seniitggstrial sectors marginally detracts from
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the case for ARCH/GARCH modelling. ARCH/GARCH mdadej remains appropriate for

the food producers, general retailers, and softveauwe computer services industrial sector
return series. The results for the non-life insageanndustrial sector are ambiguous.
Nevertheless, these findings, takgetherwith the findings for industrial sectors where
ARCH effects or residual serial correlation are olserved, provide widespread support for
ARCH/GARCH modelling. It must however be acknowledghat the presence of residual
serial correlation and/or ARCH effects impacts tbsults of ARCH and GARCH models of

the conditional variance.

8.5.4. Gains in explanatory power

Gains in explanatory power from employing a muttita specification are established by
utilizing the same approach as for economic graonpgable 8.9. To assess the explanatory
power of the model of the return generating prodessndustrial sectors, the explanatory
power (R?) of the restricted versions of the model is coragao the explanatory power of

the unrestricted model.

The results in Table 8.15 indicate that the uniestt model (Unrestricted) on average
explains 42.2 percent of the variation in industsactor returns - an amount that is
approximately 4 percent higher than that explaibgdJM, alone. This suggests that the
unrestricted model is superior in terms of explanapower and conveys more information
relative to a single-factor alternative relying ynipon the market index to explain return
behaviour. TheR? of the unrestricted model ranges between 0.752h®mining industrial

sector and 0.170 for the pharmaceuticals and Wiatdogy industrial sector. The unrestricted
model outperforms the single-factor alternativerfarst industrial sectors with the exception
of the forestry and paper, industrial metals, itdalsengineering, automobiles and parts,
health care and equipment services, and equitysiment instruments industrial sectors
where the single-factor model is characterized hyaaginally higher R?. Although, the

single-factor model is superior in terms Bf for these industrial sectors relative to the

unrestricted model, it does not identify the numueroisk factors embodied byM, . This

limitation must be borne in mind when interpretthgse results.
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Table 8.15: Gainsin explanatory power for industrial sectors

UM ¢, UFTW  Domestic Risk ExcUFTW  Unrestricted UM,

Oil & Gas Producers 0.211 0.061 0.264 0.463 0.511 0.441
Chemicals 0.161 0.158 0.182 0.318 0.391 0.357
Forestry & Paper 0.125 0.156 0.056 0.176 0.311 6.3
Industrial Metals 0.076 0.126 0.076 0.153 0.241 268.
Mining 0.321 0.205 0.250 0.550 0.752 0.707
Const. & Materials 0.082 0.102 0.198 0.264 0.278 .216
General Industrials 0.359 0.225 0.163 0.505 0.633 0.568
E&E Equipment 0.203 0.205 0.115 0.315 0.453 0.405
Industrial Engineering 0.121 0.166 0.085 0.193 79.2 0.306
Industrial Transportation ~ 0.183 0.245 0.137 0.300 0.468 0.431
Support Services 0.238 0.278 0.135 0.363 0.557 870.4
Automobiles & Parts 0.066 0.127 0.070 0.104 0.201 0.235
Beverages 0.320 0.181 0.027 0.367 0.537 0.503
Food Producers 0.270 0.165 0.138 0.392 0.530 0.440
Health Care E& S 0.162 0.116 0.037 0.198 0.292 309
Pharma & Biotech 0.034 0.097 0.104 0.128 0.170 1®.1
Food & Drug Retailers 0.091 0.133 0.137 0.228 .25 0.189
General Retailers 0.165 0.219 0.241 0.377 0.473 3690.
Media 0.177 0.207 0.023 0.227 0.375 0.371
Travel & Leisure 0.178 0.109 0.096 0.287 0.344 20.3
Fixed Line Telecom 0.114 0.187 0.071 0.179 0.314 .269
Banks 0.172 0.287 0.184 0.331 0.540 0.456
Non-Life Insurance 0.207 0.158 0.146 0.337 0.437 .3860
Life Insurance 0.194 0.414 0.151 0.336 0.644 0.565
General Financial 0.211 0.295 0.084 0.291 0.527 470.
Equity Investment Inst 0.207 0.180 0.089 0.320 90.4 0.511
Soft & Comp Services 0.071 0.249 -0.014 0.084 .399 0.364
Average R? 0.175 0.187 0.120 0.288 0.422 0.386

Source: Compilgdauthor
Domestic risk factors andM¢e, (Exc. UFTW) on average explain 28.8 percent of the

variation in returns suggesting that internatiamslt plays an important role in explaining the

return generating process of industrial sectorrnstuincorporatingFTW to arrive at the
unrestricted model increases the averdefe from 0.288 to 0.422. WithouUFTW/, the
explanatory power of the model declines substdptitiie R? ranges between 0.550 for the

mining sector and 0.084 for the software and comepservices industrial sector. The

software and computer services industrial sectarast affected by the exclusion 0FTW;

the R? declines from 0.399 to 0.084. Domestic risk fagtoy themselves on average explain

12 percent of the variation in industrial sectaures with theR* of the restricted model

incorporating these factors ranging between -0f@t4he software and computer services

industrial sector and 0.264 for the oil and gasdpoers industrial sector. ThR? for the

restricted model incorporating domestic risk fast@ greater than O but less than 0.1 for

231



eleven industrial sectors, greater than 0.1 bug tkan 0.2 for twelve industrial sectors and

greater than 0.2 for three industrial sectors. aherageR? of 0.12 suggests that domestic

risk contributes meaningfully to describing indisdtsector return behaviour.

The explanatory power of the domestic risk factsrsest appreciated when compared to the
explanatory power olUM¢, and UFTW; the averageR’s of the single-factor models
incorporating these factors are 0.175 and 0.18pewwely. Although, the average
explanatory power of the domestic risk factorsowdr than the average explanatory power
of these two factors, it is nevertheless noteworffoy certain industrial sectors, domestic risk
factors are more important th&yFTW or UM¢,. The explanatory power of the domestic
risk factors is greater than the explanatory poafeUFTW for the oil and gas produces,
chemicals, mining, construction and materials, pteaeuticals and biotechnology, food and
drug retailers and general retailers industrialtasc Domestic risk factors have greater
explanatory power relative tdM ¢, for the oil and gas producers, chemicals, constmic
and materials, automobiles and parts, pharmacéutarad biotechnology, food and drug
retailers, general retailers and the banks indalgactors. Nevertheless, the high explanatory
power of UFTW again points towards high levels of integratiothwiorld markets (section

3.1.6 & 3.3.2: 76; Clare & Priestley, 1998; Bilseinal, 2001; Kandir, 2008).

The results in Table 8.15 suggest that factorseafioin the market index explain South
African stock returns. This is evident from the kexyatory power of the domestic risk factors.

Combining domestic risk factors witdiM &, and UFTW in the unrestricted model yields a

multifactor model of the return generating procésst provides greater insight into the
behaviour of South African industrial sector returelative to a single-factor model relying
solely upon the market index to describe returrelsetur.

8.5.5. Omitted risk factors

To establish whether risk factors important forustlial sector returns have been omitted
from the model, pairwise correlation coefficiente aestimated for the residuals of the
industrial sector models. This procedure produdds (8nique) estimates. Rather than report
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all these, the means of correlation coefficiéfitand the distribution of the estimated

correlation coefficients are reported in Table 8.16

Table 8.16: M ean correlation and distribution of correlation coefficientsfor industrial sector residuals

Panel A Panel B

Mean Corr. Interval Obs. Cumulative
Oil & Gas Producers -0.074 -0.7<p;<-0.6 1 (0.285%) 0.285%
Chemicals 0.138 —0.6<p, <-05 5 (1.425%) 1.709%
Forestry & Paper 0.016 -0.5<p; =-04 3 (0.855%) 2 564%
Industrial Metals -0.011 -0.4<p;<-03 5 (1.425%) 3.989%
Mining -0.304 -03<p, £-02 8 (2.279%) 6.268%
Const & Materials 0.143 -0.2<p; £-01 25 (7.123%) 13.390%
General Industrials 0.139 -0.1<p; <0 38 (10.826%) 24.217%
E & E Equipment 0.185 0<p; =01 62 (17.664%) 41.880%
Industrial Engineering 0.115 01<p; <02 091 (25.926%) 67.806%
Industrial Transportation 0.179 0.2<p; <03 68 (19.373%) 87.179%
Support Services 0.221 03<p, =04 35 (9.972%) 97.151%
Automobiles & Parts 0.111 04<p; <05 8 (2.279%) 99.430%
Beverages 0.063 05<p; <06 1 (0.285%) 99.715%
Food Producers 0.151 06<p, <07 1 (0.285%) 100%
Health Care E& S 0.156 Maximum: 0.617
Pharma & Biotech 0.104 Minimum: -0.662
Food & Drug Retailers 0.148 Mean: 0.104
General Retailers 0.202 Total 351 (100%)
Media 0.150
Travel & Leisure 0.184
Fixed Line Telecom. 0.068
Banks 0.125
Non-Life Insurance 0.142
Life Insurance 0.129
General Financial 0.138
Equity Investment Inst. 0.140
Soft & Comp Services 0.059

Source: Compiled bytau

The results in Panel A of Table 8.16 suggest thdh a few exceptions, the level of mean
correlation between the residuals is low. Sectioas $show relatively high levels of pairwise
residual correlation are the mining industrial seavith a mean correlation of -0.304, the
support services industrial sector with a meanetation of 0.221 and the general retailers
industrial sector with a mean correlation of 0.2@2though, these three series exhibit
relatively high levels of correlation, mean cortela for these sectors is below 0.4 in

135 Mean correlation is defined as the sum of pairweimeelation coefficients (excluding the diagorfal) each
industrial sector residual series divided by 26.
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absolute terms suggesting that the omission ofofacis not a severe problem for the

industrial sector return series.

An inspection of the correlation matrix revealstthégh levels of correlation are mostly
confined to specific sectoff® These isolated instances of high levels of caiimelapoint
towards the presence afector specificfactors in the return generating process. This
hypothesis is supported by the results in Panef Bable 8.16. The highest level of positive
residual correlation is observed between the redsdaf the general retailers and support
services industrial sectors at 0.617. The lowesbs{rmegative) level of correlation is
observed between the residuals of the banking amihgnindustrial sectors at -0.662.
However, these observations represent extremeg9@8percent of pairwise correlation
coefficients lie within the -0.1 and 0.1 intervahompassing the -0.1 to 0, 0 to 0.1 intervals)
and are therefore statistically insignificaft. Furthermore, 61.539 percent of correlation
coefficients lie within the -0.2 and 0.2 intervalggesting that residuals are not highly
correlated across sectors. Correlation coeffici@ltisig within the -0.2 to 0.2 interval can be
considered to be of a low magnitude and thereforeoqarticular concern. Over 21 percent
of correlation coefficients lie within the -0.3 £6.2 and 0.2 to 0.3 intervals suggesting that
there are instances in which there is some notphievise residual correlation. Over 11
percent of estimated correlation coefficients lithm the -0.4 to -0.3 and 0.3 to 0.4 intervals.
Correlation of this magnitude gives rise to concexncloser inspection of the correlation
matrix reveals that these relatively high levelpairwise residual correlation are confined to
the electronic and electrical equipment, suppanises, travel and leisure, and the general
financial industrial sectors. The pairwise residealrelation for these industrial sectors
accounts for almost two-thirds of correlation caréints in the 0.3 to 0.4 interval. As these
relatively high levels of correlation are mostlynfioed to specific sectors, this implies that
there are sector specific factors in the returneggimg process. As these (implied) omitted
and unidentified factors are sector specific, theynot qualify as legitimate APT risk factors
(section 2.2.1: 16 & 4.2; Kryzanowski & To, 1983)he number of pairwise residual

136 For the mining industrial sector, pairwise cortiela coefficients of over 0.5 in absolute terms abserved
between this sector and the general retailers, ddifdk insurance, general financials and the gguaitestment
instruments industrial sectors. For the suppontises industrial sector, pairwise correlation cméhts of over
0.5 in absolute terms are observed between thisrsaied the mining and the general retailers inihlstectors.
The residuals of the general retailers industréaitar are highly correlated with those of the supgervices
industrial sector.

137 Coefficients of approximately 0.12 and above isabte terms are statistically significant at tifepkercent
level of significance.
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correlation coefficients that are greater than & lower than -0.4 is 5.414 percent. An
inspection of the correlation matrix again suggésss these high levels of pairwise residual
correlation are confined to individual industrigdcsors implying the omission of sector
specific factorg® While pairwise residual correlation of this magudi¢ is substantial and

should not be ignored, it is not widespread. Ouhef351 estimated correlation coefficients,

233 are statistically significant at the 10 perdewmel of significance.

The results in Panel A and Panel B of Table 8.1ffsst that there may be sector specific
factors that are not considered in the return gdimgr process. This is supported by the
finding that high levels of pairwise residual ctéateon are usually confined to specific
industrial sectors. However, as two-thirds of p@&encorrelation coefficients are statistically
significant, it can also be argued that there idegree of ambiguity as to whether the
omission of sector specific factors or systemaisk factors is responsible for pairwise

residual correlation.

8.5.6. Additional risk factors in industrial sect@turns
An examination of the correlation between the indalssector residual series and omitted
risk factors is undertaken to further investigate possibility of omitted risk factors, the

adequacy ofUM¢g, as a catch-all proxy and to resolve the ambigoitythe preceding

discussion. Results are aggregated owing to theiahwd statistical output.

The second column of Table 8.17 reports the mearelation between the residuals and
omitted risk factors. For example, the mean cotiaiaof industrial sector residuals with

UDJ, is 0.044. Fomost factors, the mean level of correlation with thelustrial sector
residuals is below 0.05 in absolute terms. Nevérise mean correlation betwe&iNK,,
USAGRO, USAGB0, and the industrial sector residuals is 0.057,90.@dnd -0.094

respectively.

138 For example, out of the 9 coefficients that ass ler equal to -0.44; <-0.4), 8 are confined to the mining
industrial sector.
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Table 8.17: Correélation of industrial sector residuals with omitted risk factors

Mean Corr. %Sig Positive Negative
ubDJ, 0.044 7.407% 21 (2) 6 (-)
UFTSE 0.035 11.111% 19 (3) 8 (v)
UMSC]|, 0.045 18.519% 22 (3) 5 (2
UMSCIR 0.021 7.407% 20 (1) 7 (1)
UNK, 0.057 11.111 23 (3) 4 ()
UMR 0.027 3.703% 22 (1) 5 ()
UBR -0.002 7.407% 9 (2 18 (-)
USLS., 0.008 18.519% 16 (2) 11 (3)
UMI1A 0.035 11.111% 20 (3) 7 ()
UM3_, 0.011 18.519% 14 (3) 13 (2)
UTBT3, -0.004 3.703% 10 (-) 17 (1)
USAGHO -0.090 48.148% 5 (2 22 (11)
USAGR(, -0.094 48.148% 6 (2 21 (11)
UCOM, -0.037 37.037% 8 (4) 19 (6)
UMET, -0.011 18.519% 11 (2) 16 (3)
UNFCI, -0.009 22.222% 12 (3) 15 (3)
uTT, 0.017 7.407% 16 (1) 11 (1)
ULTT, -0.016 14.814% 11 (1) 16 (3)
UCTT_, -0.000 7.407% 14 (1) 13 (1)
ULI, 0.014 3.703% 17 (1) 10 (-)

Notes:
1. Values in brackets () are the number of ste#ity significant
instances at the 10% level of significance.

Source: Compiled by author

The two interest rate factors show the highestllefenean correlation with the residuals
suggesting that interest rate factors should besidered as risk factors in the return
generating process of South African stock retufiiie results reported in the third column
(%Sig) confirm that these two factors are importat@.148 percent (13/27) of industrial
sector residual series are significantly correlavdgth USAGHEO, and USAGES(,. This

suggests that both factors have explanatory poWer eontrolling for variation attributable
to the nine risk factors incorporated into the mo8earthermore, this also suggests that the

impact of these factors is not fully accounteddgrtUM ¢,. As expected, most residual series
are negatively correlated witdSAGBRO, and USAGE3Q,. The relatively high number of
instances of statistically significant correlatibetween USAGBO,, USAGE(Q, and the

industrial sector residual series is analogous¢orésults in Table 8.11; the results in Table
8.11 indicate that these two factors are signifiganorrelated with the economic group
residual series in five out of nine instances. Talagether, both sets of results point towards

the importance of long-term interest rates in @i generating process of South African
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stock returns and indicate th&tM ¢, fails to indirectly account for the impact of tlees

factors.

Another factor that is also notably correlated withth industrial sector and economic group
residuals isSUCOM, . Statistically significant correlation betwe&COM, and the residual
series is observed for 37.037 percent (10/27) @distrial sectors suggesting that the impact
of this factor is not fully accounted for by any thie extra-market risk factors in equation
(8.2) and the residual market factahM &,. UNFCI, is significantly correlated with 22.222

percent (6/27) of the industrial sector residuaiese Other factorsUMSCI, USLS.,,,
UM3_,and UMET, are significantly correlated with 18.519 perces®2{) of the industrial

sector residual series. The limited instancesaifstically significant correlation between the
residual series andMSC|, suggests thddFTW by itself may not fully capture international
risk. The correlation between the remaining factord the industrial sector residual series is

limited suggesting that these factors are not itgmdifor industrial sector returies that their

influence has been accounted for by the nine astofs in equation (8.2).

Together, the results in Table 8.16 and Table 8ugyest the pairwise residual correlation
suggested by the results in Table 8x#yarise from omitted long-term interest rate factors.

As with the economic group series, one solutiotht® omission is to substitutdSAGHR.0,
or USAGB3( for any of the factors in equation (8.2). As thgpact of UCI, on industrial

sector returns is limited to just over a fifth aflustrial sectors, this factor is a candidate for
substitution for either of these factors. Altermaly, a two-step time series approach can be
employed to incorporate these factors into thernegenerating process while retaining the
original specification (YIi-Olli & Virtanen, 1992)UCOM, is also a candidate risk factor for
inclusion in the model. These recommendations andas to those made with regard to
USAGRO, USAGBO0, and UCOM, for the economic groups. The approach of Van
Rensburg (2000) of augmenting the model in equat®B) with a second residual market
factor to capture the impact of omitted risk fastig another approach to accounting for

omitted risk factors. This approach acknowledged M ¢, by itself is not an adequate

proxy for omitted risk factors — a hypothesis supgad by results in Table 8.17.

237



Finally, given the results in Table 8.17, it maydrgued thasomeof the pairwise correlation
between the residual series discussed in the dooftétie results in Table 8.16 is the result of
the presence of sector specific risk factors. Thesgnce of sector specific risk factors is
suggested by pairwise residual correlation of @ higagnitude that iEmited to individual
industrial sectors. However, the results in Tabler &uggest that the nine risk factors do not
fully account for systematic variation in the retugenerating process. In light of this,st
plausible that the inclusion of systematic risktéas excluded from the original model
specification will account for pairwise residual r@dation. Therefore, these preceding
findings are ambiguous; pairwise residual corretatmay arise as a result of omitted
systematic risk factorer as a result of omitted sector specific factorsboth. It does

however appear thaiM ¢, is an inadequate proxy for omitted risk factors.

8.5.7. Industrial sectors: A synthesis
The final part of the analysis involves investiggtihe return generating process of industrial
sectors compromising the South African stock mafkettion 8.5). As for the economic

groups, the model specification is denoted by equg8.2).

Results indicate thaUM¢,, UFTW, UCPI_, and URBAS followed by UBP_,, UM3_,,
UOIL, and UZARUS feature prominently in the return generating psscenderlying
industrial sector returns; a finding similar to tthmade with respect to economic group
returns (also see section 8.4.1 & 8.4.8; Tabl@ & B.13 for main results). The avera§é
suggests that the model explains over 42 percetiteo¥ariation in industrial sector returns.
However, the direction of the relationship betwesdustrial sector returns and risk factors
differs across industrial sectors (see section18.823; Beenstock & Chan, 1988). The
conditional variance of industrial sector returgsdescribed by GARCH, IGARCH and
EGARCH models with the EGARCH model featuring mastminently (section 8.5.2; Table
8.14). As with economic group returns, the appadpness of the ARCH/GARCH
framework is evident; widespread significance of Q¥R and GARCH parameters is
observed across sectors. Specification problemsaddzessed in section 8.5.3. In their
entirety, the findings continue to be consisteln¢ above-mentioned factors remain relevant
as does the application of the ARCH/GARCH framewafter addressing specification
problems. This can be seen from the results inel@d.3 and (notably) Table Al.4 in

Appendix 1. Furthermore, Figure 8.5 indicates (ajlance) that the presence of possible
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specification problems, as suggested by the presehcesidual serial correlation or ARCH

effects in industrial sector returns, does notad#tfrom the results.

An comparison of the explanatory power of restdotersions of the model indicates that the
unrestricted model (section 8.5.4; Table 8.15) edtpms a single-factor model relying

solely uponUM, to explain returns. While international riskKTW) plays an important

role in explaining the time series behaviour otires, combining the residual market factor,
international risk and the set of domestic riskideg into the unrestricted model, yields a
model with superior explanatory power (see sed@i@¥: 231). In investigating omitted risk
factors in section 8.5.5, it is found that the méarel of pairwise residual correlation is
generally low (see Table 8.16). Where high levélsmean pairwise residual correlation are
observed in isolated instances, an inspection efcthrrelation matrix suggests that sector
specific factors are present (see section 8.5.8). 28evertheless, as two-thirds of pairwise
correlation coefficients are statistically sign#id, there is a degree of ambiguity as to
whether the omission of sector specific or systeamak factors is responsible for pairwise
residual correlation (section 8.5.5: 235). The @nes of additional risk factors is
investigated in section 8.5.6 and the results ibld8.17 indicate that almost half of the

residual series are significantly correlated WBAGB0, and USAGE30,. This suggests
that these factors are not accounted fotdd§e, and that they continue to have explanatory

power. Nevertheless, the results are somewhat aiolsg pairwise residual correlation may
arise as a result of omitted systematic risk factmromitted sector specific factors or both.

What does appear to be certain is st &, is not an adequate proxy for omitted risk factors

(section 8.5.6: 238).

8.6. Conclusion

The APT framework is successfully applied in thijoter to investigate the return generating
process underlying South African stock returnsis khown on three levels — market (section
8.3), economic groups (section 8.4) and indussettors (section 8.5) - that a multifactor
model informed by the APT framework, as presente@hapter 2 and Chapter 3 can be used
to investigate the return generating process. Maeothe application of a multifactor
framework yields improved results; a greater amaidinariation is explained by a multifactor

model relative to a single-factor model and a rfadtor model is a better fit (see section 2.2.4,
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8.3.1, 8.4.1 & 85.1; Table 8.4, 8.7, 8.9, 8.12 &3. Furthermore, returns on the South
African stock market are described by factors repméative of systematic risk, as postulated
by the APT framework (see section 2.2, 3.1 & 3.Chapter 4).

The ARCH/GARCH framework presented in Chapter @pgropriate for the modelling of

South African stock returns. This is especiallyetin light of the discussion relating to the
general properties and behaviour of stock retunnGhapter 5 and specifically, the statistical
properties of South African stock returns presentethe preliminary analysis in Chapter 7

(see section 7.2).

The final chapter, Chapter 9, concludes the stadyeneral summary of the study is provided,
findings are re-iterated and areas for researcidardified.
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9. CONCLUSION AND FURTHER RESEARCH

9.1. The APT framework and return generating precdsSouth African stock returns

The APT is a response to acknowledgments that drerether factors aside from a market
factor that feature in the return generating pre@esl explain expected returns (King, 1966).
It is assumed that returns are generated by arliatector model and returns in equilibrium
reflect multiple risk premia (section 2.1; Ross789Roll & Ross, 1980; Berrgt al, 1988).

In this study, the APT is not considered exclugivet an asset pricing model. Instead, the
APT fulfils the role of a conceptual framework -etAPT framework — within which the

return generating process of South African stotlirns is investigated.

This study investigates the return generating m®aé South African stock returns within
the multifactor APT framework at three levels; niyméhe market (section 8.3), economic
group (section 8.4) and industrial sector levettisa 8.5). As the APT framework assumes
thatinnovationsin systematic risk factors drive stock returngovations are generated for
an extended number of macroeconomic factors assumeproxy for systematic risk

(Priestley, 1996) A total of twenty-eight factomshich are significantly correlated with

returns on the JSE All-Share Index, are considasedandidate risk factors for explaining
the return generating process of South African kstoeturns. These risk factors are
hypothesized to represent nine risk categories;ehamternational, inflation, real activity,

monetary policy, interest rate, commodity pricecleange rate, international trade and

cyclical risk (see section 4.3; Table 7.5).

The model of the return generating process of SoAfifican stock market returns

incorporates eight risk factors representativeesies risk categories. As the JSE All-Share
Index is representative of aggregate market behavieturns on this series are modelled
first and it is assumed that factors that impadurres on this series have a pervasive
influence throughout the South African stock markieesults indicate that unexpected

changes in international risklETW), inflation (UCPI,_,), inflation expectationsRBAS),
real activity UBR_), money supply UM3_,), oil prices UOIL), the exchange rate
(UZARUS), and the business cycl&JCl,) significantly impact and explain returns on the

JSE All-Share Index (Table 8.2 & 8.4). The modegblains more than half of the realized
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variation in South African stock market returns dnel residuals of this model are treated as

the residual market factodM ¢, .

The model is then generalized to economic groupspcomising the JSE All-Share Index.
Factors that feature prominently in the return getieg process of returns on economic
groups ardJMe,, UFTW, UCPI,_,, URBAS, UBP_, UM3_,, UOIL, andUZARUS. UCI,

has a limited impact upon economic group retures (&able 8.7). The explanatory power of
these factors is further investigated by estimatexjricted versions of the model and results
indicate that jointly the domestic risk factotdCPI,_;, URBAS, UBR_, UM3_, UOIL,,

UZARUS and UCI,, explain a substantial amount of the variatiomdaturns on economic

groups (Table 8.9)UFTW plays averyimportant role in explaining returns suggestingt th
the South African stock market is highly integrateith world markets and heavily
influenced by international developments. The madegeneralized to industrial sectors
returns. As with returns on the economic groupsltipie risk factors feature in the return
generating process. Of particular importance did¢,, UFTW, UCPI_, and URBAS
followed by UBR_, UM3_,, UOIL, and UZARUS. The role ofUCI, is relatively minor
(see Table 8.12 & 8.13). An analysis of the expiaryapower of the domestic risk factors
for industrial sector returns reveals theIiCPI,_,, URBAS, UBR,, UM3_, UOIL,
UZARUS and UCI, explain a significant amount of variation in reall returnsUFTW
continues to play an important role, this highligbgtthe importance of international events
for the South African stock market. Combining tlesidual market factolJM ¢, UFTW
and the domestic risk factors yields a multifactmdel of the return generating process that
explains a significant amount of the variation iggeegate returns, returns on economic
groups and industrial sectors. The model explaigseater amount of variation at all levels

of analysis relative to restricted specificatiomsl @ single-factor alternative incorporating
UM

t -

The hypothesis that South African stock returns @raracterized by a multifactor return

generating process cannot be rejected (see secor8). A residual market factod FTW

and domestic risk factors representative of sieotisk categories have a pervasive influence
on the time series behaviour of South African statkrns and explain a significant amount of
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variation in returns. The APT framewodan therefore be applied to investigate the return
generating process of South African stock retufitgs finding is important given that Bilson
et al (2001) and Burmeister (2003) acknowledge thatifaator models grounded in the APT
framework are not always easily constructed andliegppto developing markets. The
hypothesis that a multifactor model of the returangrating process provides a better
description of the time series behaviour of stogkinns relative to a single-factor alternative
cannot be rejected (see section 1.2: 3). On avethgeunrestricted model explains a greater
amount of variation in returns on the economic geow@nd industrial sectors relative to

restricted single-factor models employing ot &,, UFTW and UM, This also applies to

the unrestricted model of JSE All-Share Index mfwvhen compared against a single-factor
alternative incorporatiny FTW (Table 8.2, 8.4, 8.9 & 8.15). The hypothesis thtgrnational

risk plays an important role in explaining Southrigdn stock returns cannot be rejected (see

section 1.2: 3)UFTW explains a substantial amount of variation atl@tels. In fact, the
averageexplanatory power ofJFTW is greater than that of the domestic risk faciams
UM¢g, for the economic group and industrial sector retsgries. This suggests that the role

and influence of international risk on the Southid€n stock market cannot be overstated.

9.2. Properties and behaviour of stock returns Hrtl ARCH/GARCH framework

Returns are assumed to be normally, independentlyigentically distributed (section 5.2).
However, observed behaviour does not conform tseth@ssumptions. Furthermore, the
literature recognizes that volatility exhibits dieisng, persistence, leverage effects and mean
reversion (section 5.3). These observed propeudieseturns and volatility require an
econometric framework that can account for thesarattteristics and yield robust model
estimates. Such an econometric framework is the WBARCH framework which discards
the assumptions of normality, independence andtannhsariance (Chapter 6). The multiple
extensions of this framework capture the variougperties of variance such as persistence,

long memory and asymmetry.

Preliminary evidence shows that the return distrdmns of South African economic groups and
industrial sectors depart from normality (sectio®; Table 7.2). Distributions are characterized
by excess kurtosis and negative skewness. It @ylikhat the extent of departures from
normality is understated as outliers are excludetthé preliminary analysis. The conclusion is

nevertheless the same; South African stock retarasot adequately described by the normal
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distribution. Although, the assumption of indepemzieis not widely violated and returns are
stationary in the mean, there is substantial ewidesf time-varying variance in returns and
ARCH effects in the residuals of an AR(1) modelreated using the LS methodology. There
is limited evidence of the leverage effect (Tablk).7Departures from normality, evidence of
time-varying variance and the presence of ARCHotdfén the residuals of an AR(1) model
strengthen the case for model estimation within &KiRCH/GARCH framework. Four
ARCH/GARCH-type models are considered, namely tHRCA, GARCH, IGARCH and
EGARCH models.

The model of returns on the JSE All-Share Indefir$$ estimated using the LS methodology.
However, regression diagnostics reveal that higivder ARCH effects are present in the
residuals (Table 8.2). ARCH/GARCH modelling resagltkis and the results also suggest that
the ARCH/GARCH econometric framework is more robtwstoutliers relative to the LS
framework (Table 8.3 & 8.4). ARCH/GARCH modelling applied to the economic group and
industrial sector return series (Table 8.7 & 8.F¥sults indicate that the conditional variance
is of a time-varying nature and therefore, ARCH/GHR modelling is appropriate for most
economic groups and industrial sectors (Table 8.8.84). Where present, residual serial
correlation and ARCH effects are eliminated by peesfying the ARCH/GARCH model or by
augmenting the return generating process spedadicatith autoregressive terms. Notably, the
IGARCH model corrects for residual serial corr@atin a number of economic groups. This
suggests that certain ARCH/GARCH specifications ip@ynore appropriate than others in the
modelling of South African stock returns. The evide supports the application of the
ARCH/GARCH framework as an econometric frameworkdstimating models of the return

generating process of South African stock returns.

9.3. Further research
The approach undertaken in this study and the riggliof the analysis motivate for further
research. Some of the possible avenues of fursarch are a direct outcome of findings

made in this study whereas other avenues are delate

The risk exposure profile of economic groups inufey 8.3 permits a comparison of
sensitivities to risk factoracrosseconomic groups. However, a comparisonwithin-series
sensitivity to innovations in risk factors is alsinterest. Fabozzi (2008) suggests that this can

be investigated by usingtandardizedegression coefficients. This study sought to itigase
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the return generating process by identifying riaktdr categories in the return generating
process and factors with an excessive amount daeafory power were excluded. However,
the results in Table 8.1, Table 8.6, Table 8.1 @able 8.17 suggest that there are other
factors in the return generating process of Southic#n stock returns aside from those
incorporated into equation (8.1) and equation (8Ractors that show pervasive and
statistically significant correlation with the rdaals of the JSE All-Share Index, the economic

groups and industrial sectors &8AGRO0,, USAGBE0, andUCOM, . Further research should

consider the role of these fact@sd alternative sets of risk factors in the return egating

process.

The results in Table 8.10 and Table 8.16 indichtd €conomic group and industrial sector
residuals are correlated suggesting that theresgstematic risk factors that feature in the
return generating process but have not been incatgob into the model. Furthermore, given
the relatively weak level of correlation betweea #tonomic group, industrial sector residuals
and the omitted risk factors in the risk factor, #eits unlikely that the omitted risk factors will
completely account for pairwise residual correlatidhis is especially true for the economic
groups where pairwise residual correlation is girorhus, the presence of pairwise residual
correlation calls for the exploration of possikieidentifiedsystematic risk factors. For the
industrial sectors, there is ambiguity as to whetbgrwise residual correlation arises as a
result of sector specific factors. This is an dafurther research. Moreover, these findings
imply that the residual market factor fails to yulhccount for omitted risk factors (e.g. see
section 8.4.6: 215). The solution suggested by Ransburg (2000) is to use a second residual
market factor. Further research should consides #pproach in modelling the return
generating process and therefore, a closely asedaitirection of research is the identity of a
second residual market factor. The residual maf&etor need not be derived from an
aggregate market index such as the JSE All-ShalexIn~or example, Van Rensburg (2000)
derives two residual market factors from the (d8E Industrial and All-Gold Indices. Further
research should investigate the identity of alteweaesidual market factors that will result in
the lowest levels of pairwise residual correlataord thereby, fulfil the role ofaanprehensive
proxies for omitted risk factors.

While the residual market factor caartially account for omitted risk factors, both identified

and unidentified, it is impossible to definitivetietermine whether omitted risk factors will
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improve the overall performance of the model (sgp section 8.4.7: 218). Addressing this
limitation requires that alternative setsidéntified but omitted risk factors are considered in
the model of the return generating process. Thsageh will alter the structure of the model
of the return generating process presented heréndfmore, this limitation also requires that
unidentifiedrisk factors are identified and incorporated itite model. This further emphasizes
the need for an ongoing effort to identify systeamatk factors that drive South African stock
returns. While the residual market factor partialycounts for omitted and unidentified risk

factors, it does not shed light on how these factall impact model performance directly.

The conventional approach to asset pricing and ihogehe return generating process in
studies based upon the APT framework relies upanroeconomidactors (see section 3.1 &
3.1.1; Chapter 4). However, Chen (1991) and Bilgdnal (2001) suggest that factors
constructed from the same market — factors sudyggeegatedividend yields, earnings-price
ratios, aggregate earnings and the stock markebyier — are better at explaining stock market
returns. The impact of these factors is likely lenabe systematic in nature. Further research
should be undertaken into the explanatory powesuwfh factors for South African stock
market returns. The explanatory power of theseofaatan be assessed against that of factors

derived from outside of the equity market.

The assumption that innovations in systematic faskors drive returns is central to the APT
framework (section 3.1.4 & 4.2; Priestley, 1996)thaugh this study employs innovations, it
is worth investigating and comparing the explanatmower of innovations and factor series
that consist of both unexpected and expected coamgenThis is especially relevant given that
a substantial number of studies do not make usenolvations and that it has been postulated
that the pre-whitening process may remove inforomatelevant to stock returns (see Poon &
Taylor, 1991; Sadorsky & Henriques, 2001; Sador@d@1). Finally, this study is concerned
with the APT framework; a framework within whichethreturn generating process can be
investigated and the cross-section of expectedngtexplained. An obvious extension of this

study is to establish which factors are pricechmdross-section of expected returns.

9.4. Concluding remarks
This study provides insight into the return genagatprocess of the South African stock
market and demonstrates how the APT can be appgeda conceptual framework in

investigating the return generating process. THeaweur of South African stock returns is
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taken into account and an appropriate econometamdwork is employed to model the return

generating process. It is suggested that aspectheoproposed return generating process
specification are investigated further and it ipéd that the findings of this study provide a

basis for further research into the linkages betw®euth African stock returns and systematic
risk factors.
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APPENDIX 1: STATISTICAL APPENDIX

Table AL1.1: Phillips-Perron and Whitetest statistics

PP Test White Test
JSE All-Share | ndex -13.556*** 0.173
Economic Group I ndex
1. Oil & Gas -14.416%** 2.413*
2. Basic Materials -12.994*** 3.069*
3. Industrials -12.437%** 0.448
4., Consumer Goods -14.705%** 0.967
5. Health Care -12.320%** 1.367
6. Consumer Services -10.933*** 0.871
7. Telecommunication -12.360%** 10.385***
8. Financials -13.454%** 0.034
9. Technology -11.733*** 1.314
Industrial Sector Index
1.1: Oil & Gas Producers  -15.007*** 4.,301**
2.1: Chemicals -13.481*** 3.712*
2.2. Forestry & Paper -13.597*** 0.262
2.3: Industrial Metals -13.484%** 0.596
2.4: Mining -13.760*** 1.905
3.1: Const & Materials -11.127%** 0.703
3.2: General Industrials -13.327%** 0.436
3.3: E & E Equipment -11.304%** 0.144
3.4: Industrial Engineering  -9.807*** 5.352%**
3.5: Industrial Transport -13.946*** 1.048
3.6: Support Services -11.846*** 0.663
4.1: Automobiles & Parts  -11.508*** 1.802
4.2: Beverages -13.392%** 1.161
4.3: Food Producers -11.488*** 1.662
5.1: Health Care E & S -11.735%** 3.520*
5.2: Pharma & Biotech -14.237%** 0.202
6.1: Food & Drug Retailers -14.841*** 1.125
6.2: General Retailers -10.338*** 1.654
6.3: Media -11.587*** 1.365
6.4. Travel & Leisure -11.017%** 0.549
7.1: Fixed Line Telecom -12.439*** 9.285***
8.1: Banks -14.151%** 0.246
8.2: Non-life Insurance -12.698*** 0.248
8.3: Life Insurance -12.971%** 0.497
8.4: General Financial -12.911%** 0.669
8.5: Equity Investment Inst -13.925*** 0.077
9.1: Soft & Comp Services -11.597*** 1.457

Notes:
1. #»* |ndicates statistical significance at theércent
level of significance. ** Indicates statistical mificance at
the 5 percent level of significance. * Indicateatistical
significance at the 10 percent level of significanc

2. Outliersnot excluded.

Source: Compiled by author
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Table A1.2: ARCH/GARCH economic group models corrected for residual serial correlation

Oil&Gas Consumer Telecom. Financials Technology
Goods
Intercept -0.002* -0.001 -0.001 O@R*+* -0.000
UMe, 1.229%* 0.702%*+ 0.699%** 0.725%** 0.906%**
UFTW 0.873%*+ 0.795%*+ 0.799%** 0.883**+ 1.400%**
UCPI, -0.228 -0.553 -0.899** -0.431%* -0.887*
URBAS -0.685%** -0.598** -1.127% -0.93%+ -0.078
UBP, 0.068%*+ 0.022 0.130%** 0.080%** 0.046
UM3 1.089%+* 0.708%*+ -0.131 0.404**+ 0.577*
UOIL, 0.174%+ -0.001 -0.103** -0.098%** 059
UZARUS 0.477%+ 0.329%*+ -0.194* 0.055 0.526***
ucl, 2.235%%* 1.144% -0.166 -0.055 -0.142
R._, - - 0.082 0.124** - -
R? 0.727 0.493 0.457 0.660 0.410
AIC -5.204 -4.904 -4.271 -5.411 -3.685
F-Statistic 148.011*** 21.388%** 39.662%** 14g03*+ 26.976%**
QW 2.339 0.697 0.103 0.000 0.743
Q®) 7.171 6.795 4.653 8.191 5.123
Q2() 0.037 0.599 0.433 0.226 0.089
Q2(5) 4.141 1.579 2.758 3.166 3.807
ARCH(1) 0.031 0.583 0.425 0.220 0.086
ARCH(5) 0.938 0.262 0.531 0.640 0.634
ARCH/GARCH IGARCH(2,1) GARCH(1,2) GARCH(2,1) IGZCH(1,2) IGARCH(1,2)
Distribution GED Student’s GED GED GED
w - 4.79E-6*** 2.41E-05 - -
a, -0.045%*+ 0.002* 0.336* 0.002 0.029*
a, 0.181%** - -0.253 - -
B 0.864%*+ 1.991 %+ 0.893*** - 1.736%**
B, - -1.003%** - 1.153 -0.765%**
Y, - - - -0.155 -
F-Statistic 81543+ 720689.1%**  511.003*** 0.286 859.706%**
Notes:

1. *** Indicates statistical significance at thepércent level of significance. ** Indicates statiat significance at the
5 percent level of significance. * Indicates stita significance at the 10 percent level of sfigaince.

2. F-statistics are reported for Wald’s test of linestrictions testing the null hypothesis of coeffitts jointly
equalling zero (Nelson, 1991; McMillan & Ruiz, 2009

3. Q(1) and Q(5) are Ljung-Box test statistics for residual seciirelation at the®i and %' orders.
4. Q*(1) and Q?(5)are Ljung-Box test statistics for squared resickeaial correlation at the’tand %' orders.
5. ARCH(1) and ARCH(5) are LM test statistics fesidual ARCH effects at thé'and %' orders.

Source: Compiled by author
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Table A1.3: ARCH/GARCH industrial sector models corrected for residual serial correlation

Forestry & Industrial Support Food General Non-life Soft & Comp
Paper Engineering Services Producers Retailers Insurance Services

Intercept -0.007*** -0.002 -0.005%** -0.002* -0.004** -0.003** 0.000
UMe¢, 1.072%** 0.591*** 0.834*** 0.792%* 0.634*+* 0.790%*** 0.845*+*
UFTW 1.004#*** 0.677** 0.750%*** 0.500%** 0.758*** 0.579%** 1.414%*
UCPI,_, 0.531 -0.123 -0.519 -1.148*** -8B+ -1.184%** -0.660
URBAS -1.380%*** -0.803** -0.714** -0.939* -1.193%*= -1.067*** -0.083
UBR_, 0.101** 0.040 0.042* 0.058*** -0.029 0.0%7 0.027
UM3_, 0.479 -0.235 0.378 0.230 0.592* -0.262 0.560
UOIL, 0.112** -0.009 -0.106%*** -0.046 AB4 0.047 0.073
UZARUS 0.272* -0.014 0.022 -0.055 -0.220** -0.066 0.513***
UCl, 0.796 0.433 0.215 -0.200 0.357 -0.319 -0.274
R.-, - 0.285%** - 0.092** 0.198*** - -

R.-, - 0.112* - - - - -

R? 0.345 0.430 0.561 0.539 0.513 0.438 0.392
AlC -3.529 -4.376 -4.951 -5.213 -4.605 -4.646 -3.555
F-Statistic 22.369*** 9.428*** 35.181** 43.252* 27.088*** 26.996*** 22.717***
QM 0.140 2.188 2.419 0.124 0.143 2.528 0.871
Q@) 5.631 7.885 7.058 6.450 2.103 6.550 5.267
Q%@ 0.078 0.002 0.149 0.000 0.000 0.674 0.164
Q2(5) 0.534 4.843 6.448 1.584 3.948 1.259 4.004
ARCH(1) 0.075 0.002 0.146 0.000 0.000 0.657 0.159
ARCH(5) 0.112 0.942 1.059 0.296 0.767 0.256 0.642
ARCH/GARCH EGARCH(2,2) EGARCH(1,2) EGARCH(2,2) EGARCH(2,2) EGARCH(1,2) GARCH(1,2) IGARCH(1,2)
Distribution GED Normal Normal Normal Normal Student'st GED
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Table A1.3: ARCH/GARCH industrial sector models corrected for residual serial correlation (continued)

w -6.392 -5.068 -12.589*** -14.785** -0.260* 3.91E-05 -

a, -0.378 -0.026 -0.051 -0.156 .04® 0.110 0.022

a, 0.322 - -0.077 0.356* - - -

B 0.201 0.346 -0.178 -0.215 1.431%** D11 1.780***

B, -0.194 -0.034 -0.415 -0.558** -0.471* 0.697 -0.802***

|2 -0.035 -0.178 0.237* 0.199* -0.141* - -

F-statistic 0.808 0.558 1.815 11.314%** 1787380 37.988*** 1000.142***
Notes:

1. ** |ndicates statistical significance at theércent level of significance. ** Indicates statiat significance at the 5 percent level of sigrafice.
* Indicates statistical significance at the 10 petdevel of significance.

2. F-statistics are reported for Wald's test of linezstrictions testing the null hypothesis of coedfints jointly equalling zero (Nelson, 1991;
McMillan & Ruiz, 2009).

3. Q(1) and Q(5) are Ljung-Box test statistics for residual seciairelation at the®i and %' orders.

4. Q*(1) and Q?(5)are Ljung-Box test statistics for squared resickealal correlation at the’and %' orders.
5. ARCH(1) and ARCH(5) are LM test statistics fesidual ARCH effects at thé'and %' orders.

Source: Compiled by author
Table A1.4: Summarized ARCH/GARCH industrial sector model resultsincor porating corrected models

Mean %Sig Positive Negative
Intercept -0.002*+*  59.259% 5 (3) 22 (13)
UMg, 0.820***  100% 27 (27) 0 (0)
UFTW 0.722**  100% 27 (27) 0 (0)
UCPI,_, -0.839***  62.963% 1 (0) 26 (17)
URBAS -0.786***  74.074% 1 (0) 26 (20)
UBR, 0.054***  55.556% 24 (15) 3 (0)
UM3_, 0.299***  40.741% 21 (10) 6 (1)
UolL, 0.004 40.741% 10 (5) 17 (6)
UZARUS 0.015 48.148% 12 (7) 15 (6)
UCI, 0.307* 22.222% 18 (4) 9 (2)
Notes:

1. *** Indicates statistical significance at the&rcent level of significance. ** Indicates statiat significance at the 5 percent level
of significance. * Indicates statistical significanat the 10 percent level of significance.
2. t-test applied to mean of coefficients to establigtether factor coefficients are significantly diffat from zero (Beenstock &
Chan, 1988).
3. Values in brackets () are the number of stesiy significant instances at the 10 percent le@fesignificance.

Bl Compiled by author
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APPENDIX 2: DATA SOURCES

Table A2.1: Data Sour ces

Factor Symbol Source
1. Market Indices
1.1. JSE All-Share Index (Total returns) M, INET Bridge Database
1.2. Dow Jones Industrial Average DJ, INET Bridge Database
1.3. FTSE World Index FTW INET Bridge Database
1.4. FTSE 100 Index FTSE INET Bridge Database
1.5. MSCI World Index MSC|, INET Bridge Database
1.6. MSCI World Index (Local Currency) MSCIR INET Bridge Database
1.7. Nikkei 225 NK, INET Bridge Database
2. Inflation
2.1. Consumer Price Index CPI, INET Bridge Database
2.2. Inflation Expectations RBAS INET Bridge Database
2.3. Producer Price Index PP, South African Reserve Bank
3. Real Activity
3.1. Industrial Production MR South African Reserve Bank
3.2. Building Plans Passed BR South African Reserve Bank
3.3. Retall Sales SLS South African Reserve Bank
4. Money Supply
4.1. M1A (Narrow) Money Supply M1A INET Bridge Database
4.2. M3 (Broad) Money Supply M3 INET Bridge Database
5. Interest Rates
5.1. Three Month Treasury Bill Rate TBT3, INET Bridge Database
5.2. 10 Year Government Bond Yield SAGHRO, INET Bridge Database
5.3. 30 Year Government Bond Yield SAGE3Q,  INET Bridge Database
5.4. Changes in the Term Structure DTS INET Bridge Database[Construct]
6. Commodities
6.1. Rand Brent Crude Price OlL, INET Bridge Database
6.2. Rand Gold Price GOLR INET Bridge Database
6.3. All Commaodity Index COM, INET Bridge Database
6.4. Metal Index MET, INET Bridge Database
6.5. Non-Fuel Commodity Index NFCI, INET Bridge Database
7. Exchange Rates
7.1. Rand-Dollar Exchange Rate ZARUS INET Bridge Database

7.2. Rand/Currency Basket Exchange Rate ZARBA INET Bridge Database[Construct]
8. International Trade

8.1. Terms of Trade T International Monetary Fund
8.2. Composite Lead. Index of Trad. Partners TT, South African Reserve Bank
8.3. Composite Coinc. Index of Trad. PartnersTT, South African Reserve Bank
9. Business Cycle Indicators
9.1. Composite Leading Index LI, South African Reserve Bank
9.2. Composite Coincident Index Cl, South African Reserve Bank
Notes:

1. [Construct] indicates that factor is construdiesn data obtained from source.

Source: Compiled by autho
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