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Definitions of Terms and Abbreviations

Adaptive Market Hypothesis: A new version of the Efficient Market Hypothesidhere
efficiency is seen as cyclical — dependent uponirttexaction of market participants at any

point in time.
AMH : Adaptive Market Hypothesis

Attribution Theory : A theory in social psychology that strives toetatine how individuals

explain causes of behaviour and events (Heider8)195

Autocorrelation (or serial correlation): The dependency of one observation at a point in
time to another observation at another point iretih autocorrelation is present in a data
series, particular forms of statistical analysiarga be conducted without first correcting or

accounting for autocorrelation.

Bayes Theorem A theorem in statistics that links the degredelief in an outcome before
and after accounting for evidence (Bayes and P1i£é3).

Behavioural Portfolio Theory: A theory which states that investors create afgay that
meets a broad range of goals. The portfolio cathbeght of as a pyramid, where each layer

represents a different goal.

Bernstein’s Theorem Any real-valued function on the line [®) that is strictly monotone is
a mixture of exponential functions. Non-negativadiions which have a strictly monotone

derivative are referred to as Bernstein functiderstein, 1928).
CDF: Cumulative distribution function

Contrarian investing: See value investing

EMH : Efficient Market Hypothesis

Esoteric. Intended for or understood by a particular grobidividuals.

Fama and French three factor model A micro-economic model that attempts to explain

share returns via three factors: a value factor IJHM size factor (SMB) and a share’s beta.

Free Cash Flow HypothesisA hypothesis that stipulates the tendency of rgameent to
spend excess cash flow on negative net presené \@hjects as opposed to a payout to
shareholders.
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Fusion investing A style of investing that combines fundamente¢hinical and behavioural

analysis with no regard to traditional asset classe

Fusion fund returns: Returns of the fusion fund, calculated as monthlgtuations in the

price of the fusion portfolio.

Fusion strategy returns Returns of the fusion strategy, calculated asmtth buy-and-

hold returns, averaged over 12 months.

Gaussian distribution: Also referred to as a normal distribution, thg& a continuous
distribution which has a “bell-shaped” probabildgnsity function. It was first introduced by
Gauss (1857).

Information Theory : A theory developed by Shannon (1948) to quarmifgrmation.

Informational Theory of Investment: A newly developed theory of investment basedhan t
premise of information theory. Under this settingprmation is regarded as a reduction of
entropy. When combined with a learning algorithims ttheory is helpful in analysis of

market patterns.

J=6, K=6 momentum strategy Under this notation, the first number correspotmghe
number of periods of historical data used to caleulpast returns. The second number

corresponds to the number of periods the shareldsih the portfolio.
JSE: Johannesburg Securities Exchange Ltd.

January effect The January effect refers to the tendency ofeshtr generate above-average

returns in the month of January. It was first doeatad in Wachtel (1942).

Mental accounting A process consisting of coding, categorisatiord avaluation of

economic outcomes.
MPT : Modern Portfolio Theory
PMPT: Post-Modern Portfolio Theory

Prospect Theory A descriptive theory by Kahneman and Tversky @9which tries to
reconcile real world actions and behaviour of ineeswith that of utility theory.

SD: Stochastic Dominance



Rational expectations A presumption of the Efficient Market Hypothesidhere agents’
predictions of the future value of economicallyerent variables are not systematically

wrong - the errors are random (Muth, 1992).

Value investing Also known as contrarian investing, value invagtis based on correctly
identifying shares that are inexpensive relativa fisice multiple and purchasing these shares

to generate profitable returns in the long term.



Fusion investing:

An esoteric approach to portfolio formation

ABSTRACT

This study contributes to the debate on activepassive portfolio management by providing
an alternate means of constructing an active dariforhis “fusion strategy” has
underpinnings in the realm of behavioural finan@mely the value-growth phenomenon and
the momentum effect. The fusion strategy develapedbis study was compared against two
passive benchmarks and four active benchmarkgeflrns are calculated net of transaction
costs, initially set to 1% per month per share.tiSteal testing, done via stochastic
dominance, yielded inconclusive results in the migj@f cases. The exception however, was
that Fund B stochastically dominated the fusioatety at second order. This implies that a
risk-averse investor would prefer to invest in FUBdBY the use of Sharpe and Treynor
ratios, the results were also inconclusive. Howetlex Sortino ratio shows that the fusion
strategy outperforms all benchmarks chosen, exéeptl A. The performance of the fusion
strategy was also not induced by either a sectatiom strategy, the existence of the January

effect or by the level of transaction costs.
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1 Introduction

Finance theory unequivocally states that in effitmarkets, a portfolio manager who utilises
active strategies cannot outperform his counterpdrd utilises passive strategies, after
transaction costs. Many academics and practitionave investigated this claim and whilst
there is consensus amongst groups of individuadsetis no ruling on the claim itself. In this
study, focus is given as to whether pricing anoesalound in the literature can be exploited
simultaneously. This study contributes to the debah active and passive portfolio
management by providing an alternative means oftcocting an active portfolio. The
strategy is referred to as a fusion strategy arsdumaerpinnings in the realm of behavioural
finance, namely the value-growth phenomenon andibr@entum effect.

“Fusion investing is a relatively new approach th#empts to integrate traditional and
behavioural paradigms to create more robust invastmodels” (Lee, 2003, p. 1). The term,
fusion investing, was first presented by Lee (2008 concept of incorporating behavioural
finance into share valuation was new at this stafyehe financial markets profession.
Although the author did not formalise the idea,stlpresentation was simply to raise

awareness of incorporating behavioural finance sht@re valuation.

The first study to suggest the use of a sentimedicator in the valuation of a share was
conducted by Shiller (1984). The author considereahiverse where there are two types of
traders — information traders (known as the “smawhey”) and noise traders (the ordinary
investor). The model presented by the author shitwas price is a weighted average of

fundamental value and noise trader demand. In tegepce of transaction costs, price will

not necessarily equal fundamental value. As funddahenalysis provides a component of
the share price, information traders (rational 8twes) need to consider trends. This is similar
in notion to the Keynesian idea that the financradrket is a “beauty contest” (Keynes,

1938).

Bird (2007) provided the first formal introductidéo fusion investing. Using his prior studies

as examples, Bird (2007) expanded upon the idéasain investing. He suggested that three
different approaches to exploiting pricing diffeces be investigated: the value approach,
fundamental approach (accounting-based analysid)naomentum approach. The earliest

(and perhaps only known literature) on the evatunatf a fusion strategy is that of Bird and
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Casavecchia (2007b). The study focuses on Europesmkets during the period 1989 to
2004. The authors find that both enhancements (mtume and fundamentals),

independently and in combination, improve the tgnability of the manager in selecting
value and growth stocks and that the momentum eema@nt subsumes the fundamental

enhancement in better identifying value shares.

The premise of investing on the existence of anm®ah the market or in particular asset
classes has become known as style investing gmapislar amongst actively managed funds.
In the financial market environment, investors fartfolio managers) classify assets into
broad categories such as large-cap shares, govetrrmoeds, venture capitahter alia and

thereafter decide how much of capital to investach class (R. Bernstein, 1995).

Some investment styles have a record of produ@sgectable long-term results. Even the
most successful styles and strategies, howeveretioes experience extended dry spells.
Indeed, styles that pay off in one economic envitent frequently fail in another one.

Obviously, any technique that can predict the parémce of various styles would be of
considerable practical value. (Arnott, Kelso, Kddan and Macedo, 1989, p. 28)

The authors explore the possibility of selectioylest in portfolio formation. However, they
state that implementation of a particular style,ilsthgenerating high returns, will also
generate high turnover and transaction costs. kample, the use of style momentum
investing is in and of itself a driver of high returns anigthtransaction costs. Barberis and
Shleifer (2003) state that the popularity of asspends on their performance. Thus,
investors would flock to those assets that probieler returns, thereby driving up prices in a
self-fulfilling prophecy. This shows the impact wivestor sentiment in financial markets
(Seetharam, 2010). Chen and De Bondt (2004) sugthedt astute investors should
incorporate style characteristics into their asdleication strategies. The authors show that
investors that follow styles based on size, boekitnket ratios or dividend yields could earn
superior returns over the period 1977 to 2000is linclear however, what the explanations
are for the cross-sectional differences in retuansyhether they are rational (irrational) in

nature.

! Style momentum is a form of sector rotation thatsthose shares that had the best past returnsefischort
those shares that had the worst past returns (&Hza Bondt, 2004).
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van Rensburg and Robertson (2003a) investigateribes-sectional explanatory power of
various style characteristics on the Johannesbwguries Exchange Ltd. (JSE). Six
candidate factors are found to be significant dua ¢otal of 24 effects investigated. In the
construction of a multifactor model, size and piieesarnings ratios are found to have the
most explanatory power. This supports the work ah \Rensburg (2001) in testing a
multifactor pricing model on South African shar®ghilst the factors (and ensuing model)
had no theoretical explanation at the time of g, the authors acknowledge that the
above mentioned factors are anomalies on the J8&E&s,Tan investment strategy should

(hypothetically) be able to exploit these anomatiesitably.

1.1 Research problem and objectives

From the perspective of an active fund manageeetijuestions need to be asked (as per
Bird, 2007):

1. Is the market you operate in efficient? If not, whyt inefficient?
2. Would these inefficiencies persist in the future?

3. How does your investment strategy exploit thes#icencies?

The focus of this study is on the last point lisiabve. Given that literature (both local and
international) has documented the existence anderistence of the value-growtrand
momentum anomalies in South Africa, an attempt is madedsigh a strategy that utilises
these pricing inefficiencies, assuming the abowffitiencies to be present in the South
African market yet not necessarily throughout thére sample peridd Further, literature
has shown that a combination of a value strategurmdtamental strategy with a momentum
strategy seems a viable means of achieving aboaeg® returns (see Bird & Casavecchia
2007a; 2007b). Thus, this research aims to encayestiie idea by Lee (2003) and Bird and
Casavecchia (2007b) by designing an investmerteglydhat exploits the value, fundamental
and momentum anomalies. Although the screening adsthare chosen based on prior
studies, no published study has utilised theseessrén the sequence outlined below. This

study therefore offers an interpretation of fusiovesting.

2 Fama and French (1993), Basiewicz and Auret (200 alia.
3 Jegadeesh and Titman (1993), Fraser and Page)(2@@0alia.

* This point is clarified in Section 2.1.2.
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Consider Figure 1 below. Each shaded circle reptessesample space. From the population
of all shares, those considered value shares éxeteg From that sample, those that are
fundamentally sound and exhibit winning momenturarahteristics are chosen. The first two
screens are evaluated on an annual basis whemdinah screen is evaluated monthly. As
firms release financial statements annually, amyiicant information contained in this
release would cause the firm’s share price, as agetklated data, to change in the long term.
The inclusion of a monthly momentum screen showdeffective in capturing short term
fluctuations present between releases of finaistaéments.

Value
(Annual Screen)

Piotroski
(Annual Screen)

Momentum
(Monthly Screen)

Figure 1 — Venn diagram of the fusion strategy

Thus, any share that passes all of the above iariterconsidered inexpensive (the value
screen), financially sound (the Piotroski screenl &as positive prior performance (the

momentum screen).

This study draws on differing areas of the literatto present a comprehensive opinion on
the fusion strategy. Apart from implications fofi@ent markets, the psychological evidence
surrounding the above financial anomalies as wetha practical implications for the fusion
strategy are investigated. For instance, basetd@wobrk of Chordia and Shivakumar (2002),
this study informally analyses the performancehef fusion strategy over business cycles as
the above cited literature show that size, valnd,rmomentum factors track business cycles.

1.2 Summary of findings

The fusion strategy developed in this study waspamed against two passive benchmarks
and four active benchmarks. An additional compariseas conducted with the fusion
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strategy and an (artificial) equally weighted ALSAI returns are calculated net of

transaction costs, initially set to 1% per monthatiStical testing, done via stochastic
dominance, yielded inconclusive results in the migjo@f cases. The exception however, was
that Fund B stochastically dominated the fusioatsfty at second order. This implies that a
risk-averse investor would prefer to invest in FuBdand that Fund B has a greater
probability of achieving higher returns than theifun strategy. However, it is interesting to
note that the above results, whilst true statiByicdo not provide a complete picture. By the
use of risk-adjusted portfolio performance measusgecifically the Sharpe and Treynor

ratios, the fusion strategy yields mixed resultewdver, the Sortino ratio shows that the
fusion strategy outperforms most of the benchmatksvas compared against. The

performance of the fusion strategy was also naiéed by either a sector rotation strategy or
the existence of the January effect. Sensitivitythte level of transaction costs was also
investigated. The level of transaction costs teatlts in a break-even return for the fusion
strategy was found to be at least 6.50% per mdrtils. amount is economically significant.

Thus, notwithstanding the significant influenceminsaction costs, the results are promising.

As this study is pioneering in South Africa, vaisoavenues for research can be explored.
Empirically, one can alter the fusion strategy torenaccurately determine which optimal
combination of screening criteria as well as sdregdelineation points (such as a median
split instead of quartiles), provides the best ganance. Theoretically, one can explore the
nature of the “fusion investor”, with particular phasis to his utility function and interaction

with the rest of the market.

This study will proceed as follows. An overviewthe literature surrounding this field and its
direct relations will be examined in Chapter 2. iHadter, Chapter 3 outlines the fusion
strategy and appropriate statistical methodologyafalysis of its returns. Chapter 4 presents
and discusses the results along with particulasigeity tests and biases that were present in
this study. Lastly, Chapter 5 provides an excuists the caveats and avenues for future
research of this study, ending with a conclusiompéndix A provides mathematical
derivations for select components of the statistim@thodology, Appendix B provides
additional graphs of stochastic dominance tests Aomokndix C details the results of the
fusion strategy against an (artificial) equally glgied passive benchmark.



2 Literature Review

The chapter begins with a summary of active andipasnanagement of portfolios. This
discussion will inherently include background i@ Efficient Markets Hypothesis (EMH)
and the role of transaction costs. Thereafter, litieeature surrounding modern portfolio
theory (with specific focus to the most recent depments) will be analysed. Finally, an
extensive analysis of the fusion strategy’s comptsevill be conducted, followed by the
statistical method used to examine the returns earing with explanations offered from

behavioural finance.

2.1 Active and passive portfolio management

A simple question lies at the heart of both finaacademia and practice — can a portfolio
manager achieve superior returns than the market, eosts? A plethora of studies have
been conducted, and yet there has been no cleasemsus of whether active or passive
portfolio management is more beneficial in termgaitirns. Underlying the question is the
theory surrounding the EMH. Whilst it is not therpose of this review to provide an

extensive discourse on EMH literature, a brief dsston is instructive.

Kendall (1953) analysed a sample of firms from tated Kingdom and found that no

autocorrelation was apparent in share prices. ifhdied that prices behaved in a random
manner, with equally likely probabilities of inceag, decreasing or remaining the same.
Roberts (1959) enhanced this implication by anatyshares in the United States. Using
these two findings, Fama (1965) presented the iEfficMarkets Hypothesis. Since its

publication, the EMH has generated much debate gat@tademics and practitioners alike.
To date, whilst there may be a consensus in somakes; there is no definitive proof of

whether the EMH holds.

2.1.1 The forms of market efficiency

The EMH requires that agents have rational expedsithat is, on average, the population
of agents are correct, even when no single aggnand that these agents update their
expectations whenever new information arises. ThR#HEequires that investors’ reactions

follow a Gaussian distribution so that no abnorpralfiits can be realised. Each of the forms
of efficiency, as described by Fama (1965) requarasiffering set of requirements to hold

true.



The weak form of market efficiency states that fetprices cannot be predicted by analysing
past prices. In the long run, investment strategidlsnot earn excess returns after costs.
More specifically, strategies focused on technamadlysis will not be able to consistently
produce excess returns whereas strategies focustthdamental analysis may still provide
excess returns. Statistically, share prices doexbibit serial correlation — they follow a

random walk.

The semi-strong form of market efficiency provideat share prices adjust quickly to public
information. Neither a fundamental- nor a technadlysis-based strategy will earn excess
returns. However, those that have access to privdtgmation may be able to obtain

superior returns.

Lastly, under strong form efficiency, share pridedly reflect both public and private
information. Thus, no sustainable superior retuaiter costs, can be achieved in the long

run.

There is a vast amount of literature surroundirgistdor market efficiency.This study
indirectly offers a test of the semi-strong and kveams of efficiency as it utilises financial
statement analysis in its methodology.

2.1.2 An alternative view of efficiency

The EMH asserts that financial markets are inforomaily efficient. That is, one cannot
consistently achieve returns in excess of averageken returns on a risk-adjusted basis,
given the information publicly available at the &rthe investment is made. Tests of the EMH
have yielded both positive and negative resul®vitably, once a particular result is found, it
becomes prone to criticism, sometimes rightfully Bor example, Malkiel (2005) states
irrevocably that a passive index fund has signifiiabeaten an active fund over a 30 year
horizon. From this the author concludes that the-HEMIds. Malkiel (2005) however fails to
mention that transaction costs have not been takenaccount — an important factor in

deciding which strategy is superior.

Roberts (1959) is one of the early academics tgestgenhancing technical analysis with the
aid of fundamental analysis. At a time pre-datihg publication of both the EMH and the
Capital Asset Pricing Model (CAPM) of Sharpe (1964 suggestions of Roberts (1959)

® The interested reader is referred to Sewell (26drlan extensive discussion.
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show that irrespective of whether one perceivesniaeket to be efficient, one can still

economise time in the search for greater returns.

Lo (2004 and 2005) describes a new form of matikedry — the Adaptive Market Hypothesis
(AMH). This approach utilises concepts from finaraoed the principles of evolution. It is
simply stated as follows: “Prices reflect as muttoimation as dictated by the combination
of environmental conditions and the number and reatd ‘species’ in the economy” (Lo,
2005, p. 19). Species refer to market participéatset managers, hedge funds, tradets,
alia). Thus, the efficiency of the market at any pamttime is related to the factors of

evolution and competition present.

It presents a simple, philosophical and pleasantlyitive view of market efficiency. Market
efficiency can be seen as cyclical. There are timfegefficiency and efficiency. For a
market to become efficient, it must first be inei#nt andvice versa. The influence of market
participants (through trading or financial produohovation) influences this efficiency,
sometimes in a disruptive way. To date, no forma&thudology has been published on
testing the AMH. However, authors have nonethel@sgposed and tested methods (for
example, Todea, Ulici & Silaghi, 200Bter alia). It is with this viewpoint (in support of the
AMH), that this study draws upon. In relation te thbjectives set forth in Chapter 1, it was
assumed that the market in which the fusion styategleveloped and implemented in is
inefficient, with these inefficiencies possibly pesting into the future. The AMH enhances
this assumption by stating that these inefficiem@ee cyclical in nature. Thus, one would

expect the fusion strategy to have periods of Baerior and inferior performance.

2.1.3 The role of transaction costs

Transaction costs consist of two components — expibsts, such as brokerage fees and
taxes; and implicit costs, such as bid-ask spremud the price impact of the trade
(Boussema, Bueno & Sequier, 2001). As implicit s@se difficult to quantify, many studies
instead deduct a fixed percentage of the valuexdh ¢rade to account for trading costs. This

value is referred to as unconditional trading costs

Studies that have utilised unconditional, roungtrirading costs range from 0.5%
(Jegadeesh & Titman, 1993) to 1.5% (Grundy & Marg@01). Friedrich (2010) finds that a

range of between 0.5% and 0.6% is considered aeoaats/e amount for South African

® Round-trip trading costs refer the costs of enteeind subsequently exiting a position.
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shares of high liquidity. Ray and Schmid (2005)dwrt stress testing on the value of trading
costs to determine the point at which the returhgheir momentum strategy becomes
statistically insignificant at the 90% level of sificance. A value of 1.22% a month achieves
this goal, whilst a value of 2.06% eliminates thenmentum profits (from an economic

perspective). This study uses an amount of 1% hmmesper month for transaction costs. This

is discussed further in Chapter 3.

2.2 Portfolio Theory - developments and applicability

Another line of thought parallel to the EMH is knowas Modern Portfolio Theory (MPT).
The fundamental building block of MPT is mean-vada optimisation developed by
Markowitz (1959). Simply, mean-variance optimisatiposits that investors should be
compensated for additional levels of non-diverbiiarisk. This optimisation is given by
efficient portfolios which focus on three key védnli@s: mean return, correlation and standard
deviation. MPT relies on these statistical toolemable the portfolio manager to select those
shares which will provide the highest return atieeny level of risk (andvice versa) in
equilibrium conditions. Indeed, an entire field of research and pradies been born out of
the analysis of a single variable of MPT, the staddieviation (most commonly given by,

in non-equilibrium conditions. Nevertheless, a shortcoming of standard deviadsna
measure of risk is that it measures both upsidedanehside risk. Further, its use relies on

asset returns following a Gaussian distribution.

The salient point is that the use of standard diewiano matter how accurate it may be, does
not satisfy the needs of an investdturther, a distinction should be made betweentiioja
and risk. According to MPT, standard deviationya@ymous with risk. However, standard
deviation simply refers to the volatility of retwn a higher standard deviation implies that
returns are more volatil€eteris paribus, investors prefer less volatility to more volayili
However, not all investors prefer less risk to mosk. Indeed, risk can be seen as an
emotional aspect of investing. Investors perceisk as either: the risk of loss, the risk of
underperformance or the risk of failing to meet’srgoals (Swisher and Kasten, 2005). A

new measure, semi-variance and consequently, ddemmsk, measures only those returns

" Under the assumptions of MPT, the typical invessoassumed to be risk-averse. Kahneman and Tversky
(1979) challenge this assumption, which resultedhia emergence of Prospect Theory. Under Prospect
Theory (more specifically the concept of loss aieers the investor strongly prefers to avoid lossather

than acquire gains.
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that fall below the mean. This new measure is iively appealing and as such, Post Modern
Portfolio Theory (PMPT) uses downside risk as theasure on which to compare returns
against. Surprisingly, Markowitz (1959) states tl@gwnside semi-variance” would be a

more appropriate measure for building portfoliosafkbwitz, 1959, p. 194).

2.2.1 Semi-deviation as a measure of risk

The use of standard deviation presents severaledgals. First, its use is reliant on the
underlying distribution of returns being symmetand following a Gaussian distribution.
Bekaert, Erb, Harvey and Viskanta (1998) show #saset returns, particularly in emerging
markets, do not meet the above criteria. Given #gahdard deviation is a component of
MPT, if standard deviation is considered ineffegtin its use, one must then question the
applicability of MPT including the use of the edgoilum measure of riskp (beta). As a
result, the use of semi-deviation has received daanongst academics and practitioners

alike. It is defined as:

0 = VE{mm[(R - B), 0]} &
whereR denotes the asset return @ddalenotes the benchmark or target return. The above
formula considers those returns that fall belowlibkachmark only. Thus, it is a measure of

downside risk.

The practicality of the above measure is twofolidcombines two statistical measures,
variance and skewness, into a single statistic,imgak a useful inclusion in one-factor
models. Second, semi-deviation is applicable when underlying distribution is either

symmetric or asymmetric.

Empirical studies such as Sortino and van der M£8981) and Estrada (200dpter alia,
have tested the use of semi-deviation as a meadunek. In cross-sectional returns and

cross- sectional industry tests, the statistic feaad to be an appropriate measure of risk.

The performance of portfolio managers under MPT weeasured by ratios that unitise
returns per level of risk. Examples include therSbaatio (Sharpe, 1966), the Treynor ratio
(Treynor, 1965), the Information ratio (Sortino adce, 1994) and Jensen’s alpha (Jensen,
1968). The Sharpe ratio uses the standard deviafidotal portfolio returns in excess of a
risk free rate to measure a manager’s performdnisesimple and intuitive to use yet ignores
diversification of the portfolio. The Treynor ratreates a characteristic line to evaluate
manager performance. It measures portfolio betdivel to a market index proxy. Whilst the

~10 ~



ratio is simple and intuitive to use for a cost-&@comparison, the values obtained are often
difficult to interpret and often ignore unsysterpaiisk. Sortino and Price (1994) derive the
Information Ratio which measures standard deviabforeturn in excess of a benchmark, to a
style index (in other words, tracking error). lbpides a direct comparison of performance to
a benchmark per style of investing yet it implicilssumes that both portfolios have the
same level of systematic risk. Finally, Jensenghalis one of the few measures that rely on
regression techniques for estimating performancera/hthe deviation between the returns
generated by any asset pricing model and the aasat return is captured by an intercept
term, alpha. Whilst a regression approach mightymeore accurate results, it relies on the
presumption of the particular asset pricing modelaa appropriate model of risk (this
includes measuring an asset’s beta and using aro@pde market proxy instead of the
elusive market portfolio itself). Modigliani and Migliani (1997) develop a risk-adjusted
performance measure. It is simple to understandilasi in vain to the Sharpe ratio yet
significantly easier to interpret. However, thigigaalso relies on the use of standard
deviation — the use of which is questioned (asugised previously). Goetzmann, Ingersoll
and Spiegel (2007) develop a Manipulation Prooffd?erance Measure (MPPM). The
MPPM is a (1) single valued score which is (2) meledent of monetary value and (3) the
uninformed investor cannot enhance estimated s@twe.authors outline four conditions for
a measure to be considered manipulation proof.méasure should (1) result in an increase
score with increased return, (2) the function stobé concave, (3) it should be time
inseparable and (4) it should have a power utibtyn. This implies that informed investors
should be able to get higher scores. Goetzmanh €0#07) show that the measure is better
at detecting and ranking fund performance over mathgr popular performance measures.
However, as the MPPM is based on von Neumann-Mastgem utility axioms of von
Neumann and Morgenstern (1944), it can be arguatithis not appropriate in light of
Prospect Theory (in which investors exhibit diffgérdevels of utility towards losses and

gains).

To date, PMPT utilises the Sortino ratio (Sortima &rice, 1994) only. The Sortino ratio
measures excess returns per unilatnside risk. Given the advances in finance theory and
the intuitive appeal of PMPT, this study uses tloetiBo ratio as a measure to compare

performance of the fusion strategy against passikeactive benchmarks.

~11 ~



2.3 Value investing

There is a vast array of literature that documehes performance of shares selected on
relative valuation multiples. The evidence poirdsvalue shares (those with low relative
price multiples) outperforming growth shares (thesth high relative price multiples). The
most common of these multiples are the: Price tmiBgs (P/E), Price to book (P/B) and
Price to Cash Flow (P/CF) ratios. A typical strgtegpuld be constructed as follows. First,
data would be obtained for the relative multiplel@ninvestigation. Second, shares would be
ranked from highest to lowest according to the ipl@dtchosen. Third, the top grouping
(percentile, quartileinter alia) of shares would be termed the value portfoliojlsthithe
bottom grouping would be termed the growth portiBlValue shares ranked according to
P/E, P/B and P/CF have been shown to outperforrwthgrghares ranked accordingly (see,
respectively, Basu, 1977, Fama & French, 1992 akbhishok, Shleifer & Vishny, 1994).

Fama and French (1993) propose that the outperfarenaf value shares over growth shares,
in effect, a value premium, is due to the inhesenskier nature of value shares relative to
growth shares. The authors note that this premginot captured by the standard CAPM of
Sharpe (1964). Others, such as Black (1993) antidfiptShanken and Sloan (1995) offer
that the value premium is a result of data minindata selection biases. There is, however, a
third explanation offered by Lakonishok et al. (4R9The first two explanations above
attempt to reconcile the value anomaly with therenir paradigm of efficient markets.
Lakonishok et al. (1994) instead deviate from tpaggadigm and suggest that the value
premium is a consequence of the judgemental mistakevestors. This is in line with the
earliest philosophy of value investing by Grahand &odd (1934) — a value strategy is
successful because it is contrary to the markeg. rEhative valuation multiples used would
appear to reflect the systematic errors made bgsitovs in their forecasting. A high (low)
P/B value may indicate that the current price @f share is inflated (deflated) relative to its
book value. This implies that investors irratiogaktribute too large (small) a weighting to
the good (poor) performance of the firm in the récpast and assume this performance
would continue into the near future. If (or perhagsen) the firm fails to meet investors’

expectations, the P/B multiple would correct itselfreflect this updating of information.

& Note that these classifications apply when thetipial has the share price as the numerator. Ist@e price
were the denominator, the value portfolio would éndkie highest respective multiples (E/P, B/M, CF/P),

whereas the growth portfolio would have thevest respective multiples.
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Relative valuation multiples can thus provide gpooxies for mean reversion of shares and
market performanc®Further, Rousseau and van Rensburg (2004) pointhati whilst the
performance of value shares is impressive in maatkets; this performance is typically
attributed to only a handful of shares in the vagboetfolio. As the value of these multiples
become extreme, there is a greater probabilityttieshare’s price will adjust to correct for

this, such that the multiple reverts to “acceptadlels”.

In a South African context, Graham and Uliana (30fdd that post-1992, value shares
outperform growth shares, whereas pre-1992, greWwénes outperform value shares. Whilst
they do not attempt to offer explanations for thiemaly, they do posit that economic and
political conditions surrounding South Africa dugithis time may have impacted the results.
Nevertheless, the findings of Graham and Uliana0{20show that the value-growth

phenomenon does exist in South Africa.

The weakness of a value strategy lies in determinumen this reversion will occur. A
possible way of enhancing a value strategy wouda e to delay the purchase of the value
share until it reaches its turning point. This t@nachieved via a screening criterion. Recent
studies have suggested two distinct approachehaneement of a contrarian strategy with

fundamentals or with momentum.

2.4 Fundamental investing

Value shares are typically neglected by both amslgsd investors and thus provide an
opportunity to investigate performance with additinarket noise as possible. Arbel and
Strebel (1982) document the neglected firm effeitte-tendency of firms that are not closely
followed by analysts to provide unexpectedly higturns. It follows that if one can correctly
identify a share that is both neglected and inespena remarkable profit opportunity arises.
One could conduct analysis of these firms’ finahsi@tements, which would provide a
reliable indicator of past performance, and the @aé also readily accessible.

Prior research documents that high book to mam&¥) firms outperform low B/M firms
(see Fama & French, 1992 and Lakonishok, Shleiféfighny, 1994). The success of this
outperformance rests with a few firms that perfaignificantly better than most in the

° For the purposes of this study, it is importanhate that the relative valuation multiple usedsioet provide
any significant insight into the timing of any memaversion (in contrast to LaPorta, Lakonishok.e8al &
Vishny, 1997).
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chosen sample. It can be deduced that if an investble to seleax-ante, those firms that
he judges to be superior future outperformersirkiestor is able to consistently earn above
average returns. Piotroski (2000) examines whetieraccounting-based fundamental
analysis strategy can earn positive returns foinaestor. The author investigates the use of
such a heuristic in choosing between strong andkwesue firms. Application of
fundamental analysis to accounting statementsdeal $uccessful application of a heuristic
that discriminates between good performers and pedormers. During the sample period
of 1976 to 1996, returns generated from this furelstad-based approached were 23%
annually, excluding transaction costs. This alsal$ecredence to various behavioural models
that were developed by Barberis, Shleifer and Wslihi998), Daniel, Hirshleifer and
Subrahmanyam (1998) and Hong and Stein (1999). efieetiveness of the fundamental
analysis strategy in Piotroski (2000) appears to dveatest in a slow information
dissemination environment, evidence similar in lmigh the momentum strategy tested by
Hong, Lim and Stein (2000). In these environmewnddye firms are typically neglected by
analysts — hence the slow absorption of informateleased from those firms. Lastly, the
author shows that the success of the strategy sedban the ability to predict future
performance and the market's inability to recognibese predictable patterns. When
examining earnings announcements, returns for wishares are 4.09% significantly higher
than those for loser shares. This is comparableéhéo value versus glamour (growth)
announcement return difference in LaPorta, LakaksBhleifer and Vishny (1997).

The performance of this strategy highlights mangnaalies documented in Fama (1998).
The ability to discriminateex ante, between strong and weak performers suggestdhbat
market does not efficiently incorporate past infation into current prices — a violation of

weak form and semi-strong form efficiency.

2.4.1 Prior fundamental analysis research
2.4.1.1 The univariate approach

LaPorta (1996) and Dechow and Sloan (1997) show slyatematic errors in market
expectations about long term earnings growth raagially explain the success of a

contrarian strategy (given by book-to-market vajub&ny investment strategies have been
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designed and tested based on the market's inaholifylly incorporate signals of financial

performance by firm&°

Frankel and Lee (1998) implement a fundamentalyaisalapproach that identifies shares
whose prices lag their fundamental values. Thesterwmalued shares are identified via
earnings forecasts and accounting-based valuatamtel® (such as a residual income model).
Over the three year investment period analysed, $tiategy is successful at generating
significantly positive returns. Generally, analyptefer not to follow poor performing, low
volume or small firms (Hayes, 1998). Thus, thesadiare less likely to have forecast data, a
consequence of the neglected firm effect descrdaatier. This poses a significant problem
for using Frankel and Lee’s (1998) forecast basethod to select value shares. As all listed
shares (irrespective of analyst following) are iegflito publish financial statements, it is
logical to use financial statements as a basistare analysis.

2.4.1.2 The multivariate approach

Holthausen and Larcker (1992) show that a stagilstitodel can be used to accurately predict
future excess returns. Given the complexity of ¢hemthodologies and the vast amount of
data required, Lev and Thiagarajan (1993) use d&htiial signals that are popular amongst
analysts. These signals are shown to be correlaidd contemporaneous returns after

controlling for current earnings innovations, fisize and macroeconomic conditions. Ou
and Penman (1989) develop such a strategy to prédiecre changes in earnings. This

strategy is based on various financial ratios olatale from historic financial statements,

similar to the Piotroski score used in this stulyarbanell and Bushee (1997) test the ability
of Lev and Thiagarajan’s (1993) strategy to predittire changes in earnings and future
revisions of analysts’ forecasts thereof. Thew fihat some of the signals suggested by Lev

and Thiagarajan (1993) are economically justifiredssessing future firm performance.

Piotroski (2000) provides a strategy similar inrggbd Lev and Thiagarajan (1993). Whilst
some of the signals are common to both studies,ynu@ed in Piotroski (2000) do not
correspond to prior research. The reasons foidéwsation are threefold. First, the population
under investigation in Piotroski (2000) is reseitto value firms! These firms are typically

smaller in size and often more financially distegs€ompared to growth firms. Thus, the

19 See Piotroski (2000) for an extensive discussion.

M This provides some justification for the ordettud fusion strategy screens outlined in this study.
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signals used in the Piotroski score are chosepdoifically measure profitability and default
risk trends. Second, whilst signals such as capkpénditure decisions would be reasonably
good indicators of financial performance, they afesecondary importance relative to the
signals chosen to capture the health of a firmnBer (1994) and Sloan (1996) both show
that accounting returns and cash flow, each ralatov the other, is of importance when
assessing future performance prospects. Thirdhereitev and Thiagarajan (1993) nor
Abarbanell and Bushee (1997) offer an optimal $eignals. There is thus room for the use
of alternative and perhaps complementary signalsl@monstrate the performance of a
fundamental analysis strategy, in general. Ther®3&t score is the aggregate sum of each
signal, once that particular signal has been ratitw®dinary form. By focusing only on value
firms, the Piotroski score is able to provide aialde gauge of financial health and
investment potential of a value firm. Further, Riski (2000) postulates that if analysts
exhibit under-reaction to financial statements -algsts are inefficient in analysing and
interpreting financial statements — this will letadthe success of both the Piotroski score and

momentum strategies.

2.4.2 A contrarian strategy with fundamentals

Piotroski (2000; 2005) demonstrated that the useetdct financial ratios provides a good
measure to differentiate between good and pooppudrs. Both Piotroski (2000) and Scott,
Stumpp and Xu (2003) find that the market's reaxcti® slow with respect to accounting-
based information. In the case of value sharesclwhave typically low expectations, any
deviation from said expectations would plausiblgate either significant profits or losses.
This explains why publicly available informationnclhe (profitably) used to provide medium
term insights to the performance of (value) shaMshanram (2005) finds that similar
variables used by Piotroski (2000) can be usedifferentiate between good and poor

performers.

2.5 Momentum investing
2.5.1 Definition and early history

Momentum can be defined as the “continuation of divection of prior stock returns”
(Griffin, Ji & Martin, 2003, p. 2515). Jegadeeshd dntman (1993) examine the profitability
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of a relative strength trading stratégybuying past winners and selling past losers)afor
holding period that varies between three and twetvenths. The findings show that
significant profits can be made using this stratdgying the sample period 1965 to 1989.
The particular strategy examined in detail is the5, K=6 strategy. The evidence is
consistent with a delayed price reaction to firneefic information and inconsistent with the
lead-lag effedf of Lo and MacKinlay (1990). Further, the result® aot due to the
systematic risk of the trading strategy (Jegad&e$hman, 1993).

The momentum effect was thus discovered by Jeghdgees Titman (1993) and still remains
an anomaly that defies traditional finance thedry.a subsequent study, Jegadeesh and
Titman (2002), the authors find that their momengimategy continued to remain profitable.
Rouwenhorst (1998) examines a momentum strategwetve European markets and finds
its existence apparent. Chui, Titman and Wei (200@) the effect in emerging markets and
Fraser and Page (2000) find its persistence iistheh African market.

2.5.2 Related empirical findings

Grinblatt, Titman and Wermers (1995) examine thegomance of mutual funds in the
United States. On average, those that followed emembum strategy realised significantly
better returns than those funds that did not. Idd#ee authors found that fund performance
was highly correlated with a fund’s ability to inephent momentum strategies and to herd.
Intuitively, if a fund lacks the ability to time &g and exit in and out of the market, its next
best strategy would be to follow the consensusdjh&chierek, De Bondt and Weber (1999)
find that both a momentum and contrarian strategiperforms a passive approach in
Germany during the period 1961 to 1991. As thetesgras require limited trading, the
authors submit that trading costs do not substgnt#ier their results. In an attempt to offer
risk-based explanations, the authors examine fadoch as share beta, standard deviation
and firm size. None of the examined factors sattsfdy explain the persistence of profits
under either the momentum or contrarian approa@nsén, Gallagher and Teodorowski

(2007) examine the role of momentum in the actssetallocation environment using data

12 A relative strength trading strategy is similarcioncept to momentum investing. The distinctiors lie the
terminology. Positive (negative) momentum referghte positive (negativedifference between returns. In
contrast, positive (negative) relative trading syt refers to the positive (negativajio of returns.

13 The examination of shares sorted according tq sizews that the returns of larger shares leadetuens of

smaller shares. Hence, the lead-lag effect.
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on Australian securities. Their results show thatmantum investing does exist amongst
Australian mutual funds and that those funds wiahmarket timing ability are most likely to

be momentum investors.

2.5.3 Possible explanations of momentum

Many academics have attempted (unsuccessfully)xpbaim momentum via asset pricing
models. Fama and French (1996) resign that momen&umot be explained by their three-
factor model in which winner shares tend to posltivaffect the size coefficient (given by
SVIB in the model) whereas loser shares tend to nedgptaffect the size coefficient. The
extension of these effects to the long term temdpredict a reversal of returns, not a
continuation (momentum). Thus, the model cannotaexpghe momentum anomaly. Conrad
and Kaul (1998) argue that past winners have higheonditional expected returns than past
losers, thus these returns will not change ovee tamd result in persistent profits. Jegadeesh
and Titman (2002) show that the method used by &band Kaul (1998) is biased and those
cross-sectional differences in expected returndaéx@ minute proportion of momentum
profits. Chordia and Shivakumar (2002) use a camuid asset pricing model with lagged
macroeconomic risk factors that captures momentuitihe United States reasonably well.
These variables are related to the business cypdestaow that momentum returns during an
expansion are statistically positive whereas thdgeng a recession are negative, albeit
insignificant. Unfortunately, Griffin, Ji and Manti(2003) show that the model by Chordia
and Shivakumar (2002) is not robust on a globatlleVhe authors’ findings support the
notion that macroeconomic risk, a significant cimtior to momentum, is largely country
specific. The model by Chordia and Shivakumar (30Q2nerates inaccurate global
momentum forecasts and is thus inadequate in expépimomentum-generated returns.
Lastly, Cooper, Gutierrez and Hameed (2004) firad thomentum is not primarily driven by
market risk (it is idiosyncratic in nature).

Behavioural models (discussed in a Section 2.8pagiel, Hirshleifer and Subrahmanyam
(1998) and Hong and Stein (1999) imply that momen&nd subsequent reversals should be
stronger following market gains than market dedin@s investors exhibit increased
overconfidence and lower risk aversion during magaens). Cooper et al. (2004) find that
these models do not stand up to empirical tesfihgs, there has been no viable explanation
of the momentum effect to date. Hvidkjaer (200@&¢rapts to explain the persistence of the

momentum effect from the perspective of tradinge Trituition surrounding the explanation
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in Hvidkjaer (2006) is as follows. If the prediat® of behavioural models are uncorrelated
across investors, trading will occur but the prétects would be minimal. However, when
the models lead to the same conclusion, the pwidésither move upwards (due to increased
investor demand) or downwards (due to decreasassior demand). This occurs even in the
absence of new fundamental information (Shleif@)®. The most pertinent link between
cognitive biases and prices would then be the rnigadiehaviour of investors. Hvidkjaer
(2006) examines whether this trading behaviourat®onal or irrational in nature by using
transactions data on all NYSE/AMEXshares over the period 1983 to 2002. The author
finds that large traders are less susceptible tonembum effects than small traders and

suggests that momentum can be partially driverhbybehaviour of small traders.

2.5.4 A contrarian strategy with momentum

De Bondt and Thaler (1985; 1987) suggest that ghidces tend to overreact to information.
A contrarian strategy (which buys past losers aglth ast winners) was shown to earn
abnormal returns over a three to five year holghegod. Other strategies have used shorter
holding periods of either days or months. Whilstsih also show abnormal returns, it is
possible that these returns can be explained byt-alo price fluctuations and lack of
liquidity. Jegadeesh and Titman (1995) examinedhismaly and provide evidence in favour
of the above interpretation. Early literature onrked efficiency focused on strategies that
bought past winners and sold past losers (for el@nfp. Levy, 1967F. Grinblatt and
Titman (1989; 1991) document that many mutual fuinagée a tendency to buy shares that
have increased in price over the last quarter. duestion under review is to reconcile the
relative strength trading strategy with the condératrading strategy, as both have supportive
literature. One possible reason for the discrepantlyat the contrarian strategy utilises either
a short term (one week or one month) or long tettmeé to five years) holding period
whereas the relative strength strategy utilisesoldiig period between three and twelve

months.

Bird and Casavecchia (2007a) suggest that an inrepment in momentum of a value share

provides a good signal of a sustained improvemeiibaoth fundamental and market driven)

4 New York Stock Exchange/ American Stock Exchange
15 R. Levy’'s (1967) results have come under heavjcisin from Jensen and Bennington (1970), by amguin
that the different strategies were examibefibre developing a strategy that worked. They find fRat.evy’s

(1967) results were prone to selection bias.
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performance. Anecdotally, the universe of valuelsiocan be seen as a lemons probiem
where cheap shares are interspersed with inexperstiares (those that present a good
investment opportunity). An improvement in momenttona particular value share signals
that the share has received increased attentiesuprably brought on by an improvement in
performance. As high momentum also indicates stemmgiment (increased popularity of the
share leads to increased trading, driving up tharesiprice), any decrease would be
synonymous with the share reaching the peak gdrit® life cycle. Fraser and Page (2000)
investigate the presence of both value and momemoemomena on the JSE. They find,
independently, that both phenomena exist. The asithiod that the P/B ratio is the ideal
indicator to use for a value strategy and a 12 mgpast return is the best period to use for a

momentum strategy.

2.6 Fusion investing

Bird and Casavecchia (2007b) evaluate the apprsabiieBird and Whitaker (2004) and
Piotroski (2000) to enhance value style portfolibbe study focuses on European markets
during the period 1989 to 2004. To identify vakleres, the authors use a Price to Sales
ratio, as this was found to be the most effectiv&uropean markets. The earnings forecast
method of Ou and Penman (1989) is used as a fundamidicator and the specific
momentum indicator used is an acceleration indicalbis price acceleration measure is
analysed with the aim to synchronise the long-skwetegy with market cycles. Two types
of acceleration are defined in Bird and Casavec0@7b): short acceleration is calculated
as the ratio between the three month and the snthmarice momentum. It is used to divide
the bottom momentum quintile - those stocks thatilek more losing characteristics.
Similarly, long acceleration is calculated as taorbetween the 12-month and the 24-month
price momentum. It is used to divide the top momentuintile - those stocks that exhibit
more winning characteristics. Further, they fin@tttboth enhancements (momentum and
fundamentals), independently and in combinatiomprowe the timing ability of the manager
in selecting value and growth stocks and that tleementum enhancement subsumes the
fundamental enhancement in better identifying valoares. Specifically, the success rate of

enhancing a value style with a momentum indicatoraases from 42% to 53% over a one

16 Akerlof (1970) describes the market for lemonsttas information asymmetry that exists when theesell

knows more about the product than the buyer. Henmon” refers to a defective product.
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year holding period. Thus, Bird and Casavecchi®B) provide evidence of the success of

the fusion strategy (without using that partica&rminology) in European markets.

The sorting and ranking procedure in Bird and Cesalvia (2007b) differs from that used in

this study. The authors first sort shares into eaéund growth groupings and thereafter
simultaneously sorts these shares according toafuedtals and momentum; with each sort
conducted on an annual basis. Further, the actelenmeasure used by the authors is not

used in this study, primarily due to data constgin

2.7 The role of stochastic dominance in empirical finance

Decision theory is concerned with identifying valugnd uncertainties in a given decision
that result in the optimal outcome (Wald, 1939)slone of the core aspects of any financial
or investment decision. Traditional finance theobgginning with MPT, assumes that
investors are rational at every point in time (Mawkz, 1959). Further, in this framework,
the investor's utility is a function of wealth whicis non-decreasingU((w) = 0) and
exhibits diminishing marginal utilityl"’(w) < 0) — in other words, the investor is risk-
averse. However, based on the works of FriedmanSawhge (1948), Markowitz (1952a)
and Kahneman and Tversky (1979), prospect theory dewveloped as a contender to the
traditional framework. Friedman and Savage (1948yipde a hypothesis which includes the
traditional axioms of von Neumann and Morgenstet®44) as well as a theoretical
justification for a section of the utility functioto be convex — a section which exhibits
increasing marginal utility({"’ (w) > 0). Markowitz (1952a) in an attempt to refine therkvo
of Friedman and Savage (1948) adds that investmssegss a utility function which consists
of two concave and two convex segments. Usingtti@eretical foundation, Kahneman and
Tversky (1979) find experimental evidence that sutgpthe notion of the utility function
described previously and formalise the concept rospect Theory. The authors conclude
that investors maximise the expected value of thection for the convex segment for
negative outcomes and the concave segment foriyosititcomes. The evolution of utility
functions is presented in Figure 2 below. The meftst function corresponds to that used in
Markowitz (1959), the middle-left to that used ingddman and Savage (1948), the middle-
right to that used in Markowitz (1952a) and thehtighost to that used in Kahneman and
Tversky (1979).
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Figure 2 — Evolution of utility functions (Lopes, 1987).

events independently of their relative outcomess Tould lead decision makers to choose
the worst of two options based on their cumulapuabability distributions. Thus the theory
as presented in Kahneman and Tversky (1979) gagdaiviolations of first order stochastic
dominance which presumes an expected utility masempossesses an increasing utility
function — in other words, the decision maker wanktead choose the better of two options
based on their cumulative probability distributiodversky and Kahneman (1992) thus
developed a variant of the original theory, refére as Cumulative Prospect Theory. Under
this variant, cumulative probabilities are transfed to weighted cumulative probabilities,
shown in Figure 3 below. This leads extreme evehtmall probability to be appropriately
weighted as opposed to equally weighting all exer@wents of small probability (as per the
original Prospect Theory). This ensured that fiostler stochastic dominance was not

violated.

weighted probability
a

» probability

Figure 3 — A weighting function used in Cumulative Prospect Theory
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The main development of SD theory was due to HaddrRussell (1969), Hanoch and Levy
(1969), Rothschild and Stiglitz (1970) and Whitm¢i®70)*’ Hadar and Russell (1969)
develop theorems for ordering uncertain prospedtgead to first and second order stochastic
dominance. Hanoch and Levy (1969) present a frame¥oo incorporating SD to portfolio
selection and optimisation. Rothschild and Stigit®70) view financial returns as a random
variable and attempt to model portfolio selectiosmsddd on this precept and SD rules.
Whitmore (1970) develops criterion for third degoEsminance and its inclusion in the field
of utility theory. Since these developments, agian of SD rules to finance, statistics and

empirical data have been successful (see H. LE882)1

The primary advantage of SD theory in finance dM&T is that SD theory is based on an
axiomatic model of risk-averse preferences. The MiOel of mean-variance optimisation
does not model the entire spectrum of risk-avensdepences. Moreover, as discussed
previously, the use of standard deviation as a uread risk is not an accurate description of
an investor’s attitude towards risk. Porter (198ddws that the use of semi-variance as a
measure of risk is consistent with the rules of thBory. Thus, there exists a relationship
between the use of SD rules, semi-variance as asureaf risk and concepts from

behavioural finance.

2.8 Explanations from behavioural finance

The existence and persistence of momentum and s#laiegies go against the literature on
market efficiency. Proponents of behavioural firmhave associated the persistence of these
market anomalies to cognitive biases of investém@ank (2004) presents experimental
evidence of over- and under- reaction on the J3te rEsults show that the markets will

under-react to reliable information and over-r¢aainreliable information.

2.8.1 A behavioural framework for investing

The classification of objects into categories basedome similarity among them is one of
the foundations of human thought (Rosch & Lloyd78P In the financial environment,

investors (or portfolio managers) classify assets ibroad categories such as large-cap
shares, government bonds, venture capitéér alia and thereafter decide how much of

7 Since the development of Prospect Theory, theseblean subsequent development into Prospect Stimchas
Dominance (Linton, Massoumi & Whang, 2005). Howewagplication of this technique is beyond the scope

of this study.
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capital to invest in each class (R. Bernstein, 1J98be process of allocating capital into such

categories has become known as style investing.

Intuitively, assets that belong to the same styleimherently share some base characteristic.
As such the impact of an exogenous event will affiee entire portfolio either positively or
negatively. In Modern Portfolio Theory terminolodiie portfolio does not have a high level
of diversification, which can be captured by thghhcorrelation and covariance amongst the
portfolio constituents. The driving force behine timitiation of new styles and the ending of
old styles is largely due to financial innovatiardasentiment (or popularity). For example, in
the years following 2003, the Credit Default SwapDE) has gained in popularity.
Consequently, a new style of investing would bealkocate greater proportions of capital to a
CDS. Similarly, following the works of Banz (1978hd Basu (1977), small stocks would

have increased in popularity.

Style investing is pleasing to both individual anstitutional investors for two reasons. First,
the categorisation of assets significantly redubesamount of time and effort required to
process information efficiently (Mullainathan, 2Q006or example, an investor would prefer
to allocate capital amongst say, five asset stesppposed to across every listed security.
Second, by segmenting assets, performance evaluigtisimplified, especially when peer
group comparisons are used (Sharpe, 1992). Frams#atutional perspective, style investing

provides a great benefit to funds that are requinddllow a mandate.

Barberis and Shleifer (2003) present a simple méalebn assessment of style investing.
Under the assumption that investors follow a mommentstrategy, they find that the
investment styles follow a specific life cycle. ¢&$ deviate from their fundamental values as
styles become popular or unpopular. According ® dhthors, in an inefficient market, an
arbitrageur can earn substantial profits by follogvia combination of a momentum and
contrarian strategy. However, with extremely waaprices, the popularity of a particular
style is sometimes clouded. Thus, arbitrage becams&g and consistent profits are less
likely to be realised. Consistent with this imptioa, one can also conclude that these results
imply an efficient market in that arbitrage actywvdecreases consistent profits to the point of
eliminating them - prices thereby reflect their damental values. Barberis and Shleifer
(2003) are particularly careful in using such terns simply present stylised facts of their

study, without overemphasising the importance @irthesults. One can also relate their
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results to the AMH described earlier. As the AMHeo$ a cyclical view of efficiency, one
could infer that the popularity (and performancéparticular style will follow a cyclical

pattern.

2.8.2 The over- and under- reaction hypotheses

The phenomena of over- and under- reaction aredeelimented in the literature. The over-
reaction hypothesis of De Bondt and Thaler (198gpssts that investors overweight current
(or short term) information and underweight histo(or long term) information. Thus,
investors can cause prices to overshoot fundamealaés. Hence, over-reaction leads past
losers to become underpriced and past winnersdonte overpriced, leading to a reversal in
the future. This hypothesis is tested by the asthdro find that the reaction is more severe
for loser shares than winner shares and more ampaver longer term horizons of between
three to five years. Further, a strategy which Ibugser shares outperformed winner shares
by 24.6% over three years, excluding costs. Thistegy has grown to become known as

value (or contrarian) investing, which was discdssarlier.

Page and Way (1992) document over-reaction on3ke The authors found that loser shares
outperformed winner shares by 14.5% over a three lyelding period, excluding costs. This
implied that the JSE was weak-form inefficient. Hwer, in both De Bondt and Thaler
(1985) and Page and Way (1992), returns were foahe@ seasonal during January (although
Page & Way, 1992, found that it is less pronouncédi)ller (1999) also tests for over-
reaction on the JSE but restricts the analysishéo 200 largest shares, given by market
capitalisation over the period 1985 to 1998. Bymihyg a methodology which overcame the
seasonality effect of other studies, the authoficord the presence of over-reaction on the
JSE. In a more recent study, Hsieh and Hodnettl(P@dnfirm the previous findings of Page
and Way (1992) that share prices on the JSE teoddshoot their fundamentals and mean
revert. The authors also find that the correctiackbto fundamentals is stronger for loser
shares than winner shares — as found in De BortiThaler (1985).

In contrast, the under-reaction hypothesis as @gdlaby Barberis, Shleifer and Vishny
(1998) states that prices are gradually updatedftect new information. Specifically, shares
initially under-react to good news, which is cotegtat a later stage, and at that later stage
the returns of shares which released good newkighher than those that released bad news.
As a conseguence, these prices exhibit positivecautelation over short-term horizons of
approximately 12 months. Studies such as BernaddTaomas (1989; 1990) and lkenberry,
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Lakonishok and Vermaelen (1995) show that pricese slow to react to earnings
announcements and share repurchases, respectivelye were to profit from the under-
reaction hypothesis, it follows that firms thate@te good news should be bought and those
that release bad news should be sold. This hasfested itself in the form of fundamental
investing described earlier. Using fundamental ysigl the investor is able to determine the
impact of news releases. The need for timing theketdhas been addressed via momentum
strategies. Jegadeesh and Titman (1993) documahaltimormal positive returns generated
by their momentum strategies disappear after twarsyeThis implies that the market has
fully incorporated the historic information intoasle prices — the market has achieved a level

of efficiency.

Both these phenomena pose a challenge to effioremkets as sophisticated investors can
earn superior returns by utilising these concelsideed, the literature presented forms a
justifiable response to the order of the screemirigria of the fusion stratedy.Fama and
French (1996) posit that their three-factor model account for over-reaction but not under-
reaction. Loser shares have positive sdE) and valueKIML) slopes and thus have higher
average future returns whereas winner shares hegatise value HML) slopes and thus
have lower average future returns. The differignsibetween loser and winner shares imply
a long term reversal. Barberis et al. (1998) dqvedo parsimonious model of investor
sentiment - one that incorporates both over-reactiod under-reaction. Their model is
consistent with the experimental evidence of Twesd Kahneman (1974), with respect to
representativeness and conservatism bias (bothiloegdelow). Under an environment of a
single asset and single investor, the earningseasset follow a random walk. The investor,
who is unaware of this, believes that earnings rmdetween two states. In the first, earnings
are mean reverting. In the second, they followeadr The transition probabilities between
states, as well as the statistical propertiesfigeel in the investor’'s mind. Each period, the
investor updates his information based on an olhservof earnings. Although the investor’'s
model of earnings is inaccurate, this updating @seds Bayesidfiin nature. Barberis et al.

(1998) show that for a plausible range of valuéss model works well in generating

18 Alternatively, the incorporation of these all peutar screens may be counter-productive to prauyci
superior returns.

19 Bayesian statistics interpret and measure prababbjectively or subjectively. Both require thesamptions
of rationality and consistency, albeit by differidggrees (Bayes & Price, 1763).
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predictions observed in the data. In other worls,authors find that investors over-react to

negative news and under-react to positive news.

2.8.2.1 Psychological evidence

Conservatism states that individuals are slow tange their beliefs in the face of new
evidence (Edwards, 1968). In experiments condubtethe author, the subjects’ reactions
are benchmarked to that of an idealised rationgkeBian investor. The findings show that
individuals do update their beliefs, but by a loweagnitude, relative to the rational Bayesian
benchmark. Subjects take between “two to five olz@ns to do one observation’s worth of

work in inducing a subject to change his opiniofisiwards, 1968, p. 359).

The evidence on conservatism suggests that, inaamdial context, under-reaction could be
present. Investors might disregard the full infotiora content of, say, an earnings
announcement. As a consequence, revaluation afhthiee will only partially reflect the full

impact of the announcement. Investors tend to umelght useful evidence relative to less
useful evidence that they obtainadoriori. Further, they might exhibit overconfidence in

their revaluations (Barberis et al., 1998).

The second relevant phenomenon documented by degisis is the representativeness
heuristic (Tversky and Kahneman, 1974). A persoo Wallows this heuristic will evaluate

probabilities based on its similarity to other edgeand in a manner which reflects the salient
features of the process that generated it. An itapbrconsequence of the heuristic, as
discussed by Tversky and Kahneman (1974) is thaplpe(investors) will perceive to

observe patterns in truly random sequences. Aseceaissm is suggestive of under-reaction,
representativeness is suggestive of over-reacliorcontinue with the example of earnings
announcements, a consistent history of unusuakjtipe announcements will lead investors
to believe that this past history is predictive fature performance. They would thus
disregard the pertinent fact of these high earrfings not being able to repeat this
performance in the future. When the expected egsngrowth is not realised, investors

penalise the firm by means of a drop in share price

Griffin and Tversky (1992) attempt to reconcile servatism with representativeness. They
find that when people focus too much on the stierjtthe evidence and too little on its

weight, forecasts are usually revised downwards n— observance of conservatism.
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Conversely, when too much focus is given on wemnd not enough on strength, over-
reaction occurs. In the world of finance, investongght underweight the information
contained in quarterly earnings announcementsesinsingle number cannot contain much
information. They ignore the weight that the newas ton forecasting future earnings.
Alternatively, investors can overweight the infotroa content of consistently high or low

earnings growth, not realising the low impact tis on forecasting.

It is important to note that the psychological ende does not indicate how to quantitatively
differentiate between information that leads toren&action and information that leads to
under-reaction. Thus, any consecutive finance edlditerature is noper se based on

psychological evidence as opposed to being motiviayeit. Studies conducted on simulated
financial experiments (such as that by Andreasséfraus, 1990 and De Bondt, 1993) show

that these two phenomena of over- and under- mradb exist.

2.8.3 The overconfident investor

Daniel et al. (1998) present a behavioural modellar to that of Barberis et al. (1998), with
a different psychological foundation. The model bgniel et al. (1998) is based on
overconfidence and biased self-attributforiThey define an overconfident investor as one
who is quasi-rational — the investor is a Bayesiptimiser except for his over-assessment of
valid private information, but not of publicly raged information, and his biased updating of
this precision. Further, when investors observedhomes of their actions, they update
their confidence in their own ability in a biasedmer. According to Attribution Theory
(Heider, 1958), individuals strongly attribute etgethat confirm the validity of their actions
to high ability and those that negate their actitmexternal noise or sabotageThe authors

find that share prices over-react to private infation and under-react to public information.

2.8.4 A unified theory of over- and under- reaction

Hong and Stein (1999) follow in the spirit of Barigeet al. (1998) and Daniel et al. (1998) in
developing a behavioural model. They place conalilgrmore emphasis on the interaction
of heterogeneous agents and less on the psychofagpid agents. Their model features two

types of agents — news watchers and momentum satleth of which are boundedly

2 Also referred to as self-serving bias, this is tésedency of people to attribute their successntiogenous
factors and failures to exogenous factors (MilleR&ss, 1975).

2L psychologists refer to this phenomenon as cognitissonance (Festinger, 1956).
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rational?> News watchers make forecasts based on some sobsetiblicly available
information and do not condition forecasts on auirrer past prices. Momentum traders,
however, do condition forecasts on past prices.g-omd Stein (1999) impose the assumption
that the forecasts by momentum traders are simpleature — in other words, they are
univariate functions. Further, the authors assumaé private information diffuses gradually
amongst the news watcher population (a violatiormairket efficiency). Hong and Stein
(1999) show that when only news watchers are actreces adjust slowly to new
information, more specifically, there is only undeaction and never over-reaction. When
momentum traders are added to the model, thelinggction of prices is accelerated but at

the expense of creating eventual over-reaction.

The model presented by Hong and Stein (1999) wniffee under- and over-reaction
hypotheses by showing that the presence of undetioa creates the need for over-reaction
andvice versa. If one group of traders under-react to privaferimation, a second group of
traders tries to exploit this under-reaction via abitrage strategy. Whilst they partially
eliminate the under-reaction, they create excespnege momentum in the process that

eventually culminates into over-reaction.

2.9 Summary

This chapter has covered various aspects of findibeeature — some of which seem
unrelated. However, under closer examination, foisxd that these aspects are intertwined.
An overview of the literature on market efficierleg to an alternative hypothesis (the AMH)
as well as the use of semi-deviation and the Sortatio as a more appropriate measure of
risk and performance, respectively (both from distieal and psychological perspective).
The anomalies of value investing, fundamental inmgsand momentum investing were then
investigated from an empirical perspective and ftbm perspective of behavioural finance.
Indeed, these anomalies can be seen to have rpoteei over- and under- reaction
hypotheses. Further, an alternative statisticahrierie was explored in testing financial
series. Stochastic dominance seems a good fitetcchiallenges presented in the literature

surrounding the traditional finance framework o&emning risk and returns.

2 |In decision making, an individual's rationality lsmited by the information available, the cognétiv
limitations of his mind, and the finite amount ahé available to make the decision. The phrase fiksts
introduced by Simon (1957).
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3 Data and Methodology

This chapter proceeds with a description of the daid sample used, followed by an outline
of the methodology. From the current literaturéysion strategy begins with selecting those
shares that show value characteristics. Theseshaeethen screened using various filters to
select those that show the greatest profit potemti&ypical value strategy will be discussed
followed by the various screens. It should be ndked value investing can (and has) been
enhanced by each of the screens discussed (adbgdendently), to earn superior profits. It is

logical to assess the performance of sequentiaésang, thereby creating a fusion strategy.

3.1 Data

Data was obtained from FinData@\¥fsl-Net and McGregor BFA. The data consisted of
B/M ratios, fundamental (financial statement) datal monthly closing prices for all firms
that were listed and subsequently delisted on tt@rnesburg Securities Exchange Ltd.
(JSE) during the period January 1989 to Decembé@f.20It is crucial to note that the
inclusion of delisted firms is done to prevent dagk-ahead bias. Whilst this may seem
counterintuitive, the following scenario is assunh@thold. At a point in time, the investor (or
portfolio manager) has access to public informatiegarding those firms currently listed.
Based on this dynamic sample, he makes his sefeatishares via the fusion strategy. Thus,
he does not know in advance which shares will bieeeisuspended or delisted. Once the
portfolio is formed, should delisting or suspensamcur, the share is immediately removed
from the portfolio and assigned a zero percentagerm. Data for unit trusts were also
collected from McGregor BFA. As bid and offer pscen these unit trusts were unavailable,

closing prices are used in all comparisons.

3.2 Value investing

All value strategies select those shares that hawefundamentals relative to price. The
shares are then sorted and grouped in descenddw®y. oFhis study uses book-to-market
(B/M) ratios as the value indicator as Auret andctiire (2006) find this proxy to be a
highly significant variable in identifying value ates listed on the JSE. From the sample,
those firms with negative B/M ratitlswere excluded. Thus, each financial year, all ehar

that qualified (had a non-negative B/M ratio) wesieked and sorted into quartiles according

% FinData@Wits is a database compiled internallyHeyUniversity of the Witwatersrand.

24 A share can have a negative B/M ratio if the fitas experienced a series of financial losses.
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to their B/M values. At the point of forming thergolio, the B/M value that applies to the
previous financial year end would be used. For gtanif a firm has a B/M value of 1.5
during its 1995 financial year end, this value Wi used in the ranking for the 1996 financial
year end. It is important to note that each sharer¢ specifically the firm) would have
differing financial year ends. At the end of eaoimfs financial year end, new B/M values
are used in ranking shares. Using prior year 8istions to create the value portfolios
eliminates look ahead bias; however, this methaglobdso leads to larger (smaller) samples
of value firms in years where the overall marketlides (rises). Piotroski (2000) finds that

these time-specific patterns do not affect theltesu

3.3 Fundamental investing

Fama and French (1995) identify that the averagg /M (value) firm is financially
distressed. By simply implementing a value strateme cannot easily distinguish between
those firms that are financially sound from thobattare not. Typically, firms that are
financially distressed are associated with deajnam persistently low margins of profits,
cash flows and liquidity. If one can identify whi¢inms are in financial distress (or near
approaching financial distress), one can thenrfoig those that are unsound from those that

are sound. In this spirit, fundamental investing waveloped.

The Piotroski score (Piotroski, 2000) relies on mexang historical financial statement
information to filter out financially sound firmsdm their counterparts. The variables are
then converted to binary signals — if the firm’'sigasurpasses the benchmark, it takes on a
value of eithelO or 1 (dependent upon the variable in question). Thargigignals are then
aggregated. The aggregate score ranges @rém® where0 indicates a financially unsound
firm and9 indicates a financially sound firm. The fundaméstgnals chosen are related to:
profitability, financial leverage, liquidity and epating efficiency. Piotroski (2000) stresses
that these signals were chosen from both academdigeactitioner circles and that they do

not purport to represent the only signals to indithe financial soundness of a fiff.

Whilst this approach seems relatively efficieng #ffect of any signal on the share’s price
may be ambiguous. Therefore, @ ante implication must be stated. Each signal is
conditioned on the premise that the firm is finafgidistressed to some degree. Myers and

% various statistical methodologies, such as faetmlysis, can be used to determine the optimalcehof

signals to be used.
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Majluf (1984) describe how an increase in leveraga be considered a negative signal
whereas Harris and Raviv (1990) find that an ineeean leverage can be considered a
positive signal. Thus, the extent of these signay not be uniform across firms with high
B/M values. This ultimately will reduce the powef the Piotroski score to differentiate

between financially sound and financially unsouinahg.
Each of the signals will now be discussed followesgdhe composite score.

3.3.1 Profitability

The profitability of a firm provides information abt the firm’s ability to generate funds
internally. A positive earnings trend suggestsmprovement of the firm’s ability to generate
cash in the future. Similarly, a negative earnitrgsid is suggestive of future performance

deterioration.
The Piotroski score uses four performance measur@sofitability:

1. ROA: The return on assets of a firm, definedi@sincome before extraordinary items as a

percentage of average assets for the year.
2. CFO: Cash flow from operations as a percentagearage assets for the year.
3. AROA: The difference between the current year’'s RaDA the previous year’'s ROA.

If ROA, CFO andAROA are positive, their respective dummy varialbéd® on a value df,
andO otherwise. The benchmarks of zero profit and pash flow were chosen by Piotroski
(2000) as they are independent of industry levelrket level and time specificatiéh Sloan
(1996) finds that firms that have positive accradjustments (profits that are greater than
cash flow from operations) actually convey a negasignal to investors, whereas a negative
accrual adjustment conveys a positive signal. Tésslt could have possibly gained credence
from the Free Cash Flow Hypothesis of Jensen (1986pngst value firms (firms with high
B/M values) this relationship becomes importanimanaging earnings, where the incentive
to do so is strong (Sweeney, 1994). As such, tlaioaship between cash flow and earnings

is considered.

% Zero profit or zero cash flow can occur at anynpdn time, irrespective of industry-wide profitviels or

market-wide profit levels. These benchmarks are thdependent and also easy to implement.
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4. Accruaf”s The variable Accrual is defined as the currenarige net income less
extraordinary items and less cash flow from operatias a percentage of average assets for
the year. The associated dummy variable is assignedue ofl if Accrual is positive (CFO

> ROA) and0 otherwise.

3.3.2 Leverage, liquidity and source of funds

Since most value firms are financially constraingdis logical to examine their capital
structure and ability to meet future obligationartker if these financially constrained firms
were to increase leverage via external financinglexreasing liquidity, it has a negative

impact on the firm’s management of financial rikgncial risk is thus greater).

1. ALever captures changes in long term capital stractit is the change in the historical
ratio of long term debt to average total assetsin&nease in the ratio is seen as a negative
signal. Myers and Majluf (1984) and Miller and Rod®©85) argue that the use of external
financing conveys a signal that the firm is unaegyenerate sufficient internal funds. An
increase in long term debt is also likely to pldegher constraints on the firm’s financial
flexibility. Thus, the associated dummy variablkem on a value df, if ALever is negative

andO otherwise.

2. ALiquid measures the change in liquidity. It is defi as the difference between the
current year's current ratio (current assets asem@emtage of current liabilities) to the
previous year’s current ratio. A positive changelies a positive signal and consequently
has a value ot for the dummy variable. A negative change haslaevaf O for the dummy

variable.

3. Eq_offer is simply a dummy variable which takesthe value ol if the firm did not issue
equity in the prior year and otherwise. As discussed in Myers and Majluf (1984¢ use of
external financing (debt, hybrid securities or commrequity) signals a firm’s inability to
generate sufficient cash flow to meet obligations.

%" piotroski’s (2000) definition of accrual includdspreciation, where depreciation is considered gatie

accrual.
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3.3.3 Operating efficiency

The last two measures used are components inclodeBuPont modet

1. AMargin is defined as the firm’s current gross mangitio (gross margin as a percentage
of total sales) less the prior year’s gross margtio. If the associated change is positive, the
dummy variable takes on a valuelodndO otherwise. The associated positive change could

indicate an increase in the firm’s product pricaatecrease in operating or input costs.

2. ATurn is defined as the firm’s current year’'s asgatover ratio (total sales as a percentage
of average total assets for the year) less the peiar's asset turnover ratio. An improvement
in this ratio signifies greater productivity of ats and has a value df for the dummy
variable; and otherwise.

3.3.4 Composite score

Thus, the nine dummy variables in equation form are

FscoreFroat FaroatFcrot FaccruaLt Famaraint Faturn® Fatever*Faviquio + EQOFFER {2}

A fundamental investment strategy will rely on sélgy firms with high F_Scores. This
differs from the probability models and data fitfimodels of Ou and Penman (1989) and
Holthausen and Larcker (1992). The Piotroski Se®raightforward to implement and can

be recalculated with little effort.

As the F_Score is an aggregate measure of perf@aen@npresents a simplified investment
strategy when using fundamentals. However, givéndimplicity, two complications arise.

First, the conversion of information into binargmsals does ultimately lead to a loss of that
information. Thus, potentially valuable informatican be overlooked. Second, there is no
theoretical justification for the above model.dtanad hoc approach to selecting those firms

that are fundamentally stalf®.

Once the Piotroski scores are calculated, thosesfthat have scores greater than or equal to

7 are selected to implement a momentum strateg. litypothesised that these firms will

% The Du Pont model deconstructs return on equity three components — financial leverage, operating
efficiency and asset use efficiency. The model imasduced by the Du Pont Corporation in 1920.
2 Alternative measures would be the use of Altmanstatistic (Altman, 1968), the historical change i

profitability or a decomposition of ROA.
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have strong subsequent performance. The choickeofut-off score represents the highest
tercile of firms — in other words, the top 33% alue firms. Thus, out of the sub-population
of value firms (some of which may be financiallgtessed) the Piotroski score selects those
which possess strong historical financial soundness

3.4 Momentum investing

Momentum investing has received much attention ffiorance academics and practitioners
since the seminal work of Jegadeesh and Titman3j1%omentum strategies can be used
for almost any tradable security and can be impigatkon either prices (returns) or earnings
announcements (see Jegadeesh & Titman, 1993). iMatissngly, many trading platforms
now provide momentum indicators in trading chaotsssist those who wish to follow this
strategy. This study follows the “traditional” appch — namely using share returns to base a

buy or sell decision without the use of tradingrtha

Using those shares that pass both of the aboversore criteria (the value screen and
Piotroski screen), a momentum strategy is impleetenThis study uses 12, K=12
momentum strategy. Fraser and Page (2000) find 1Batonth past returns provide the
highest returns for a momentum strategy. Furtl@raftypical investor, a holding period of
12 months is appropriate. The original approactieiscribed as per Jegadeesh and Titman
(1993). Historic share returns are calculated eaohth for a 12 month horizon — in other
words, on a rolling 12 month horizon. The shares taen sorted based on these historic
returns, in ascending order, into quintiles. Thétdn quintile is referred to as the loser
portfolio and the top quintile is referred to as thinner portfolio. Typically one would long
the top quintile and short the bottom quintile. Hwer, this study only utilises the long
strategy. Given that historic 12 month returnscaileulated monthly, the sorting procedure is
also conducted monthly. Thus, each month the taptitgiis bought. Returns to buying the
top quintile are calculated 12 months later (effety creating a buy-and-hold strategy). As
the portfolio in monttt is held for a period of 12 months, the overalltfmio will consist of
the winner portfolio for the current month, as wedl the winner portfolios for the previous
11 months — the overall portfolio will consist a2 buy-and-hold returns. The return of this
overall portfolio is the equally weighted averagetlme monthly winner portfolios (the
arithmetic average of the twelve 12 month buy-aaldthreturns). Adherence to differing
financial year ends leads to a tedious check eamfttmto determine if the correct shares are
evaluated (as the share will have a different Bfid Riotroski score each financial year).
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It can be deduced that the longer the holding peribe lower the transaction costs.
However, the drawback with extending the holdingqukis that opportunities to rebalance
the portfolio (especially in a volatile market) Wwhbe missed. It then becomes a typical
economic conundrum of weighing the (transactionytgowith the benefit of realising

(potentially) greater returns.

3.5 Statistical methodology

Stochastic Dominance (SD) refers to set of relatishich hold between two distributions,
characterised by their Cumulative Distribution Rimes (CDFs). Consider the CDFs of two
functions,A andB. If for any argument (or pointx, CDFa(x) > CDFRg(X), thenB is said to
stochastically dominatA. At first, the conclusion appears counterintuitiltas important to
note that CDF) represents the proportion of all observationg tigabelow x — in other
words, the area under the curve with a verticahggte atx. Thus, the CDF which has the
greater area under the curve up to and includih@s a greater proportion of observations
that lie belowx. This can be further illustratedfis considered to represent a level of return.
If any return belowx is considered to be below the minimum acceptabtarm, then,
according to the above relatiohwill have a greater proportion of returns that laeéow the

minimum acceptable level. Thiésis dominated by at first order.

The use of SD in finance circumvents the invesiogabtf distributional properties and yet
still presents utility-based interpretations tha eaconomically justifiable. As it is beyond the
scope of this study to specify the utility functioh the investor who follows the fusion

strategy, it is found that

...in the absence of any specification of the tytdunction, to say that prospect P is larger
than P’ in the sense of first order dominance isivedent to saying that P is preferred to P’
for all monotonic utility functions; and given rigkversion, to say that P is larger than P’ in
the sense of second order dominance is equivalesayting that P is preferred to P’ for all

concave utility functions (Hadar & Russell, 19693g).

Fong, Wong and Lean (2005) are the first to usetBnalyse a momentum strategy. Their
primary focus is on the higher orders of SD, duthtocompelling utility interpretations these
orders contribute. The first three orders of ststhadominance each have a different

interpretation of the utility function of the inwes. As such, the concept of proper risk
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aversion (the precept of first order dominance) #aeh the higher orders of SD will now be

discussed.

3.5.1 Properrisk aversion

“Proper risk aversion is the property that an uirdbte lottery can never become desirable by the
presence of an independent undesirable lottery@t{Rnd Zeckhauser, 1987). Thus, if an investor
is forced to choose between two undesirable outepriiee outcomenot chosen should still

remain undesirable, independent of his level oflithea

Utility functions that are monotone obey the abalinition. Examples of monotone utility
functions include the power and concave exponemtiéity functions. Consider the following

utility function:

uw) = [ g = 1) &

Where g is an arbitrary function of any non-decreasingueabfs, F is non-decreasing and

e s"can be replaced by whens=0. This monotone utility function can be expressed as
o ° —-Sw —Sw {4}
Uw)=Uw) + | [eW1—e"W]dF(s)
0

for anyw;, whereU(w,) is finite. After differentiating with respect t@ and applying Bernstein’s
Theorem (S. Bernstein, 1928), the following expiessare obtained:
UM(w) >0 foralln>1andnodd {5}

U™(w) <0 foralln>1andneven {6}
In other words, the above expressions imply thaestors prefer more positively skewed

return distributions.

3.5.2 Orders of stochastic dominance

Orders of stochastic dominance can be definedlasvia

- {7}
DSt (x)= fDS(z)dZ, for s=1,2,3,...
0
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where DS*}(X) represents a CDF of ordet 1. If a distribution dominates another at first
order, then it is sufficient (yet not necessdty) infer that it will dominate that distribution

for any successive order. Definitions are novewd for first, second and third order SD.

Definition 1: First order stochastic dominance (FSD

Let F andG be the cumulative distributions of two risky ass&tbe the uncertaffh return
andU be the utility function. Further, assume thatimfestors are non-satiatet’(x) > 0).

F is said to dominat& at first order if:

F(x) <G(x)forall x {8}
If the investor picks the asset whose returns arengoy G, there is a higher probability he
will earn lower returns than if he were to pick theset whose returns are given by F. In
realistic scenarios, FSD is a stringent criteriorrély upon as it does not describe the risk
appetite of the investor — only that the invest@fgrs more wealth to less wealth. In Figure 4

below, option A dominates option B as A has a senaitea under its curve.

04 — Option A
0na- e Ciption B

0 a0 100 150 200 250 300
Frofit

Figure 4 - First order stochastic dominance

30 A sufficient condition, if satisfied, assures thalidity of the statement. In contrast, a necessanydition
must be satisfied to assure the validity of théestent.

31 Uncertainty refers to both an unknown outcomeand an unknown distribution &f This is in contrast to
risk which refers to an unknown outcomevith a known distribution ok (Knight, 1921). One could argue
that financial returns have log-normal distribusodout there is no prevailing consensus on thistpGiee
Campbell, Lo and MacKinlay, 1997).
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Definition 2: Second order stochastic dominanceSS

Let F andG be defined as above for Definition 1. Thénis said to dominat& at second
order for all investors with utility functions ssflying U’ (x) = 0 andU" (x) < 0 if:

fx [G(z) — F(z)]dz =0 forall x {9}

SSD applies to investors who are non-satiated iskehwerse. In Figure 5 below, option A has
second order dominance over option B as fundi{g) is positive for allx. However, option A

does not have first order dominance over optiors B &as a larger area under its curve.

—_
=
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— Option B| T
—DE@

]
=
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i
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Figure 5 — Second order stochastic dominance

Definition 3: Third order stochastic dominance (1)SD

Let F andG be defined as above for Definition 1. Theéns said to dominat& at third order
for all investors with utility functions satisfying’(x) = 0, U"(x) < 0 andU""'(x) = 0 if:

Mg > Mg and

fx Jv [G(z) — F(2)]dzdv =0 forall x {10y

where m denotes expected return. For an investor who issatiated, risk-averse and has a

decreasing absolute risk aversion, third order 8viges the criterion for ranking returns.

3.5.3 The link to mean-variance analysis

As discussed in Section 2.2, the use of standaritilen as measure of risk is tenuous at best.
However, in two particular scenarios, the use ahdard deviation is acceptable — when returns

are normally distributed or when investors havedgatc utility functions. SD analysis relaxes
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these assumptions and provides a more general Warkefor analysing the risk-return
framework. Similar to mean-variance analysis, SCalgsis provides a means of ranking

portfolios but within a less restrictive framework.

3.5.4 Methods of analysing performance
3.5.4.1 Stochastic dominance tests

Tests for stochastic dominance are non-parameherd is no fixed structure of the model
used), make no assumptions about the distributias®et returns and minimal assumptions
on investor utility (namely, that the investor memore wealth to less). However, it is quite
sensitive to outliers in the distribution. The wfestochastic dominance testing allows for
variation in the screening protocol. The orderhaf $creens can then be changed to determine
if a particular order performs better than anotht¢owever, this avenue is left for future

research.

Linton, Massoumi and Whang (2005) present a geiserhprocedure for estimating first and

second order dominance where observations are edldw be autocorrelated and there is
dependence amongst observatith§hese relaxations of the independence and idéntica
observations assumptions fit well when returnsitiégent funds are compared in the same

market.

The authors offer a procedure for estimation tlaiscsts of finding at least one observation
that results in a strictly positive value. In otheords, it searches for that observation which
results in the smallest positive area between tvaptgs. The estimation procedure for first

and second order dominance, respectively, is diyen

d* = minmax[G(z) — F(2)] {11}

; {12}
$* = min max J[G(t) — F(t)]dt

— 00

As such, the hypotheses to be tested are:

1. HY:d*<0 againstd?: d* >0
2. Hj:s*<O0againstH;:s*>0

The first hypothesis tests for first order domiranehilst the second tests for higher order

dominance. The critical values for these distritmsi are obtained via a sub-sampling

32 Another common alternative is the test offeredayidson and Duclous (2000), described in Apperdix
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approach. The results obtained from these smaderpkes construct the distribution of
possible values fod* ands*. Thereafter, using the entire sample, one detamihthese
values lie at the appropriate significance levethia distributior?® The authors acknowledge
that the use of the sub-sampling approach makes tés conservative. These tests are

conducted in the statistical software, Model Rigk 4y Vose Software (Vose, 2011).

3.5.4.2 Performance-based measurement

In addition to statistical testing, the portfolicanmager would be more interested in specific
performance ratios. This study employs three satibs. The Treynor and Sharpe ratios are
used to determine exposure (if any) to unsystenaatd total risk; and the Sortino ratio is
used as a ranking criterion. These ratios are [zt on a rolling window period using a
minimum return period of 12 months. The risk-fragerused in this study is 3-month T-bill
rate.

The Treynor ratio is given as:

(rp — rf) {13}
B

Wherer, is the return on the portfolio at tinhert is the risk free rate arfilis the relationship

Treynor =

of systematic risk between the portfolio and thekegproxy (given by the ALSI).
The Sharpe ratio is defined analogously:

Sharpe = —(rp ; ) {14}
whereo is a measure of standard deviation (or total risk)

Lastly, the Sortino ratio is given as:

R—B {15}

B

Sortino =

Op = \/E{mm,[(R — B),0]?%} {16}

WhereOg is defined as downside risk (as befofe)s the return of the portfolio arglis the

target return.

% The interested reader is referred to Linton, Massand Whang (2005) for a detailed discussion.
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3.5.4.3 Summary
In summary, the fusion strategy can neatly be desgiby five procedures.
Procedure 1. Form and rank portfolios based oitheratio.

Procedure 2: Calculate the Piotroski Score forhighest quartile of the B/M ranking and

rank firms according to this score.

Procedure 3: Calculate the 12 month price momerfamthe top 33% of Piotroski score

shares and rank shares according to this score.

Procedure 4: Initiate a 12 month buy and hold basedhe top quintile of momentum

rankings. Repeat the momentum ranking for eachndalemonth.

Procedure 5: Evaluate the returns from the fusitategy via stochastic dominance tests and

performance ratios.
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4 Results

Analysis of the results obtained from the fusiom@tetgy begins with an examination of each

screening criterion. Portfolio returns are investisgl, ending with tests for stochastic

dominance and robustness tests.

4.1 Screening criteria

As the number of firms in the sample varied eadr y#he sample of value firms would thus
change each year. Table 1 below shows pertineatefigof the value screen. As the number
of value firms increase each year, their maximui Balue is erratic, whilst their minimum

B/M value is relatively low. Downward revisions this ratio seem to occur at the pre-

emptive stage for a recession, such as during 486%005.

Table 1 — The value screen

Year | Sample total Size of value quartile  MaximuriMBAtio Minimum B/M ratio of
1990 113 24 9.42 1.69
1991 120 30 8.09 1.42
1992 134 33 13.41 1.50
1993 138 34 32.09 1.83
1994 143 35 11.51 1.42
1995 144 36 9.83 0.92
1996 154 38 18.17 0.80
1997 158 39 7.68 0.92
1998 167 41 7.77 1.16
1999 188 48 11.60 1.59
2000 228 57 12.95 1.58
2001 239 59 11.86 1.46
2002 241 60 20.72 1.47
2003 246 61 44.81 1.52
2004 244 61 18.41 1.46
2005 244 61 34.59 1.00
2006 260 65 11.30 0.33
2007 272 68 18.29 0.19
2008 307 76 9.42 0.17
2009 340 85 7.66 0.20

Note: The respective year's B/M value relates ® rbspective fiscal year end. For example, the fow of

Table 1 shows the number of firms in the 1990 figear regardless of when the firm's fiscal yead®n
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For a graphical representation of the above tatile, B/M ratios are logarithmically
differenced and are shown in Figure 6 below. Thdigle in the minimum log(B/M) value for
the value quartile is an interesting observatiohisTdecline begins in 2005 and seems to
correspond to the global recession experiencecedlter. Further analysis (left for future
research) should be conducted to determine if thvere any common characteristics shared
between these firms (for example, they could besifi@d as defensive firms — firms that

perform well during a recession).

—@— Maximum log(B/M)

== Minumum log(B/M)

1990
1991
1992
1993
1994
1995
1996
1997
1998
1999
2000
2004
2005
2006

2001
2002
2003
2007
2008
2009

-3
Figure 6 — Logarithm of maximum and minimum B/M ratios

For this study, those firms that had a Piotroskitia top 3% percentile (in other words, a
score of 7 or more) passed the Piotroski screebleTa shows these results. As the fusion
strategy relies on sequential screening, Piotresres are calculated for the value quartile

only.

Table 2 — The Piotroski screen

Year Total number of Number of firms with| % of firms that passed
value firms a score of 7 or more | the screening criterion
1990 24 0 0
1991 30 2 6.67
1992 33 2 6.06
1993 34 5 14.71
1994 35 8 22.86
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1995 36 6 16.67
1996 38 6 15.79
1997 39 4 10.26
1998 41 7 17.01
1999 48 7 14.58
2000 57 5 8.77

2001 59 8 13.56
2002 60 16 26.67
2003 61 16 26.23
2004 61 11 18.03
2005 61 9 14.75
2006 65 12 18.46
2007 68 5 7.35

2008 76 5 6.58

2009 85 15 17.65

The number of firms that pass the Piotroski scesmms to roughly follow a cyclical pattern,
as shown in Figure 7 below. During periods of pevdp, such as the mid-2000s, more firms

are financially sound whereas during periods ofexity, fewer firms are financially sound.
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Figure 7 — Number of firms with a Piotroski score of 7 or more

Closing prices for each month were used in calmgathe discrete returns for those shares
that remained. The 12 month past return was useghtoshares each month. The top quintile
is referred to as the winner portfolio, whilst thettom quintile is referred to as the loser

portfolio. Table 3 below shows the size of the tppntile. Whilst the absolute number of
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firms may appear small, note that the compositibthe top quintile is not necessarily the
same each month. Due to monthly rankings, a p#ati@hare may enter the top quintile in
month one and exit in month two, while another shany exit at a later date. Given that the
strategy employs strict criteria, if a larger numlo¢ shares passed all criteria, it would
provide a greater likelihood of (relatively) poarformance of the portfolio. By examination

of the last column, the 85percentile of shares forms the portfolio.

Table 3 — The momentum screen

Year Size of the Number of| Number of| % of winner| % firms that
winner firms in after| firms after the| firms to the| passed al
portfolio the Piotroski| Value Screen | Piotroski screening

Screen Screen criteria.

1990 0 0 24 0.00 0

1991 1 2 30 50.00 3.33
1992 1 2 33 50.00 3.03
1993 1 5 34 20.00 2.94
1994 2 8 35 25.00 571
1995 1 6 36 16.67 2.78
1996 1 6 38 16.67 2.63
1997 1 4 39 25.00 2.56
1998 1 7 41 14.29 2.44
1999 1 7 48 14.29 2.08
2000 1 5 57 20.00 1.75
2001 2 8 59 25.00 3.39
2002 3 16 60 18.75 5.00
2003 3 16 61 18.75 4.92
2004 2 11 61 18.18 3.28
2005 2 9 61 22.22 3.28
2006 2 12 65 16.67 3.08
2007 1 68 20.00 1.47
2008 1 76 20.00 1.32
2009 3 15 85 20.00 3.53

In contrast to the number of firms in the Piotroskreen, the momentum screen (shown in

Figure 8 below) does not have any discernable caltly present that can be explained via
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the business cycle. The number of shares in therfustrategy appears independent of any
business cycle (or rather independent of prospeandsaustere periods).
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5% -
4%
3% -
2% -

1% -

0% -

1990
1991
1992
1993
1994
1995
1996
1997
1998
1999
2000
2004
2005
2006
2007
2008
2009

2001
2002
2003

Figure 8 — Number of firms that pass all three screening criteria

4.2 Portfolio returns

Using those shares that passed all screeningiaritdde 12 month momentum strategy is
examined. Transaction costs of 1% per each retnrrthé cross-sectional average are
imposed, initially. Sensitivity analysis of the #&dvof transaction costs is also conducted.
Throughout this study, these 12 month momentuntegfyareturns are referred to as the
“fusion strategy” returns. An apparent caveat is ttalculation lies in the feasibility of these
returns in a real world scenario. Thus far, thes@saction returns inherently ignore the
amount of funds available to the investor — theegtar could very well invest large amounts

of money into each share and be highly leveraged.

An alternative (and perhaps more realistic) indacabf the results would be to consider a
hypothetical mutual fund that invests accordinghi fusion strategy. These results would be
more beneficial to a typical investor who can emteexit the fund at any point in time. In
this hypothetical fund, capital is either investaddomestic equity or risk-free government
bonds. The fund’s mandate allows it to invest 3%awdilable capital into a share. If five
shares are bought in a particular month, then 16%apital is invested in equity. This rule
still applies when a particular share is boughtday number of consecutive months. For
example, if share X is bought for 3 consecutive thenthe fund has invested 15% of capital

into share X. Transaction costs of 1% are imposedazh percentage holding in the portfolio
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every month, initially. This accounts for the sagmavhere the fund liquidates its position at
the end of every month. Whilst this is not an efiraccurate description of returns of the
strategy, it does provide the benefit of a worsecacenario. The remaining capital is
invested in risk-free government bonds. Thus, #tern to this fund is a linear combination
of the returns from equity and the returns fromeéixincome. Returns for equity are
calculated as the monthly changes in share priceghich the fund holds a percentage and
are equally weightet Throughout this study, these returns are refetoeds the “fusion

fund” returns.

The performance of the fusion strategy is now camegbao several benchmarks. The
benchmarks selected can be categorised into aatidepassive benchmarks. The passive
benchmarks used were the All Share Index (ALSIE(d8de: J203) and the Small Cap Index
(JSE code: J202). The ALSI can be considered septative of the South African market
for share trading (barring any finer points on g#ficiency or the extent of this
representativeness). From the perspective of teeage investor, the ALSI represents the
market. The first screening criterion for the fusistrategy selects those shares that are
inexpensive based on their B/M values — some ofclwidould have small capitalisation
values. This is the primary motivation for selegtthe Small Cap Index as the other passive
benchmark. In a South African context, the ALSti@ninated by large capitalisation firms.
If the fusion strategy primarily selects small ¢alisation firms, it is logical to compare
performance against a suitable index. The actimelmmarks were selected from the universe
of unit trust§>. Those unit trusts that are advertised as “modemahigh risk”, invest only in
domestic equity and follow a semblance of a typicalue strategy were selected to be
compared with the fusion strategy. As unit trusesactively managed instruments, the Total
Expense Ratio (TER) as well as management fees were considered irorpefice
comparison. In total, the fusion strategy is coredaagainst two passive benchmarks and
four active benchmarRS An important caveat in the comparison relatethto data points

34 Arguably, one could use value-weightings to caitilreturns. As such, a comparison between thellgqua
weighted return of the fusion strategy (fund) amd aatificial equally weighted ALSI is conducted in
Appendix C.

% Unit trusts are open-ended collective investmenas offer access to a wide range of securitieshEanit
trust follows a mandate and investment objectiyeically given by a style of investing.

% TER is a measure of the total cost of the fundrténvestor. It includes a variety of administratosts.

3" Details on the active benchmarks are obtainabte upquest.
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used in the testing. The passive benchmarks codédinfor at least 15 years whilst the active

benchmarks (ranging in data points) contain datatfteast 4 years.

Assuming returns to be normally distributed, Tableelow shows the descriptive statistics of
the fusion strategy and fund returns. The mearnrmedfi the fusion strategy is 2.75% per
month. Whilst this is impressive, the high standdegtiation shows that the strategy is quite
volatile (indeed the highest when compared to éischmarks), also given by the large range
between maximum and minimum returns. Overall, theioh strategy generates positive

returns (given by skewness) and high returns (gbyekurtosis).

The ALSI and Small Cap benchmarks both have simmi@ans and standard deviations.
Whilst there are differences between their skewraess kurtosis, the distributions appear
approximately normal, relative to some of the actdenchmarks. The Small Cap index does
have a smaller beta than the ALSI. As beta is asoreaof systematic risk only, it does not
adequately capture the risks prevalent in smalitalgation firms. Three of the four active
benchmarks exhibit greater mean returns and stdndiviations than the passive
benchmarks. The exception of Fund B’s lower meahsdaandard deviation is most likely a
result of the low number of observations. Eachhef benchmarks (both passive and active)
all have a lower number of observations than th&ofu strategy. This is due to data

collection constraints.

Lastly, it can be seen that all of the active bematks possess lower betas than the ALSI,
indicative of good defensive strategies (which nendy implies good diversification
according to MPT). The fusion strategy has a higitabof 1.70, indicative of its

aggressiveness (and perhaps poor diversificatiorbe examined later).

Table 4 — Descriptive statistics with the fusion strategy

Descriptive Statistic Value

ALSI |SmallCap | Fund A| FundB| FundC FundD Fusion
Mean (%) 0.79 0.75 1.19 0.01 1.04 0.88 2.15
Standard Deviation (%) 1.32 1.63 1.45 0.18 1.72 41.% 4.00
Skewness -0.52 -0.01 -0.64 -0.31 -1.09 -0.68 1.06
Kurtosis -0.44 -0.96 -0.94 -1.06 -0.26 -0.98 3.09
Maximum (%) 2.87 3.28% 2.98 0.23 2.64 2.67 18.47
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Minimum (%) -2.56 -2.73 -1.58 -0.23 -2.70 -2.08 15.

Observations 165 165 61 36 64 64 196

B (Beta)* 1.00 0.84 0.84 0.05 1.00 0.9G 1.70

*Note: § = % Calculations for beta used the ALSI as the mapteky and restricted the number of

observations to the minimum present in both datese

The returns for the fund, given in Table 5 belove gexpectedly) more realistic. The mean
return for the fund is 0.42% with a standard deerabf 0.38%. The performance of most of
the active benchmarks appears poor when using iyastifferences, also coupled with their
higher standard deviations. It is surprising toesle that the range between maximum and
minimum values (notwithstanding the values thenmeslveflect poorly on the benchmarks’
performance and high volatility present in montfilyctuating prices. The fund shows some
negative skewness and some excess kurtosis, iwvaicdtat the returns are close to
approximating a normal distribution. It has thevést beta (of approximately zero). The
large difference between the fusion strategy arsibfufund beta could be a result of the
return calculation employed. The higher number lmdepvations for the fund method is due
to the manner in which returns were calculated. flinel method does not require 12 month
buy and hold returns but rather monthly changebenfund’s value. As such, the number of

observations is higher.

Table 5 — Descriptive statistics with the fusion fund

Descriptive Statistic Value

ALSI SmallCap | Fund A| FundB| FundC FundD Fund
Mean (%) 0.51 0.48 0.11 -0.88 -0.27 -0.18 0.42
Standard Deviation (% 5.09 5.16 3.87 4.08 4.25 43.9 0.39
Skewness -1.06 -1.11 -1.3Q -0.88 -1.07 -1.47 -0.45
Kurtosis 2.47 4.30 2.19 1.10 2.24 5.71 1.67
Maximum (%) 11.60 13.40 5.78 7.79 7.48 6.138 1.49
Minimum (%) -20.44 -27.71 -14.60 -13.50 -16.59 3P.| -0.90
Observations 186 186 82 57 85 85 217
B (Beta)* 1.00 0.80 0.78 0.70 0.80 0.780 0.03

Figure 9 below plots the returns over the sampleogeof the fusion strategy. With the

exception of relatively abnormally high returns idgrthe 1994 to 1995 period, the fusion
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strategy returns seem to exhibit cyclical behavidinis indicates that the shares selected are
still prone to systematic risk. This can be seetheynegative returns during the 2009 period

— coinciding with the global financial recession.
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Figure 9 — Fusion strategy returns
In Figure 10 below, the returns of the fusion fuexhibit the typical volatility of share

returns. The returns however still seem to weaélipiv the fusion strategy returns. Periods
of low returns for the fusion fund do not complgtebrrespond to periods of low returns for
the fusion strategy. This could imply that by cédtug returns as monthly fluctuations, the

investor may be tempted to prematurely exit theofutund due to high volatility.
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Figure 10 — Fusion fund returns

4.3 Risk-adjusted performance

A portfolio manager would have his fund’s perforrm@ammeasured via performance ratios,
such as the Sharpe and Treynor ratios. From aaskd perspective, market (or systematic)
risk is always present in portfolios. The benefitdiversification to portfolios assists in
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eliminating firm-specific (unsystematic) risk. Tioformally examine the amount of exposure
to either systematic or unsystematic risk, theseasmees are calculated for the fusion
strategy, the fusion fund, as well its comparabeachmarks. As such, one would expect,

priori, that the Sharpe ratio would be higher than treyior ratio. This can be explained as
follows. If the excess return, the numerator inhbot the above ratios, is held constant, a
lower denominator (given either ¥ or ) would translate into a higher overall ratio.
Further, if systematic risk is always present iry gortfolio, undiversified portfolios will

have a higher standard deviatiomss). Thus, the Sharpe ratio would be higher tham th

Treynor ratio.

Upon examination of Table 6 below, the majority Takynor ratios are lower than their
corresponding Sharpe ratios, with the exceptiofRurfd B (with its associated fusion strategy
comparison) and the Small Cap index only. This iegpkhat the fusion strategy and the
benchmarks have relatively good levels of diveratibn. The large negative values for the
Sharpe ratio of Fund B (as well as the fusion stygt could be explained by the
measurement period used for the fund. Returns nal Buwere calculated with the initial data
point beginning in January 2008. At the onset @flabal recession, the returns to Fund B

were particularly low.

The fusion strategy performs better than the passenchmarks (the ALSI and Small Cap
Index) under the Sharpe ratio. In the parlanceooffplio management language, the fusion
strategy provides greater returns per unit of tatM (given byc) against both the passive
benchmarks. The fusion strategy performs bettar tha ALS| and worse than the Small Cap
index under the Treynor ratio. The results for thetive benchmarks are somewhat
unfavourable towards the fusion strategy. Fund€ And D all perform better than the fusion
strategy, as given by the Sharpe and Treynor rétiws exception being the lower Treynor
ratio for Fund C than the fusion strategy). Theéosafor Fund B indicate that it performed
drastically worse than the fusion strategy. As esped earlier, this could possibly be due to

the measurement period of returns for Fund B.

If the ratios were examined from a cross-sectioms;based perspective, it can be seen that
(again with the exception of the Small Cap indea &and B) all remaining benchmarks as
well as the fusion strategy possess greater Shatjws than Treynor ratios. This indicates

that unsystematic risk is present, as the portgadice not well diversified. Further, the fusion
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strategy is less diversified when compared to th&IASmall Cap index and Fund A; and

lower levels of unsystematic risk when compareBuonds B, C and D.

Table 6 — Sharpe and Treynor ratios using returns from the fusion strategy

Sharpe Ratio| Treynor Ratip Difference
(Sharpe - Treynor)
Fusion 0.68 0.01 0.67
ALSI 0.01 0.00 0.01
Fusion 0.68 0.01 0.67
Small Cap -0.16 0.03 -0.19
Fusion 2.29 0.01 2.28
Fund A 3.90 0.03 3.87
Fusion -0.28 -0.01 -0.27
Fund B -4.11 -0.09 -4.02
Fusion 2.69 0.00 2.69
Fund C 4.09 -0.03 4.12
Fusion 2.69 0.00 2.69
Fund D 4.62 0.02 4.60

Using the fusion’s fund based returns, the restriben Table 7 below are less than
encouraging. In all comparisons, the fusion fundgees worse than its benchmarks under
both the Sharpe and Treynor ratios (the excep#tieit minor, is that Fund B’s Sharpe ratio
is more negative than the fusion strategy). Oneénaghe fusion fund is less diversified than

its peers.

Table 7 — Sharpe and Treynor ratios using returns from the fusion fund

Sharpe Ratio| Treynor Ratip Difference
(Sharpe - Treynor)

Fund -0.06 -0.01 -0.04
ALSI 0.00 0.00 0.00

Fund -0.05 -0.01 -0.04

Small Cap -0.03 0.00 -0.03

Fund -0.13 -0.01 -0.12
Fund A 0.10 0.00 0.10

Fund -0.23 -0.02 -0.21

Fund B -0.23 -0.01 -0.22

Fund -0.10 -0.01 -0.09

Fund C -0.01 0.00 -0.01
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Fund -0.10 -0.01 -0.09

Fund D 0.03 0.00 0.03

Attention is now turned to the Sortino ratio in T@B below. This ratio provides a measure
of return per unit of downside risk. A higher Sodiratio is indicative of a better managed
investment portfolio. In contrast to the mixed iesupresented earlier, performance
according to the Sortino ratio is more in favouttsd fusion strategy. The strategy has higher
Sortino ratios for all benchmarks except Funi}. AThe fusion strategy offers better capital
preservation than the benchmarks used. This iscpkatly appealing to investors who wish
to seek a form of assurance in financial returssc@unter-factual as the analogy may seem).

Table 8 — Sortino ratios with the fusion strategy

Portfolio Sortino Ratio
Fusion 0.70
ALSI -0.40
Fusion 0.70
Small Cap -0.68
Fusion 0.35
Fund A 0.57
Fusion -0.64
Fund B -10.01
Fusion 0.29
Fund C 0.27
Fusion 0.31
Fund D 0.24

When comparing performance using the fusion fulnel résults are disappointing. The fusion
fund has a lower Sortino ratio than all benchmaskewn in Table 9 below. This implies that

the fusion fund does not offer better downside pktection (capital preservation).

Table 9 — Sortino ratios with the fusion fund

Portfolio Sortino Ratio
Fund -0.28
ALSI -0.03

¥ This also serves as an indirect validation ofghperior performance of Fund A, given by the aabedathis

fund has earned.
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Fund -0.27
Small Cap -0.06
Fund -0.39
Fund A -0.02
Fund -0.57
Fund B -0.45
Fund -0.37
Fund C -0.08
Fund -0.38
Fund D -0.09

The mixed set of results between the fusion styategl fusion fund can be explained via the
return calculation method. For the fusion fund, tise of monthly calculations clearly leads
to different results. Whilst the fusion fund may beore practical for the investor, the
monthly observation of price fluctuations coulduicd the fund’s participants to prematurely
exit the fund. Thus, the results of the fusiontsfyg are preferred over that of the fusion
fund, as it, in effect, behoves the investor toeh&winds that cannot be liquidated until the

holding period expires.

4.4 Statistical results

The tests for stochastic dominance were conductedicrosoft Excel®, using the add-in
Model Risk 4.0 by Vose Software (Vose, 2011). Tiatistical tool is designed to work in a
similar manner to other formulae present in Micfogxcel and provide the user with a final
outcome. Using the functiowpsedominance, one of three outcomes is possible. The first
distribution can show first or second order doma®wover the second distribution, or the
result could be inconclusive — indicative that pgrh higher order dominance is possible.
These results are also presented in graphical fiorthe manner shown in Section 3.5.2. It is
important to note that due to differing measurenpantods used, whichever strategy is found
to be the stochastically dominant one, does notyirtifat over the entire sample period, the

said relationship will hold.

The test for stochastic dominance shows inconatusasults for the fusion strategy and all
benchmarks, except Fund B. With Fund B, the fusibategy is second order dominated by
Fund B, shown in Figure 11 below. The differenceaiea under the curves of the fusion
strategy and Fund B shows that Fund B has a lowes. dn summary, the risk-averse
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investor will choose Fund B over the fusion strgteghilst a risk-averse investor with
decreasing risk aversion may (at the very leastosb the fusion strategy over all other
benchmarkg? These results conform to the stated objectiveSuoid B — to outperform the
market without taking on greater risk. The remagnaumulative distribution functions are

shown in Appendix B.
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Figure 11 — CDFs of the fusion strategy and Fund B

When using the returns of the fusion fund in platdhe fusion strategy, the results are
surprising. The results are inconclusive for thespae benchmarks (the ALSI and Small Cap
index). This result is shown in Figure 12 belowFigure 12, the area under the curve of both

distributions does not provide a clear indicatidisuperiority.
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Figure 12 — CDFs of the fusion fund and the Small Cap Index

% Recall that an inconclusive result could imply doamce at higher orders. At the very least, thirdeo

dominance is thus possible.
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However, with all active benchmarks, the fusioratelgy exhibits second order dominance.
One of these results is shown in Figure 13 beldwe difference in the area under the curves
of the fusion fund and Fund B show that the fudiamd has the lower area. All remaining

CDF plots are shown in Appendix B.
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Figure 13 — CDFs of the fusion fund and Fund B

From a utility perspective, the risk-averse investih decreasing risk aversion may (at the
very least) choose the fusion fund over the passerechmarks used whilst the risk-averse
investor will choose the fusion fund over all aetivgenchmarks used. This implies that the
active benchmarks are better at preserving caihital the fusion fund; and the fusion fund
offers better downside protection than the pas®@echmarks used, with greater upside
potential. This could possibly be due to the latldiwersification (or rather the lack of an

objective to diversify) on the part of the fusionnfl. Once again, for reasons outlined

previously, the results from the fusion strategy preferred over the fusion fund.

4.5 Robustness tests
4.5.1 Comparison with the business cycle

Finance theory posits which shares perform best stegjes of the business cycle. This view
is often agreed upon and followed by many practérs. The inherent difficulty in following

a sector rotation strategy is to determine at wipomt the business cycle is currently in.

Stangl, Jacobsen and Visaltanachoti (2009) testiisrotation strategy to determine if there
is any merit to following such an approach. A sectiation strategy, like any other market

timing strategy, relies on the accuracy of thedaster in anticipating the correct stage of the

business cycle. If the forecaster achieves thiscdre outperform a simple buy-and-hold
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strategy. Stangl et al. (2009) investigate theasecitation strategy from this perspective (by
assuming the forecaster has complete accuracy)hamdinvestigate the strategy by relaxing
the above assumption. Over the period 1948 to 2@@dngl et al. (2009) find that the
“perfect” forecaster earns risk-adjusted return2.886 annually, excluding transaction costs.
When the forecaster’s ability is less than perfdaf performance is significantly lowered to
approximately 1% annually, excluding transactiostsoWhen outperformance is measured
against other asset pricing models (such as theaffaench three factor model (Fama &
French, 1993)) or the Carhart four-factor model rf@#, 1997), the results are largely
unchanged. Thus, a sector rotation strategy wasdfaiw not earn significantly large

abnormal returns.

To disentangle the effects (if any) between theofusstrategy and market timing, a
descriptive analysis is conducted. The figure aocbmpanying table below, from Stangl,
Jacobsen and Visaltanachoti (2009) show which sedigplay the best performance at each

stage of the business cycle.

NBEE! Rﬂk
i Expansion —74» <«—Becessionr—>
Stage [ Stage II Stage III Stage IV | StageV
/ \II
NEBEERitrough WEEE trough

Figure 14 — Stylised depiction of the business cycle

Table 10 - Sector rotation according to the business cycle

Three Stages of Expansion Two Stages of Recession

Stage | Stage I Stage Ill Stage IV Stage V

Technology: Basic materials: | Consumer Utilities: Consumer
staples: cyclical:
Computer software Precious metald Agriculture P camal water Apparel
utilities
Measuring and controf Chemicals Beer and liquor Telecommunicatiop Autoitesband
equipment trucks
Computers Ore and metal | Food products Business suppliegs
processing

Electronic equipment Non-metallic anfl  Healthcare ongruction
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metal mining
Transportation: Capital Goods Medical Construction
equipment materials
General transportatior]  Fabricated Pharmaceutical Consumer goods
products products
Shipping containers Defence Tobacco produgts Eaibenent
Machinery Energy: Printing and
publishing
Ships and railroaq Coal Recreation
equipment
Aircraft Petroleum and Retall
natural gas
Electrical Rubber and plastiq
equipment products
Services: Textiles
Business serviceq Financial:
Personal serviceq Banking
Insurance
Real estate

For each of the firms bought in the fusion stratdfe sector classification (as given by the
JSE), is noted. Thereafter, the date of purchasengpared alongside the business cycle to
examine any similarities that may exist. To detaenSouth Africa’s progression through

each stage of the business cycle, Composite Bss{Dgde indicators, supplied by the South

African Reserve Bank, were used.

A simple comparison of when the share was purcheslative to the stage of the business
cycle shows that 15.4% of shares in the fusiontesiya (fund) were bought at the time
suggested by a sector rotation strategy. Arguable fusion strategy did follow a sector
rotation strategy, the above value would be highbkus, the fusion strategy’s performance is

not necessarily due to following a sector rotaagproach.

4.5.2 Calendar effects

Another anomaly in financial markets is the seabtynaf share returns over distinct calendar
periods (days, weeks or months). The best citethpleawould be the January effect — the
tendency for shares to earn abnormal returns inmtweth of January for no viable reason.
French (1980) shows that returns on the S&P500nagative on Mondays. Keim and

Stambaugh (1984) relate the Monday effect to theudiy effect — returns on Mondays

during the month of January are positive, yet bexomgative for the remainder of the year.
Some of these effects can be explained. For exammaey firms in the United States have a
tax year that ends in December. Thus, the Januéeytéhas been linked to the year-end

pressure of tax-loss selling. This would supprdssres prices in December to have them
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revert and sometimes overshoot in January. In SAfriba, most firms have a tax yethat
ends in FebruaryBy the same reasoning, one would expect Soutitafrshares (belongir
to South African companies) to have unusually higflarns inMarch There is also a line «
(irrational) thought that posits that share pricesOctober tend o decline. As man
catastrophic financial events have occurred in REtoinvestors fear that every Octok

some catastrophic event will occur which will dridewn prices

If the fusion $rategy earns sidficantly higher returns in a particulanonth for exogenous
reasons, itwould not be a clear refltion of the performance of theusion strategy. To
examine if any calendaeffect is present, the returns for each calendantmare
arithmetically averaged and then plotted in Fir 15 (the fusion strategyLlearly there is no
graphical evidence of the January el in both figuresThe fusion strategy appears to hi

the lowest returns in October, indirectly confirgitie intuition outlined abow

12% -
10% -
8% -
6% -
4% -

2% -

O% T T T T T T T T T T T 1

jan feb mar apr may jun jul aug sep oct nov dec

Figure 15 — Analysis of calendar month returns of the fusion strategy

In Figure 16below, the fusion fund appears to have the lowatsirm in June. These findin
are corroborated by other South African studieshsas Auret and Cline (2011), who find
significant Januaryftect (in addition to no significant size or valetfect) on the JSE for tt

sample period of January 1996 to December :
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Figure 16 — Analysis of calendar month returns of the fusion fund

4.5.3 Sensitivity to transaction costs

Under a 1% transaction cost regime, the results ofusien strategy and fund are promisi
However, if this regime assumption is inapproprgiteen the nature of the fusion strategy
follows that thesensitivity oftransaction costs should then bedstigated Lower levels of
transaction costs, namely 0.75% and 0.5% per mpethshare are now imposed. It
hypothesised that a lower transaction cost regitiemprove the (already positive) outcor

with respect to theugcess of the fusion strate.

The results for the portfolio performance measamesdisplayed irTable 11 and Table
below. In Table 11, the results show that as the trarmaatosts decrease, the respec
performance evaluation ratios increase in value decrease if the 1o is negative).

However, these new values are not sufficient tangbahe conclusions reported previous

Table 11 - Sensitivity analysis of transaction costs for the fusion strategy

Sharpe Ratio Treynor Ratio Sortino Ratit

0.75% 0.5% 0.75% 0.5% 0.75% 0.5%
Fusion 0.74 0.7¢ 0.01 0.01 0.77 0.83
ALSI 0.01 0.01 0.00 0.00 -0.40 -0.40
Fusion 0.74 0.7¢ 0.01 0.01 0.77 0.83
Small -0.16 0.1¢ 0.03 0.03 -0.68 -0.68

Cap

Fusion 2.38 2.47 0.01 0.01 0.40 0.44
Fund A 3.90 3.9C 0.03 0.03 0.57 0.57
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Fusion -0.23 -0.21 0.00 0.00 -0.59 -0.54
Fund B -4.11 -4.11 -0.09 -0.09 -10.01 -10.01
Fusion 2.80 2.90 0.00 0.00 0.36 0.41
Fund C 4.09 4.09 -0.03 -0.03 0.27 0.27
Fusion 2.80 2.90 0.00 0.00 0.36 0.41
Fund D 4.62 4.62 0.02 0.02 0.24 0.24

A similar conclusion can be drawn from the evalhmtof the fusion fund’s returns in Table

12 below. While the fusion fund does have more @mable portfolio performance ratios,

most comparisons yield the results reported prelWouThere are, however, marginal

differences in a few of these comparisons. For gtemunder a 0.5% transaction cost
regime, the fusion fund does have a better Shatie than Fund B — a different conclusion
to that reached under the 1% transaction cost eedunder this same regime (of 0.5%), the
fusion fund performs on par to the Small Cap indeder the Sharpe ratio.

Table 12 - Sensitivity analysis of transaction costs for the fusion fund

Sharpe Ratio Treynor Ratio Sortino Ratio

0.75% 0.5% 0.75% 0.5% 0.75% 0.5%

Fund -0.06 -0.03 -0.01 0.00 -0.28 -0.23
ALSI 0.00 0.00 0.00 0.00 -0.03 -0.03
Fund -0.06 -0.03 -0.01 0.00 -0.28 -0.23
Small Cap -0.03 -0.03 0.00 0.00 -0.06 -0.06
Fund -0.14 -0.11 -0.01 -0.01 -0.40 -0.36
Fund A 0.10 0.10 0.00 0.00 -0.02 -0.02
Fund -0.24 -0.21 -0.02 -0.02 -0.58 -0.55
Fund B -0.23 -0.23 -0.01 -0.01 -0.45 -0.45
Fund -0.11 -0.08 -0.01 -0.01 -0.39 -0.34
Fund C -0.01 -0.01 0.00 0.00 -0.08 -0.08
Fund -0.11 -0.08 -0.01 -0.01 -0.39 -0.34
Fund D 0.03 0.03 0.00 0.00 -0.09 -0.09

Indeed, the results for stochastic dominance testsain identical to that of the 1%
transaction cost regime. Namely, the tests forhgtsiic dominance show inconclusive results
for the fusion strategy and all benchmarks, exéeptd B. With Fund B, the fusion strategy
is second order dominated by Fund B. When usingehens of the fusion fund in place of
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the fusion strategy, the results are inconclusivetlie passive benchmarks (the ALSI and
Small Cap index). However, with all active benchksathe fusion strategy exhibits second

order dominance.

The regime that results in a break-even (or zerogoeage) return presents an optimisation
problem to solve. Using a 5% tolerance level argl ghasi-Newton search mett§dthe
level of monthly transaction costs that resulta 0% return, is 6.50% for the fusion strategy
and 10.71% for the fusion fund. It is importantntote that these figures are economically
significant, not necessarily statistically sign#fit*! As such, these amounts are difficult to
justify in reality. However, one should note thhege levels are maxima. For the fusion
strategy to perform worse than its benchmarks saetion costs would have to be greater
than 1% and will differ for each comparison witbenchmark as each has a different average
return. In other words, the level of transactiostsdo enable the fusion strategy to perform
worse than the ALSI would be different to that ofhE A, and so on.

4.6 Statistical caveats

4.6.1 Data mining bias
The performance of the fusion strategy may sim@alresult of data mining. Whilst this is
an easy criticism to level against this study, mhethodology and testing criteria are both

robust and complete.

4.6.2 Non-synchronous trading bias

As the prices used to calculate returns are basedlase of the last business day of the
month, there can be a mismatch between the a@tahreach share earns. Further, as some
of the shares are infrequently traded, the clopimges in the dataset may not be an accurate

reflection of the actual closing prices at thosecHic points in time.

4.6.3 Small sample bias

Both the study period and the number of firms afiigi used are large enough to counter any
claims against the use of a small sample. Upon doan of the portfolios, the number of
shares included does nm#r se incorporate an adequate sample size. Thus, whéstumber

of shares used in the fusion strategy is small,pitoeess of arriving at the best shares to

invest in is sufficiently large to curtail any sisdmple bias.

0 A mathematical algorithm for finding local maxiraad minima of functions.

1 Statistical significance would require a distribatto be fit to the data.
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4.6.4 Time period bias

As the study period incorporates many phases obtisness cycle, the time period under
investigation does not present any difficulty. V8hstructural breaks in the data (for example
in 1994 and 1995 due to political instability arfee telimination of the financial raff
respectively) should have been incorporated,nbisparamount to the results generated.

4.7 Potential causes of portfolio (under-) performance

The profitability of any strategy needs to be exadiin the context of any possible reasons
for its performance. This section discusses somseasaof the performance of the fusion

strategy.

Portfolio turnover relates to how often a manageysband sells the constituents of the
portfolio. The higher the turnover, the more oftee manager engages in trading. Intuitively,
a higher turnover will imply higher transaction tsJegadeesh and Titman (1993) find that
their J=6, K=6 momentum strategy generates significant turnove8408% semi-annually.
Not surprisingly, Lesmond, Schill and Zhou (200#)df that the turnover generated from
momentum strategies significantly affects the psabdibtained from such strategies. Thus, the
high turnover of the fusion strategy would have atted its performance negatively. In the
presence of the results outlined previously, teiweas to strengthen the potential success of
this strategy. An exercise of determining the optimomentum strategy to use in the fusion

strategy should be conducted in future research.

Market capitalisation can be considered a proxylitpridity. Those shares that have large
market capitalisations generally trade more frefjyethan those with small market
capitalisations. By the very nature of the fusitrategy, shares that are illiquid on the JSE
are sometimes chosen. These illiquid shares deaseralready high transaction costs which
are sometimes mitigated by superior performancéhulé became necessary to not include a
liquidity filter to exclude shares based on tradundume as a low trading volume could also
lend credence to the neglected firm effect.

A potential shortcoming in the implementation of flusion strategy relates to the diffusion

of financial statement information. A firm’s finaiat statements are not immediately released

*2 The financial rand was implemented in 1985 andisiied in 1995. It allowed for exchange rates anrénd,
one for current account transactions and anothrecdpital account transactions for non-residentsrdon,
2001)
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at their fiscal year end — there is a lag of appnately two months (or more). When the
financial statements become publicly available, ovmuld expect a revision (in either
direction) of the firm’s share price. The methodpldollowed in this study raises a concern
on not explicitly taking this lag into account.flhancial statements are released after their
fiscal year end, the first two screening criteram conly be evaluated at a later stage. In
applying the fusion strategy to historical datalag of perhaps three months could be

introduced.

This study has offered an interpretation of a fasstrategy — a strategy which incorporates
over- and under- reaction. Inherent in any newtesgig there will be flaws in the design

process. First, the delineation points chosen &mhescreening criterion can be modified to
produce another set of results. When analysingevahares, a quartile grouping provides
enough diversification in the relative valuatiortioa as well as allowing an appropriate
amount of shares to be included therein. The mimnallowable Piotroski Score was chosen
to be the top 33% of the score range as this altbesnost fundamentally sound firms to be
passed through the screen. For the momentum saesrnicter grouping, that of quintiles,

was chosen as the one year holding period coulthdecexogenous events that could
erroneously affect the ranking. The intuition urgieg the stricter ranking rests on the

premise that better quality shares will be paskesligh to be used in the strategy.

The proxy used in the value screen could not benibst ideal. Perhaps other proxies such as
Price to Earnings or Price to Cash Flow would plevbetter results. Further, Asness and
Stevens (1995) show that value strategies are matisxtive when the proxy used is

measured within the industry as opposed to achesmarket, as in this study.

4.8 Discussion and inferences

Asness (1997) investigates whether value and manmrerdtrategies are independent or
related. The author finds that a value strategyaidicularly strong among low momentum

(loser) shares and weak among high momentum (wirstaares. Similarly, a momentum

strategy is strong among value shares and weak gagromvth shares. Whilst both strategies
work independently, Asness (1997) finds that therrns generated from these independent
strategies are negatively correlated; each strapegforms best when the other is held
constant. In other words, a value strategy worlst iMben momentum is held constant and a
momentum strategy works best when the value prexiield constant. This presents an

interesting caveat for this study. In the initiefeen, those shares that were value shares were
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selected, with the growth shares (amongst the ajbartiles) being discarded. Thus, the
momentum strategy was effectively implemented oralae quartile. Of the value quatrtile,
those shares that were inexpensive and had goets lef/financial health were utilised in a
momentum strategy. One would expect the resulfssaess (1997) to not hold in this regard
as the value shares used in Asness (1997) werdiffertentiated. It is plausible that firms
examined by Asness (1997) were fundamentally wedkweere included in the same quatrtile
as those that were neglected. Indeed, the fusrategly can be enhanced by short selling
those shares that are value and low momentum whiighg those shares that are growth and

high momentum.

A question asked by academics is whether performasitould be interpreted as a
behavioural phenomenon or an information-drivencess. Studies such as Coval and
Moskowitz (2001) indentify information as the primaeason for investment performance.
Chen (2004) provides a theory of information relgtio finance. This “Informational Theory
of Investment” is based on the work of Shannon 81@#hd aims to provide an understanding
of observed market behaviours. The theory describesinvestor (market participant) as
having limited information processing capacity e timvestor is boundedly rational (Sims,
2003). Whilst the behavioural models offer compellipsychological evidence of certain
phenomena, they often disagree on which phenomeneoasidered irrational. Information
Theory, whilst not contradictory to the behaviouraddels, offers another viewpoint on the
behaviour of market participants via mathematigatesns. This theory can offer interesting
avenues of research into the AMH discussed preljotrsdeed, as discussed in Chapter 2,
the fusion strategy incorporates both the unded-arer- reaction hypotheses in a seemingly
amiable manner. Further research, under the preiexnformation theory, should be

conducted as to the “inflection point” of where drnygpothesis becomes the other.

The investor who follows the above fusion stratdgy its current state) is indirectly
conforming to the Behavioural Portfolio Theory ohe®in and Statman (2000). This
descriptive theory explores the construction oftfpios and the design of securities with
relation to behavioural finance. The mean-variaimeestor will: evaluate a portfolio based
on covariances between assets; care about expestigths and variance of the overall
portfolio; have consistent attitudes towards rigkd awill always be risk-averse. The
behavioural investor, in contrast, will build hisrgolio as a pyramid of assets, where each
layer represents a different risk and reward peofih doing so, the role of covariance in

portfolio construction is significantly lower commeal to its role in mean-variance
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optimisation. This does not imply however that ceaces are ignored. They simply take
less precedence in portfolio construction. Cashlamttls are held in the lowest level of the
pyramid as protection against adverse outcomes;eala@rowth shares are held in the higher
levels to represent the profit potential of thetfmhio. In practice, financial advisors suggest
this approach to their clients (Fisher & Statma®97). The use of the fusion fund (with a
percentage of capital invested in risk-free borws)forms to the idea of “pyramid portfolio
construction”. It would be interesting to determite optimum level of capital to hold in
risk-free bonds which will maximise the returnslod fusion strategy.

The predictions of behavioural portfolio theory (asr Shefrin & Statman, 1997) are as
follows. Investors will (1) have a reluctance teest in short or margined positions, (2) will
exhibit home bia® when selecting assets, (3) will utilise mentalcacting in labelling
securities (for example, growth and value), (4)l wilefer assets with a minimum stated
return and (5) will participate in risk seekingisittes with some portion of their investment
(such as the purchase of lottery tickets). Withaoua priori objective of doing so, the fusion
strategy,prima facie, meets the predictions of behavioural portfoliedty — there are no
short positions, domestic equity (and bonds) aee dhly invested securities, labels are
applied to portfolios, a minimum return was utilise@ measuring performance according to

the Sortino ratio and (perhaps) some of the shadresen are more risky.

3 An empirical anomaly in finance that states thaindstic investors prefer to hold less than optiambunts

of foreign securities despite the benefits froneinational diversification (French and Poterba,1)99
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5 Conclusion

This chapter provides concluding remarks on thelysttonducted and provides possible

avenues for future research.

5.1 Summary of findings

The fusion strategy developed in this study utilligbree screening criteria — a value,
fundamental and momentum screen. Returns wereladdunet of transaction costs, initially
set to 1% per month, and were compared againsipasgsive benchmarks and four active
benchmarks after costs. To provide greater trdittala fusion fund was constructed as a
more realistic means of investing to the typicaleistor. This fusion fund allocated 3% of
capital to each share held in its portfolio at gnyen time. Returns were also calculated net
of transaction costs of 1% per share, yet were donen a monthly basis (in contrast to the
12 month buy-and-hold returns of the fusion strgte@he fusion strategy (fund) was also
compared against an (artificial) equally weightedlSA This comparison is found in

Appendix C.

Summary statistics show that the fusion strategytha highest mean and standard deviation
of all comparisons, whilst the fusion fund differsStatistical testing, done via stochastic
dominance, yielded inconclusive results in the migjo@f cases. The exception however, was
that Fund B stochastically dominated the fusioatety at second order. This implies that a
risk-averse investor would prefer to invest in FuBdand that Fund B has a greater
probability of achieving higher returns than theifun strategy. When using the returns from
the fusion fund, the results are inconclusive camg#o the passive benchmarks used yet the
fusion fund dominates all active benchmarks at sg¢ader. This implies that a risk-averse
investor will prefer the fusion fund compared tbadtive benchmarks used. This surprising
result can be reconciled when one observes thatetens for the fusion fund are less

volatile than its active peers and have a positiean.

However, it is interesting to note that the aboesults, whilst true statistically, do not
provide a complete picture. By the use of Sharpme Ereynor measures, the fusion strategy
yielded mixed results. However, the Sortino rahows that the fusion strategy outperforms
all benchmarks chosen, except Fund A. When perfocm& evaluated using the fusion fund
returns, all ratios (Sharpe, Treynor and Sortimwplir the respective benchmark against the

fusion fund. The striking difference in performanpesults could be attributed to the
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calculation of returns. As returns are measurem@sthly fluctuations under the fusion fund,

high volatility present in individual value sharmesy induce a lower mean return, thereby
reducing the corresponding portfolio performanceasuee. Further, the investor may be
tempted to pre-maturely exit the fusion fund duethtese performance results as the true
reflection of the 12 month buy-and-hold strategymat be adequately captured in monthly

fluctuations.

The performance of the fusion strategy was alsadaio not be induced by either a sector
rotation strategy or the existence of the Janufiecte Sensitivity to the level of transaction
costs was also investigated. Lower levels (0.75%(&%) of transaction costs enhanced the
success and performance of the fusion strategyhé&nirthe level of transaction costs that
results in a break-even return for the fusion sggtwas found to be at least 6.50% per
month. This amount is economically significant. $hunotwithstanding the significant

influence of transaction costs, the results arenmsimg.

5.2 Recommendations for future research

An interesting area for future research would keeitlvestigation of share volume with share
performance, especially in the context of a fusstrategy. Arguably, the high level of
transaction costs or the performance of the shelmesen by the fusion strategy could be
linked to the trading volume of those shares. hiigre shows that share returns and trading
volume are jointly determined by the same marketadyics and are linked in theory (see for
example, Blume, Easley & O’Hara, 1994). Lee and r8imathan (2000) investigate the use
of trading volume in predicting cross-sectionalras for momentum-styled portfolios. They
find that the price momentum effect of Jegadeegh Himan (1993) reverses over long
horizons. This suggests that price momentum ionbt a function of market under-reaction
but also of market over-reaction. Lee and Swamarat{2000) also find that past trading
volume predicts the magnitude and persistencetafdiyprice momentum. Specifically, high
(low) volume winners (losers) experience faster raotam reversals. This result is depicted
graphically in Figure 17 and has since become kn@asnthe Momentum Life Cycle
Hypothesis. This presents yet another extensiorthtd study and will perhaps offer

explanations to the performance of the fusion gyt
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Figure 17 — Momentum life cycle hypothesis

Perhaps the most significant field would be to Hart define (both mathematically and
descriptively) the AMH (Lo, 2004; 2005) using thencepts developed in this study. An
initial extension would be to test the fusion sggt in other markets. As South Africa has a
relatively small securities exchange, if one waréhave a larger initial sample, the fusion
strategy can be more accurately assessed. Thig kagimade no firm remarks about the
representative agent who could prefer semi-variamoghose utility could be described by
stochastic dominance axioms. This theoretical awesbould be pursued and perhaps

combined with the extension of the AMH.
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Appendix A

This Appendix describes an alternative test foctsastic dominance developed by Davidson
and Duclous (2000). It is important to note thatbagh the Linton et al. (2005) method as

well as the test described here are valid, thecehigidetermined by the data to be analysed.

The Davidson and Duclous (DD) (2000) test for séstic dominance that is applicable to
both independent and dependent samples from a gastribution. The test compares the
cumulative distribution functions over a grid ofis. A potential caveat of the test is that
the number of grid points is chosen arbitrarily ahd consistency of the test statistic is
affected by the use of a finite grid. The testudlined in detail below.

The following hypotheses are tested:

1.Ho: Dy (X1)= D (X )V X, k=1...K
2.Ha: Dy (X)# D; (i) for some x
3.Ha1: Diy (x> D} (x,) for some x

4.Hp,: DYy (x)< D (xi) for some x

Davidson and Duclous (2000) construct the followsample statistics, where to avoid

notation clutter; the grid indekis suppressed for each statistic:

Dy (x) = N(s;—l)!iZNl(xk I A1)
DS (x) = ﬁi@k Lyt {A2)
= | Z< W - ﬁﬁvmz] 3
7 =5 =y i(xk —L)F - ﬁg(x)z] A
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N
(7S 1 1 1 1 NS ) {AS}
Vwi=v NG = D)2 Z(xk — W) (g — L)Y — Dy (x)Dp (x)
1=
Vs(x) = Vg (x) + V2 (x) = 2V, (%) {A6}
Consider the t-statistic:
Djiy (x) — Di (x) {A7}

TS(x) =

VS ()

Under the null hypothesig>(x) is asymptotically distributed as a standard nowaaiate. To
implement the DD test, we can compute a t-statstieach grid point and reject the null
hypothesis if thdargest t-statistic is significant. As suggested by Davidsand Duclous
(2000), the joint test size can be controlled byngiscritical values of the studentised
maximum modulus (SMM) distribution in place of thermal distribution. LeMX (x)denote
the (1-a) percentile of the SMM statistic withand infinite degrees of freedom. Then, the

following decision rules can be used:

LIfITS(x)| < ME, fork =1, ..., K then accept H,
2.If TS(x) < ME, forallk and —T*(x;) > ME , for some k then accept Hy,
3.1f =TS(xx) < ME, forallk and T*(x;) > ME , for some k then accept Hy,

4.1f T*(x) > MK, for some k and — TS(x}) > M¥ , for some k then accept H,

In empirical studies, the number of grid pointsusuially chosen based on rules of thumb.
Barrett and Donald (2003) show that for reasondblge samples (greater than 500
observations), the DD test works well #0r= 10. Actual applications may require a finer grid
because as Barrett and Donald (2003, p. 91) poityitaocoarse grid may miss out important
differences in the distributions. The 5% asymptatitical value is 3.254 from Stoline and

Ury (1979).
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Appendix B

This appendix provides cumulative distribution plaf those benchmarks not discussed in

the text under a 1% transaction cost regime.

In Figure B1 below, the fusion fund is neither ffireor second order dominant against the

ALSI. This could imply dominance at higher orders.
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Figure B 1 — CDF of ALSI and fusion fund

In contrast, Figures B2, B3 and B4 all show that finssion fund is second order dominant

against its comparative benchmark.
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Figure B 2 — CDF of Fund A and fusion fund
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Figure B 3 — CDF of Fund C and fusion fund
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Figure B 4 — CDF of Fund D and fusion fund

In all remaining figures below (Figure B5 to Figus8), the fusion strategy is neither first
nor second order dominant against the comparagwethmark. This could imply dominance

at higher orders.
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Figure B 5 — CDF of ALSI and fusion strategy
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Figure B 6 — CDF of Small Cap Index and fusion strategy
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Figure B 7 — CDF of Fund A and fusion strategy
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Figure B 8 — CDF of Fund C and fusion strategy
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Figure B 9 — CDF of Fund D and fusion strategy
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Appendix C

As the fusion strategy (fund) has returns thatemyaally weighted, perhaps a more accurate
comparison would be with an equally weighted pasamnex. A comparison with an active
benchmark is not required at this point as each tamnst, governed by its specific mandate,

has the choice of calculating returns using thealygweighted or value weighted method.

In South Africa, indices listed on the JSE are premhantly value weighted. Thus, an equally
weighted index consisting of all shares listed ba §SE needed to be constructed. Total
returns (inclusive of dividends) were averaged aexch month from January 1989 to June
2009. As this data was sourced from FinData@Whes end point does not correspond to the
end point used in this study. Further, while a cangon of an equally weighted passive
index to the equally weighted fusion strategy maynore accurate, it is not realisper se

for the typical investor. A typical investor wouldck access to this index. Hence, this
comparison is conducted for the purposes of a mocarate comparison, albeit at the cost of

not being effectively replicated by the typical @stor.

The results from Table C1 below are mixed. For wayyransaction cost regimes, the fusion
strategy performs better than the equally weigie8I| under the Sharpe and Sortino ratios
and on par under the Treynor ratio. However, th&ofu fund performs worse than the

constructed index under all three performance satio

Table C 1 — Performance evaluation ratios

Sharpe Ratio Treynor Ratio Sortino Ratio

1% 0.75%| 0.5% 1% 0.75% 0.5% 1% 0.79% 0.%5%

Fusion | 0.68 0.74 0.79 0.01 0.01 0.01 0.Y0 0.y7 0.83

ALSI 0.19 0.19 0.19 0.01 0.01 0.01 0.19 0.19 0.19

Fund -0.06| -0.05| -0.03 -0.01 -0.01 0.0 -0.p8  -0.p#0.23

ALSI 0.44 0.44 0.44| 0.02 0.02 0.02 054 0.54 0.64

Tests for stochastic dominance show that the cosges between the fusion fund and the
equally weighted ALSI are inconclusive (implyingrthorder dominance at the very least),
while the fusion strategy is second order domirwevelr the constructed index. These results
hold under the three different transaction costmmeg explored. Figure C1 and Figure C2
below show the CDFs for the fusion fund and fustmategy (both under the 1% transaction
cost regime), respectively.
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Figure C 1 — CDF of constructed ALSI with fusion fund
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Figure C 2 — CDF of constructed ALSI with fusion strategy
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