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ABSTRACT

This dissertatiorexamines thenarketefficiency and aritrage opportunities between 0druary
2000 and 31 December 2005 selected JSksted stocksandequityindices To assess market
efficiency, four tests wergerformed namely: structural breaks, statarity, indepadence and
normality. Lastlythe Pairdrading strategyvasimplemenéedto examine arbitragepportunities
profitability, after consideringradingcosts.Theresults showd that most stockand indicesare

in support of the Adaptive MarkétypothesigfAMH) theory. Arbitrage opportunities do appear
and disappeaover time, and thedstrading strategy performance varies with tilme overall
profitable
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Glossary

Normal distribution is a distribution with a mean of zero and constant volatility of one. A time
series X is normally distributed if X~ (0;1).
Correlation refers to the relationship between the returns of two (or more) stocks over some

time horizon. Correlation does niodicateanything about the lortgerm behaviour of the stock
prices or price time series.

Independent and Identically Distributed (!" ) means that autocorrelatioaxists in the
processand identically distributed implies that all random variables have the same distribution
parameters.

Efficient Market Hypothesis refers to a market in which prices always Ofully reflectO available
informaion (Fama, 1970)The efficiency (or lackof efficiency) of a market can either lae
WeakForm, SemistrongForm or Strong Form.

Excess kurtosigs kurtosisminus 3.

Heterogeneityrefers to excessive randomnesktive to what i€xpected by chance lgn
Heteroskedasticity refersto an independentariable x withan unequal range of values for its
dependent variable y.

Kurtosis is the fourth statistical momemthich measures the magnitude of OpeakednessO of a
probability distribution. A normally distrilted time series X+ (0;1) has a skewness of zero
andkurtosis of 3.

Large caps (Top 40) are the forty largest companies that are constituents of the FTSE/JSE
Africa All Share Index (J203)yanked by full market capitalization.

Leptokurtic refers tokurtosis > 3 A (fat-tailed distribution)with higher OpeakednessO around
the mean than the normal distribution. A positive excess kurtosis (kuBi@sis 0) impliesa

higher probability of outliers (extreme positive or negative returns deviations) liaamft a
normal distribution.

Mesokurtic refers to kurtosis = 3 (normal distribution).

Mid caps are the next sixty largesbmpanies after the selection of the large caps (Top 40), that
are constituents of the FTSE/JSHrica All Share Index (J203) rankebly full market
capitalization.

Platykurtic refers to kurtosis <;3A (thin-tailed distribution)with a lower peakedness around

the mean than the normal distribution.

Small capsare the remaining stocks from tR& SE/JSEAfrica All Share Index (J203afterthe
selection of the large and mid caps.

Skewnesss the third statistical moment that measures the degree of asymmetry of a probability
distribution. A rightskewed distribution has a positive skewnesgile a leftskewed
distribution has a negative skress. A normal distribution has skewness of zero. Skewness > 0
signifies many small negative returns and a few extreme positive returns. There is a low
probability of extreme positive returns above the mean. Skewnesseals thahegative and
positive eturns have an equal probability. Skewness < 0 signifies many small positive returns

Xii



and a few extreme negative returns. There is a low probability of extreme negative returns below
the mean.

Xiii






Chapter 1

1.1 Introduction

Stock markets have evolvednd continue to do so with tim&lore than sixty years agetock
markets were not exactlwhat they look like today and how they acarrently operatel.
However, the core objectives for market participants are still more or less the same. With the rise
of high frequency trading, big data and digitalizatstock marketsrealsolikely to be different

in ten or moreyears from now. fie thought of roboti¢raders running trading floors by then
should not be seen as farfetchéd/hile it is evident that the market is continuously changing,
investment strategies have seasons of outperformance and underperformnaremeomalies
appear and disappear. Trendanigs, crises, recessions, bubbles, booms and crashes come and
go. Markets go through different stages of Oboom and, fustt@ke an economy or a business
goes through different life cycles. Before the dawn of market efficiency and more stringent
reguldions, some stock market activitiaghich are considered illegabdaywere previouslynot
classified as illegain most countriesBut some activitiedecame prohibited after major stock
market shocks or crashes or asset destabilization. For instanceaidsavere common before

the Great Crash of 1929, however post that crash, the United States Securities Exchange
Commission (SEC) imposed stringent regulations on short selling. During the2@09global
financial crisis the SEC andegulators irothe countries banned short sellifgence modifing

the way trading was done during that period. Currency pegging also used to be common until
speculators/arbitrageurs whad found loopholes to exploit caused major price destabilizations.
Althoughthese speulators destabilize asset prices or markets, they somehow encourage better
market environmestpost theevens. In order 6 remain profitable in the financial markets,
participants have to continually adapt to the esl@anging market environmeand come up

with more innovative way® search for profits.

Stock markets are pivotal in any economijhey are an intermediary for publicly traded
companies to raise capitand theyact as an investment platform for institutional and retail
investors orother participants in search of profasd for risk management purposes. Stock
markets are often expected to allocate resources fairly and efficiently according to the Efficient
Market Hypothesis (EMH).

Founded in1887, the Johannesburg StockhBmge (JSE) is the largest stock market in Africa
and according to the JSE website, was ranked as7thirhest stock exchange in the world in
terms of market capitalizatipas of 30 April 2018The JSE is the most developed stock market
in Africa and a global player; it is both orddénven and quot&riven It usesan electronic
trading system with more than three hundred equity secuwdtnesa variety of derivatives and
interest rates instrumertteded on the exchange.



1.1.10bjective of the dissertation

The phenomenon of the financial marketeng of the most exciting anslfollowed by manyin

this day and agélhe importance ofinancial markets irthe global economy has dravanlot of
interestfrom different spheressuch as academia and financial markets participants of non
financial market participantsThese peoplehave spentample time trying to understand the
dynamics and behawcal aspects of financial marketsThis ques$ for profiting and
understanding financial marketss given birth tanany theories and hypotheses. One of the
most researched and talked about hypothesis is theieBf Market Hypothesis (EMH).
Althoughthe EMH is one of the most researched topics dber past forty years, it has been
disappointing that a consensus about its effectivene#s practicality has yet to be reached.
Theincorclusiveness to this toptbereforesuggestshe complexity ofthefinancial markets

In an effort to remediatsome of the EMH deficiencies, address some challenges the Efficient
Market Hypothesis has been unable to solve, and expand the market hypothesis, Andcew W.
proposed what he termdHe Adaptive Market Hypothesis (AMH).o, 2004).Lo notes that
markets a@ not always efficientThis means that usualgompetitive and adaptive investment
strategies undergo cycles of profitability and unprofitability in response to changing business
conditions Also, arbitrage opportunities do exist from time to time, bstagpear as they are
discovered and exploitdtio, 2004).

In this dissertatiorthe main objectiveis to marry market efficiencytheoryO$wo schools of
thought namely,the Efficient Market Hypothesi¢EMH) andthe Adaptive Market Hypothesis
(AMH). Firstly, the dissertation tackles Weak Form efficiency as a barometer for the Efficient
Market HypothesisThree importantand linkedfinancial time series analysigsts namely
stationarity, independence andrmality are performed in order to conclude this subjectThe

aim is to demonstrate the Weak Form efficiermyinefficiencyof JSElisted stocksand equity
indicesforming part of the samplased forthis dissertationThis will be achieved Y testing
whetherthe daily returns distribution profile of the stocks and indicesnamal, and whether
there exists a level of predictability and stationarity indaiy returns.

In addressinghe Weak Form efficiency questiom Figure 1.1the following areexaminel:

I. Stationarty in stocks and indicedaily prices by deploying the Phillip®errontest
ii. Independence in stoskand indicesdaily returns by deploying the LjuABox test and
Autocorrelation test.
iii. Normality in stock and indicesdaily returns by deploying the JargBeratest andthe
ShapireWilk test.



Weak Form
Hypothesis tes

Stationarity

e Normality Test

Jarque-Bera Shapiro-Wilk
test test

Autocorrelation
test

Phillips-Perron

test Ljung-Box test

J

Figure 1.1: Th&Veak Formefficiency data analysis strategy

Secondlythe Adaptive Market Hypothesi®AMH) concept is tacklebty testingdaily returns of
stocks and indicefor potential structural breaks and arbitrage opportunietential drivers of
structural breakare studiecdndarbitrage opportunitiesre exploresn a selected sekample by
testing whether arbitrage opportunities do existwhdther theyare proftable,after considering
trading costs.n addition,arbitrageopportunitiesprofits patterrs are studied in orddo conclude
whethertheseopportunitieggo through different cyclesf profitability and unprofitability

In testing forthe Adaptive Marké Hypothesisthefollowing conceptsare examinedoutlined in
Figure 1.2

I. Structural breaks by implementing the Barrontest.
ii. Arbitrage opportunitiethrough the implementation tie Pairs trading strategy.



AMH

Arbitrage
Opportunities

Structural BreaksTest

Bai-Perron test Pairs Trading

Figure 1.2The Adaptive MarkeHypothesidata analysis strategy



1.1.2The dissertationstructure

The remainder of the dissertation will proceed as follows. The final section of this chapter
reviews key considerations in the literature. In Chapten&ketefficiency is discussedand
particularly the Weak Forrhypothesisn more detail The data,timeframe, how the stocks were
selectedare describedndstock descriptionare also provided

In Chapter 3stocks and indicegricesare testedor stationaritythrough themplemenation of
the PhillipsPerron test.The chapterstarts by describing the test anthe phenomenon of
stationarityandconclude with a summary based on the results.

In Chapter 4, stocks and indices retuare testedor independene The chapterstarts by
formulating the concepif independenc&henthe tests to be implementade descibechamely
the Autocorrelation and LjundBox test, and whythey werechos@. The datais describedthe
resultsare analysedndthe chapteris summarised

In Chapter 5,the Jacge-Bera and ShapirdVilk tests are implementedio examine the
distribution profile of stock&nd indices returnslhe data and methodoly are describedhe
resultsare presentedndthe chapters summarised

In Chapter 6stocks and indices returase testedor structural breaksThe BaiPerrontestis
implementedto search for structural breakStructural breaksare testedby allowing and
disallowing heterogeneity and autocorrelation ia tesidualsAnd thenevents and neware
searched foon Bloomberg and companiesO websites around the breakTdegtegsultsare
presentec@nd the chaptas summarised

In Chapter 7the Pairs trading strategy is deployedsearch for arbitragepportunities.The
pairs selection and methodologyre describedresults are presentedand the chapteris

summarised

Chapter 8 concludes the dissertation



1.2 Literature review

The market efficiency framework has been one of the most talixeut topis by academics and
professionals in the field of finance and econometrics. Even thougtsot well researchea
consensus has yet to be reached as to whether the markets are generally €ffechestory of

the efficient markets framewofkrmulationhas beem collective effort with its origins dating as
far back as the late 1800s. Some key contributors to the market efficiency framen®dules
Regnault(Regnault, 1863)Louis Bachelie(Bachelier, 190Q)Paul A. Samuelso(Gamuelson,
1965)and Eugene F. Fan{fkama, 1970Q)Regnault used a binomial model concept by likening
the markets to a tweided dice, with a 50/50 probability of price increase or decrease (Jovanovic
and Le Gall, 2001). He added that, in the absence of new infonnstiiak prices are driven by
investorsO expectat®mBachelierinitiated the field ofmathematical finance through HisiZorie

de la SpZculatioRPhD dissertation. Paul A. SamuelsextendeBachelierOs work dhZorie de

la SpZculationformulaing the Brownian motion procesand later publising a paper titled
OProof That Properly Anticipated Prices Fluctuate Ratydd. Samuelsoraddressedthe
martingale property of an unbiased random walk, further formulating an axiom of
mathematically expectdeltures prices. Samuelson argued that it is impass$ioiake profit by
using past Etures price changes, as the market quotasiaiready priced in lainformation
known about the Future and discountatuife contingencies (Samuelson, 1965). Integratihg
the work done by his colleagues, Fafoanalizedthe Efficient Market Hypothesis (EMH) ia
paper titled OEfficient Capital Markets: A Review of Theory and Empirical WBek@a, 1970Q)
FamaOs paper laid a good foundation for financial mastketies but it became controveia as

a consensus has never been reached regarding market efficiency.

Fama (1970) noted thatraarket in which prices always Ofully reflectO available information is
called efficient. He formulated three tests for market efficy: Weak Form, Sersitrong Form
and Strong Form.
I.  Weak Form tests whether historical prices cand®sl to predict future prices.
il. Semtstrong Form tests whether prices adjust to new publicly available information in a
timely and instantaneously manner.
iii.  Strong Form tests whether there is a group of investors who have monopolistic access to
private information relevarb price formation(Fama 1970).

To a certain extent, the EMH obviates tieed foractive asset management or arbitrageurs and
advocats for passive asset managemetd fundamental principles imply that it is impossible

for anyone to consistently outperform an efficient market because prices Ofully reflectO all
available informationHowever, asnore studies were donik became cleardhat the theory of

market efficiencyfacessome fundamentastructural deficiencies. For instance, contradictory
results are observed at timds different models are applied to the same data$éis
phenomenon has been observed in different stock markets regardless of their developmental state
or size.For instancePoterba and Summers (1987) carried out a study on U.S listed companies
using a dataset between 1926 and 198teir study concludedhat short term horizon stock
returns exhibit positive serial correlatgrnwhile longer term horizon stock returns exhibit



negative serial correlatisnhencethey rejected the Random Walk Hypothesideir findings
werealsoconsistent with Fama and Frén¢l986b) findings. Lo and MacKinlay (1988) carried
out a similar study with a dataset between 1962 and 1985 th&rglatility-based specification
test on weekly returng heysimilarly rejected the Random Walk Hypothesis, but noted that the
stationarymeanreverting model of Poterba and Summers (1987) cooldaccount for the
departures of weekly returns from Random Walk. They also added that a rejectioa of
Random Walk model does not necessarily imply inefficiency in asset price formation. Likewise
there are studiesn South Africa with inconclusive or opposing findings=or example,
Magnusson and Wydick (2002) concluded that the JSE is Weak Form effigtalg Appiah

Kusi and Menyah (2003) concluded that the JSE is Weak Form inefficient(Z01i6) further
tested the Weak Form efficiency in five major JSfity indices using linear and nonlinear unit
root testing procedure$he Weak Form efficiency hypothesis was not rejected wherinear

unit root test procedure was appli€dh the contrary, thé&/eak Form efficiency hypothesis was
rejected whetthenonlinear unit root test procedure was applied (Phiri, 2015).

Efforts have been made remediate some of the EMH deficiencies, address some challenges
which the Efficient MarketHypothesis has been unable to solve and expand the market
hypothesisLo (2012)proposed what heermedthe Adaptive Market Hypothesis (AMHYhich

states thatnarkets are naasrational as EMH implies but are rather driven by fear and greed
Theyare nd always efficient buaireusually competitive and adaptive, varying in their degree of
efficiency as the environment and investors change over. tumeler AMH, investment
strategies undergo cycles of profitability and unprofitability in response to clipbgsiness
conditions Arbitrage opportunities do exist from time to time, but disappear as they are
discovered and exploited, and innovation is key to alpha searching (Lo, 2004). Lo does not refute
the Efficient Market Hypothesis but tries to marry thve tschools of thought, emphasizing that
investors learn to adapt to changing economic environmard markets are consistently
changing. The concept of AMH is still relatively new and the literature is limited, however, a
few studies have been done in developed and emerging markets, including South Africa.
For example,Borges (2011) tested the Lisbon 28I Index for Weak Form using various
Random Vélk tests,andthe results showed that the degree of LisbonZ®SIndex efficiency
improved with time.Another study by Jefferis and Smith (2005), anadiythe efficiency of

seven African stock markets (South Africa, Egypt, Morocco, Nigeria, Zimbabwe, Mauritius and
Kenya) using a GARCH approach with timarying parameterResultsrevealed thathree of

the seven stock markets became Weak Form efficient towards the end of the assessment period
between 1990 and end of June 2001, while South Africa remained Weak Form efficient
throughout the assessment period. Likewise, Smith and Dyakova (2014) studied the
predictability of eight African stock markets (Egypt, South Africa, Kenya, Nigeria, Morocco,
Zambia, Tunisia and Mauritius) using thhegmple variance ratio tests anolling window over

the periodbetweerFebruary 1998 to December 20Results showed #tinefficient periods are

often followed by efficient periodsMoreover, they found thahe degree of predictability is



driven by size, liquidity and market quality. Hudson and Manahov (2lt#)er investigated
stock market dynamics and market effi@gnformation by implementing econometric
techniques on artificially developed markelfbey discovered thdteterogeneity leads to higher
market efficiency and that stock market dynamics andnlinearity are explained bwgn
evolutionary process which ishat AMH advocates. Other studies suppbet concept of AMH
(Urghart anaMicGroarty,2014;Rodriguezet al., 2014; Noda, 201&hazani and\raghi, 2014).

Numerous past studigsave foundit rather challengingto reach aconclusiveoutcome with
regard to the theory of market efficiencyrhisdissertatiorhoweveraims totakeresearcta step
further andtest whetherarbitrage opportunities dorige when inefficiencies occur.The
dissertationimplements aelative value arbitrage strategy nameBairs trading,a branch of
statistical arbitrage strategRelative value strategy aims to exploit any mispricing between two
securities with similar economic attribute@ghile maintaining a diversified risk profile. Since its
discovery in the 1980s by thwall Street quants at Morgan Stanl@ajrs trading strategy has
been popular with a lot of hedge fund managers. Numerous studies have been done in both
emerging and developed markets. The concepawms trading strategy involves exploitation of
any mispicing as a result of theaw of One Price violation This strategy works well on mean
reverting stocksbut can yield lsses when the convergence trade diverges. ImplemelPding
trading strategy on the JSE, Govender (20MBshele et al. (2013Masindi (2014), Augustine
(2014) showed significant profitability, afteonsideringtrading costs. Mashele et al. (2013)
found that trading costs have to be at most 20bps foPahie trading strategy to be profitable.
Trading costs are particularly importdattake into account to reach a conclusive outcorhes

is because pairs trading involves trading two transactions twice.

In other markets, Do and Faff (2012) conducted a pairs trading profitability study on U.S equities
between 1963 and 200%hey found that netf trading costsPairs trading strategy remained
profitable yielding a riskadjusted return of 30bps per month @nvell refined interindustry

group Perlin (2009) foundhatpairs trading and market neutral strategies were profitabike
Brazilian stockmarket Gundersen (2014lsoexamined twentfive largest shares listed on the
Oslo Stock Exchange for profitability olfie pairs trading strategy using three months of high
frequency intraday data and found that the strategy ylghdsitive riskadjusted returns, net of
fees.



Chapter 2. Market Efficiency definition

2.1 Market efficiency

The origins of market efficiency dates far back as the late 1800swever in a paper titled
Efficient Capital Markets: A Review of Theory and Empirical Work, Eugene F. Fama
formulated whatpopularly became known as the Efficient Market Hypothesis (ENIF§ma,
1970) The EMH concept of market efficiency is an @ahnothingO approacihis means that
capital market in which prices always Ofully reflectO all available information is called
OefficientO (Fama, 1970he markeefficiency teshasthree forms namely:
i. Weak Form: can historical asset prices be used as thprbdgtor of future asset
prices?
ii. Semtstrong Form: do asset prices efficiently adjust to new publicly available
information (such as earnings announcements, dividend announcements, mergers
and acquisitionsandmorg?
ii. Strong Form: do some individuals have monopolistic access to any relevant, private
information and use it for their benefit?

The concepbf market efficiency isconsistent with the Fair Gameddel (Samuelson, 1965)

This model implies that, givenprices which Qully reflectO all available information, it is
impossible to earn greater returns withaking additional riskFurthermore, istorical prices

are not useful in predicting future prices. Market efficiency supports @ahdiiold strategy o

index tracking strategy and advocates for the impossibilities of profitable arlstratggiesAn
efficient market is completely characterized by the absence of arbitrage opportunities and
dominated securities with respect to information(seéJarow and Larssor2012).

Definition 2.2.1. (Jarrow and Larsson, 2012) A mark&t!() is called efficient on [0, T] with
respect to! if there exiss a consumption good price indexy and economy
(P! 111, 3% 113, ) which (i!!) is an equilibrium price processon [0, T.

If this holds for every T ! | the market is called efficient w.k.t
where
e s the information filtration.

Lemma 2.21. (Jarrow and Lason, 2012) Suppose an equilibrium is given. Then holding the
market portfolio is a maximal strategy, ile= 1! Il 11 ' given by
Y af, il 11 s maximal.



Lemma 2.2.2 (Jarrow and Larsson, 2012) Suppose an equilibrium is given, then for each fixed
e {l,1,..111, the strategy ! 'H'!! Il ' given by

RRTANY Lo
&Uz!! jli

is maximal, i.e. no arbitrage holds.
Theorem 2.2.1.(Jarrowand Larsson, 2012) Lelt (! ) be a market. The following statements are
equivalent:

a) (F!!)is efficient on [0,T]

b) (F!S) satisfies no arbitrage on [0,T]

c) There exists a probability, equivalent td , such that is an {,! ) martingale on [O, T].

Thatispm ey
Proof
a) If (1 1) is efficient on [0, T], there is a consumption good price inddr an economy
("1'F'{e 1}, 4,11 1, ) such that!(,!) is an equilibrium price process.

b) If (F!!) satisfies no arbitrage then all the stratediéare maxinal. Finite sums of
maximal strategies are again maximal.
c) Assume there exists an equivalent martingale measure

Let all investors in the economy have logarithmic utilities
I"#, x>
!”&)Z&!

! L1
Suppose !I({! H ! 1lLetyp()! !
Assumel! lare identically zero, then the investors only receive utility froni¢hugdation
of asset dividends.

Assume investor beliefs are givby
1!

!

where
L) ! Phrtayrr it

which is al ! martingale
The!"! investor®optimization problem is then

I () NI f!T! (" (HN lis admissibly

Lh(@)=1!1 for! I I we restrict attention to strategies for which ! I !

Then due to the supermartingale propesfy! ! 1,1 [1 ()" 11l under!, ! (1)!
e, vt oforall! bt

Hence we only need to consider! admissible strategies.
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If Theorem 2.2.1oes not holdt means
a) The market is not effient,
b) Arbitrage opportunities do exist, and
c) The market does not folloa martingale buy-andhold strategywould not be a maximal
strategy and Lemma 2.2.1 would be false.

Let daily stockreturns time serielserepresented ag ! x; . This time series is a artingale if
Eley [Vl b 1y
where
I jyis the informatiorset at t.
This means that if the information set remains constant atxjme the stockOs expected return
attime!,,, should equal,.

However, should [!,,,|! ;4] ! !, then the time series is a submartingaleupesmartingale if
PV ]! 1. In the case of a submartingale, the use of arbitrage strategies such as Pairs
trading would not yield greater returns thdrat of a buyandhold strategy Fama (1970)
Contrarily, in the case of supermartingale, the use of Pairs trading strateginer echnical
analysis strategies mayeld greater returns than that of a barydhold strategy. A market
where the use of technical analysis yields profitable returns is considered=@/ealnefficient.

2.2 WeakForm

The Weak Form testshether historical asset prices can be used to predict future asset prices or
returns. There are many methods available to test for the predictability of asset prices such as
traditional statistical tests, technical analyaisdmore The Random Walk Hypothesis is highly
pivotal when testing the Weak Form hypothesis. In order to conclude whether a stock is Weak
Form efficient or notthree test@re runnamely,stationaity, independengeand rormality tess
(parametric and neparaméric testswere implemented). In addition, stocksd indiceswvere

tested for th@otentialexistence of structural changes.

LetOs assume a randetock represented by. 1tOs daily returns time ser@® represented as

Daily returns are calculated as

IR Sy ] (1)

X
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A Random Walk process without a drift of risky assetOs returns is repre€Esayny2002)

LD 1" 1111 s white noise

! !'implies fair game.
where

I, isthe time series of as€&tlaily returns

I is thewhite noise process

Fair gmemeans thatat any given stagehe probability ofone playemwinning or losing equals

that ofthe playerOspponent Alternatively, the probability oan asset price moving up equals
that of a downward mové=air game is critical in the measure of market efficiency, especially
Weak Form. If a market or an asset is fair game, then it is impossible for one to profit from it
using historical prices to predict future prices.

EMH implies that all pulicly available information is Ofully reflectedO in the asset. TodayOs
asset price is the best predictor of tomorrowOs psset However new information arriving
tomorrow is independent of todayOs asset.pFicerefore,an asset price with this propgrs
calledaRandom Walk.

Let! represent the asset price

Tsay (2002 represents RandomWalk process with a driftf a risky assetOs retuass

where
I, is the time series of as€ilaily returns

12



I is thewhite noise process
I is the drift

The Random Walk Modelis given byFama(1970)as:

!(!!!t! 1!!|! TR TR (2)
This implies that the conditiohand marginal probability oindependent random variables is

identical. The density function must be the same for &ll

A Random Walk hypothesis process with lIQherefore:
Ly bl !Z!! mmnerornr

L 1, forall t.
Since errordhave no speculatigthis implies fair game and that the increments are uncorrelated.
Sequence ¥,,,} is a fair game w.r.t information sequencé& {;} which implies that the
sequence is martingale.If the stock price/return does not follow a magafe then the use of
technical analysis or arbitrage strategies yiald profitable returns than the use of a {ang
hold strategyThe nmartingale principle was introduced by Bachelier in 1900 through his Theory

of Speculation P dissertatiorin which he noted that the expected profits of a speculator are
zero.

TheFair Game Modelis given byFama (1970as:

NI T PP 3)

For o[!y, /", ! 1y, is amartingale w.r.t, !
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2.3 Data

This dissertationanalyzed ninety stocks and four majoequity indices The data samplewas
collectedbetween 4January 2000 and 31 December 20t6order to have an inclusive and
comprehensive study, four majequity indiceswere selectecnd all stocks that were listed on
the Johannesburg StoElkchange andetthe following requirements

I Listed and tradedn the JohannesbuigtockExchange (JSE) as of Gdnuary 2000

I No tradingdisruptiors during the assessment perigdch as stock suspension except for
market wide suspensions
I Companieslid notmergeor were notacquired by another during the assessment period

Thirty-one stockswvere constituents othe FTSE/JSE AfricaTop 40 Index Forty stockswere
constituents of th&TSE/JSE Africa Mid Cap Index. Ninetestockswere constituents othe
FTSE/JSESmall Caplindex In addition, the folbwing correspondingequity indices were
included in the analysis: FTSE/JSE Africa All Share Index, FTSE/JSE Africa Top 40 Index,
FTSE/JSE Africa Mid Cap Index anlde FTSE/JSE Africa Small Cap IndeRtocks and indices
descriptons are displayed in Table (2BYable (2.4) below.

The test samplevas made up ofthe daily price time series of ninetgtocksand fourequity

indices. The stockdata sample was collected between 4 January @00B1 December 2015

while the indiceddata sample started later than 4 January 2000 as the indices were created and
listed on the stock exchange later on.

Stocks/Indices Start Date End Date | Number of Observations
Large cap stocks 4-Jan-200p 31-Dec-201% 3999
Mid cap stocks 4-Jan-200p 31-Dec-201% 3999
Small cap stocks 4-Jan-200p 31-Dec-201% 3999
FTSE/JSE Africa All Share Index 3-Jun-2002 31-Dec-201% 3397
FTSE/JSE Africa Top 40 Index 21-Jun-200¢ 31-Dec-201% 3384
FTSE/JSE Africa Mid Cap Index 12-Jun-200f 31-Dec-201% 2141
FTSE/JSE Africa Small Cap Index] 31-Dec-2001 31-Dec-201% 3502

Table 2.1:Daily price cata sample
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JSE Code

Share Name

Sub-sector class

Sector class

Business Operations

Bulk commodities mining

AGL Anglo American Plc Basic Resources Basic Materials . : ]
including precious metals
Mining and production of
AMS Anglo American Platinum Ltd |Basic Resources Basic Materials platinum and platinum
group metals
ANG AngloGold Ashanti Ltd Basic Resources Basic Materials gﬂc;:lc;ng and exploration of
APN Aspen Pharmacare Holdings lJtdealth Care Health Care Supplier of pharmaceutical
BGA Barclays Africa Group Ltd Banks Financials Banl_(lng and other financig
services
BIL BHP Billiton Plc Basic Resources Basic Materials Mlneral_exploratlon and
production
Office products, packaging
BVT Bidvest Ltd Industrial Goods & Serviced Industrials food and a!lled products
manufacuring and
distribution
CFR C_ompagnle Financiere Personal & Household GoopSonsumer Goods |Luxury goods
Richemont
DSY Discovery Ltd Insurance Financials Flnanc!al services and
health insurance
FSR FirstRand Ltd Banks Financials Banl_qng and other financig
services
GRT Growthpoint Properties Ltd Real Estate Financials Real estate
Production and refinery of
IMP Impala Platinum Holdings Ltd | Basic Resources Basic Materials platinum and platinum
group metals
INL Investec Ltd Financial Services Financials Banl'qng and other financig
services
IPL Imperial Holdings Ltd Industrial Goods & Serviceqd Industrials Logistics
ITU Intu Properties Plc Real Estate Financials Property development
MDC Mediclinic Internatational Ltd |Health Care Health Care Health care facilities
MRP Mr Price Group Ltd Retail Consumer Services| Clothing a_nd general
merchandise
MTN MTN Group Ltd Telecommunications TelecommunicationgCommunications services
NED Nedbank Group Ltd Banks Financials Banl_qng and other financig
services
NPN Naspers Ltd -N- Media Consumer Services Multl.natlonal internet and
media group
NTC Netcare Ltd Health Care Health Care Health care facilities
OML Old Mutual Plc Insurance Financials I_'|fe Insurance and other
financial services
RMH RMB Holdings Ltd Banks Financials I_nvest_ments gnd other
financial services
SAB SABMiller plc Food & Beverage Consumer Goods |Brewery and soft drinks
SBK Standard Bank Group Ltd Banks Financials Banlgng and other financig
services
. . . Household goods and
teinhoff International Holdin . )
SNH 23 o ernational Holding Personal & Household GoopfSonsumer Goods |clothing manufacturing an
o sourcing
SHP Shoprite Holdings Ltd Retail Consumer Services| ::ecigiclie?nd household good
SLM Sanlam Ltd Insurance Financials |_.|fe insurance and other
financial services
SOL Sasol Ltd Chemicals Basic Materials Integr_ated energy and
chemicals
TBS Tiger Brands Ltd Food & Beverage Consumer Goods |Branded foods manufactu
WHL Woolworths Holdings Ltd Retail Consumer Services| Food and general

merchandise retailer

Table 22: Top 40 stocks and their descriptions
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JSE Code |Share Name Sub-sector class Sector class Business Operations

ACL ArcelorMittal SA Ltd Basic Resources Basic Materials Steel production
Commercial explosives an

AFE AECI Ltd Chemicals Basic Materials specialty chemical
manufacturing

ARI African Rainbow Minerals Ltd | Basic Resources Basic Materials ali\:s;rseglsed mining and

ASR Assore Ltd Basic Resources Basic Materials rl?]?:iigr’mnerals and metals

AVI AVI Ltd Food & Beverage Consumer Goods Packaged foods and
personal care brands

BAT Brait SE Financial Services Financials Investment_s in privately
owned businesses

BAW Barloworld Ltd Industrial Goods & Serviceqd Industrials Integrated_l_oglstlcs_ and
other mobility services

CLSs Clicks Group Ltd Retail Consumer Services| reﬁgﬁé?rUQS and househol

DST Distell Group Ltd Food & Beverage Consumer Goods D'St"!"’?"on and leStI‘IbutIOI’]
of spirits and wines

DTC Datatec Ltd Technology Technology ICT supply and c_)ther
technology solutions

EOH EOH Holdings Ltd Technology Technology Information Technology

FBR Famous Brands Ltd Travel & Leisure Consumer Services| Packaged foods and
beverages

GFI Gold Fields Ltd Basic Resources Basic Materials Gold production

GND Grindrod Ltd Industrial Goods & Serviceqd Industrials Frelg'ht ser_wces, §h|pp|ng
and financial services

HAR Harmony Gold Mining Basic Resources Basic Materials Gold mining and

Company Ltd exploration

HYP Hyprop Investments Ltd Real Estate Financials Real estate investments

1LV Illovo Sugar Ltd Food & Beverage Consumer Goods |Sugar production

ITE Italtile Ltd Retail Consumer Services|Home products retailer

KAP KAP Industrial Holdings Ltd Industrial Goods & ServicedIndustrials Logistics

LBH Liberty Holdings Ltd Insurance Financials [nsura_nce anq other
financial services

LON Lonmin Plc Basic Resources Basic Materials Proc_:luctlon of platinum an
platinum group metals

NHM Northam Platinum Ltd Basic Resources Basic Materials Platinum extraction

NPK Nampak Ltd Industrial Goods & Serviceqd Industrials Packaging

OCE Oceana Group Ltd Food & Beverage Consumer Goods glsig;;g’gcmd storage and
Specialised agricultural,

OMN Omnia Holdings Ltd Chemicals Basic Materials mining and chemical
solutions

PIK Pick n Pay Stores Ltd Retail Consumer Services| Food and general_
merchandise retailer
Cement and lime

PPC PPC Ltd Construction & Materials Industrials manufacturing and
distribution

PSG PSG Group Ltd Financial Services Financials Dlve_rsmed financial
services

RCL RCL Foods Ltd Food & Beverage Consumer Goods [|Food production

RLO Reunert Ltd Industrial Goods & Serviceqd Industrials IcT, elec_trlcal englngerlng
and applied electronics

SAC SA Corporate Real Estate Ltd | Real Estate Financials !:)lversmed real estate
investment trust

SAP Sappi Ltd Basic Resources Basic Materials Coated _wood-free paper
production

SNT Santam Ltd Insurance Financials Short-term insurance

SPG Super Group Ltd Industrial Goods & Serviceqd Industrials Logistics and supply chair}
management

SUI Sun International Ltd Travel & Leisure Consumer Services] Entertainment and leisure

TFG The Foschini Group Ltd Retail Consumer Services] Clothing retailer

TON Tongaat Hulett Ltd Food & Beverage Consumer Goods Ag”CUItL."e and agri-
processing
Marine cargo containers

TRE Trencor Ltd Industrial Goods & ServicedIndustrials leasing, managing and
trading

TRU Truworths International Ltd Retail Consumer Services] Clothing retailer

TSH Tsogo Sun Holdings Ltd Travel & Leisure Consumer Services| Entertainment and leisure

Table 23: Mid caps stocks and their descriptions
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JSE Code |Share Name Sub-sector class Sector class Business Operations
AfroCentric Investment Health administration and
ACT . Health Care Health Care health risk management
Corporation Ltd .
solutions
ADH ADVTECH Ltd Retail Consumer Services| Formal education serviceq
Human capital managemse
ADR Adcorp Holdings Ltd Industrial Goods & Serviceqd Industrials and business process
outsorcing services
Construction, mining,
AEG Aveng Group Ltd Construction & Materials | Industrials engineering, manufacturin
and processing
. . . Information Technology.
Allied Electronics Corporation . . . L '
AEL P Industrial Goods & Serviced Industrials telecommunication and
(A Share) Ltd : . -
multi-media provider
. . . Information Technology.
Allied Electron rporation . . . o '
AEN led Electronics Corporatio Industrial Goods & Serviceq Industrials telecommunication and
(N Share) Ltd . . .
multi-media provider
AFX African Oxygen Ltd Chemicals Basic Materials Welding and gases
manufacturer
BRN Brlmston_e Investment Investment Instruments Financials Financial services
Corporation (N Share) Ltd
Caxton and CTP Publishers a . . PUb“Sh.mg’ dlgltal.‘ .
CAT . Media Consumer Services|packaging and printing
Printers Ltd ) .
services provider
CLH City Lodge Hotels Ltd Travel & Leisure Consumer Services|Lodging
CSB Cashbuild Ltd Retail Consumer Services BuIdmg materials and .
associated products retaild
Construction, engineering
GRF Group Five Ltd Construction & Materials | Industrials manufacturing and
properties industries
HDC Hudaco Industries Ltd Industrial Goods & Serviceqd Industrials Industrial and_ automobile
products retailer
MRF Merafe Resources Ltd Basic Resources Basic Materials Mining and exploration of
ferrochrome
Automotive industry
MTA Metair Investments Ltd Automobiles & Parts Consumer Goods |products manufacturer an
distributor
Engineering and
MUR Murray & Roberts Holdings  |Construction & Materials | Industrials construction services
provider
OCT Octodec Invest Ltd Real Estate Financials Real estate owners and
developers
PGR Peregrine Holdings Ltd Financial Services Financials Investment management
i Building construction, civil
WBO \If\t/gson Bayly Holmes-Ovcon Construction & Materials |Industrials engineering, roads and
earthworks

Table 24: Small caps stocks and their descriptions
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Index Description

Represents 99% of the full market capitalisation of
eligible equities listed on the Main Board of the JSH

Represents the forty largest companies which are
constituents of the All Share Index (J203), ranked |
full market capitalisation.

Represents the next sixty largest companies which
constituents of the All Share Index (J203), ranked |
full market capitalisation, after the selection of the ]
40 constituents (J200).

JSE Code |Bloomberg Code]lndex Name

J203 JALSH Index FTSE/JSE Africa All Share Index
J200 Top 40 Index FTSE/JSE Africa Top 40 Index
J201 MIDCAP Index |FTSE/JSE Africa Mid Cap Index
J202 JSMLC Index FTSE/JSE Africa Small Cap Index

Represents the remaining stocks from the All Shar
Index (J203) after the selection of the Top 40 Index
(J200) and MIDCAP Index (J201) constituents.

Table 25: Indices and their descriptions
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Chapter 3. Test for Stationarity

3.1 Introduction

Stationarity is oneof the most important facterin financial time series analysi& financial

time series that fatbws aRandomWalk process is known toe nonstationary or aleast weakly
stationary(Tsay, 2002) The presence osftationaity in a financialtime series indicatesnean
reversion which leads twiolation of the Random Wélk Hypothesis Randan Walk has an
infinite variancewhich simply implies that the best prediction of tomorrowOs asset price is
todayOs astprice. On the other hand a stationary process is predictetsed on its mean
revertingbehaviar.

Let!!,,,E ! land!!y,,,E !, ! bejoint distributions of a financial time series
If 11, ,E ! » ! isidentical tal! ., , ,E ,! » .n! such that the joint distribution of
'y, ,E ! !is timeinvariant to!! . , , ,E ! »,, ! then a financial time seri¢s, ! is said to be

strictly stationary

If the mean and covariance or variance of a financial time deégikare identical, implying
time-invariance then such financial time series is said to be weakly stationary, @.gland
I"# (1) areboth timeinvariant or constan(iTsay, 2002).

A financial time serie$! ! is said to be nostationary if it has a unitot, or its mean and
variance are mevarying. Aunit-root nonstationary time series follows Random Walk.

LetOs assume a Random Walk pro€Esay, 2002)

R PN A TN PR AR Y (8)

where
[, a1t s white noise

ifr v, tignd!y ! then! I 1, 11 is a Random Walk process with no drift.

Therefore! | is nonstationary.

AP Ny DI
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P,y )t nmap
P, )l
Since! (1)) ! !!
QD) R,
Lo I, ) ()
Lo, )t

ifr vyt bandly ! lithen! D DD 1T, 1 1 is a Random Walk with a drift.
Therefore! | is nonstationary.
EQ)! nQ@
L@+, ) (s),
L, )

Since! () ! !

()L I )]
Lo QD I, ) (),
I T(S VTN

ifr vyt tandly I then! ! a! 11,11 g isa Random Walk with a deterministic

trend.
Therefore! | is nonstationary.

NOINEEENEED]
Ly, D),

Since! (1) ! !
g () M el L)
Lomg (0D g, g ()
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ifr ey and!y ! thent Dot et 1L is a Random Walk with a drift
and deterministic trend.
Therefore! | is nonstationary.

NI (ENINEENTERI]
NI NN R IRE(]
Lt iy, !
Since! (!;)! 0!
() L L )
Do (0D I (D g, ) g ()

I NN (S NI TRY

A discrete time stochastic procesgi,, is stationary ifboth! (1,) and!"# (!,) are finite
constang.

When Co\!,!!,) depends only on! ts then the process is weakly stationary or covariance
stationary(Tsay, 2002) The joint distribution of! ,!! ;) depends only on ts.

Assumean Autoregressivenodel of order JAR(1)]

gl mewrtimmand! ' 11 Then! is called the first order autocorrelation coefficight.

I 1 1 then the process is mbsstationary, hence measverting

Foran Autoregressivenodel of order pAR (p)

For a stationary procesg! () ! I (!, )and!™# (1) ! "% (1, )!
|

L) ﬁl

M) e

if|r 1! 1 then! (1)) and!# (!,) are finite
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The autocorrelation coefficiehtis given by:

NI

3.2 Methodologyand data

To testwhetherdaily stockdaily pricesare norstationaryandhence follow RindomWalk, this
dissertationdeployed the PhillipsPerron (PP}estutilizing the OtseriesO RStudio packagiee
Phillips-Perrontest is anonparametric method famit-root testing,introducedby Phillips and

Perron in 1988. Its anextension of the Dickeffuller test with a robusteature to detect any

serial correlation and heteroskedasticity in the white n@sger term).The Phillips-Perrontest

is an improvement oéxisting unitroot testingmethods Its modified test statisticdead to
consistent estimates of variance pararss' land!'), given belowunder the hypothesis test

The PhillipsPerron test is also more relevant if the residuals of a unit process are heterogeneous
or weakly dependent (Enders, 2004).

The main advantagese Phillips-Perrontest has over the Dickeyuller (DF) or Augmented
Dickey-Fuller (ADF) tests arats robustness to detect serial correlation and heteroskedacity in
the error termThe Phillips-Perrontestalsodoes not require the user to specify the lag length of
a regression. Howevets maindisadvantages are its low power in detectiagi@narity whera
rootis close tothe nonstationarity boundary and its failure to detect stationarityénpresence

of structuralchange(DeJong et al.1992). The Dickey-Fuller and Phillips-Perrontestshave
oftenbeen criticizedor their low power to reject the null hypothesis in the presence of structural
instability. The application of the PhillipBerron test isitnited in the South Africariterature
insteadthe DF and ADF tests have been more common. However, a few studies have been
carried out in other marketgHiggs & Worthington 2004) Refer to Appendix Il for additional
informationregarding thé>hillips-Perrontest.

Thetest samplevasmade up of daily pce time serieas described in Table 2.1 above.

Assume the regression model

Py 100 Py 1 11" (!!!!)! (9)
For!, I'!
N IRR TS ﬁ!!(!)!" ")

L T
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where
I 11l js a standard Brownian motion.

Hypothesis test

It I (Existence of unitoot,! , I 1).
sl 1 (Stationary), I 1).

Thell -test statistic is given by (Phillips and Perron, 1988)

e ) ()

with

L II'(I (I))(l'l )

1 ...uz""

where
Iy is the tratio of t

The Phillips-Perrontest is a nedgavely skewed ondailed test. The null hypothesis of ron
stationarity (existence of unibot)is rejecedif !, ! !, and pvalue- 0.05

3.3Results

At a 95% confidencelevel, only three stocks(Datatec Ltd, KAP Industrial Holdings Ltd and
Pick n Pay Stores Ltdejected the null hypothesis of a unit root. Datatec Ltd (DW@&3the
only stock that rejected the null hypothesis of a unit roat%%®6 confidencdevel. In the study
of stationarity based oweekl returnscollectedfrom 23 February 1973 and 5 April 2002 by
Mangani (2007)Pick n Pay Stores LtdP(K) rejected the null hypothesis abnstationarity.
This outcome suggests that PIK has not evolved with time from stationarity-siatmmarity.
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The empirical results fromthe analysisare consistent with other previously documented JSE
related studiesuchasthat of Mangani (2007) and Van Rensp(1999). Thdailure torejectthe
null hypothesis at 85% confidencelevel indicatesthe existence of unit rootat boththe 95%
and9%% confidencdevels. These results imptiie following:
1. Existence ohonstationarity in the stock price
2. Less likelihood of meareversion in the stock pricandhencethe existence of Random
Walk in stock prices

In generalmost of the stocks aretjuityindices included in this study exhibit nstationarity. A
completeset of resultss in Table (3.2)P Table (3.5) under Appendix Table (3.1)displays
stocks that rejected the null hypothesis of-stationarity.

Critical Value -3.41 -3.96

Confidence Lewel 95% 99%
Share code [tau-statistiglLag p-value HO HO
DTC -4.7955 10 0.0100 Reject Reject
KAP -3.4265 10 0.0493 Reject Accept
PIK -3.5000 10 0.0423 Reject Accept

Table 3.1 Phillips-Perrontest results of stocks that rejected the null hypothesis of non
stationarity at95% confidence level.

Figure (3.1)PFigure (3.3) graphical display daily price charts of two stocks that rejected the null
hypothesis of nostationarity either ad 99% or95% confidence levellhe stock that failedo

reject the null hypothesis of natationarityis also included The existence of a meandering
trend is visible foistocks thateject the null hypothesis of natationarity(Datatec Ltd and KAP
Industrial Hadings Ltd)

DTC

Daily Price(c)

Time

—Daily Price ——100-d Moving Average = —— Average

Figure 3.1: Datatec Ltd (DTC)daily price movement from 04 January 2000 to 31 December
2015.
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Figure 3.2: KAP Industrial Holdings Ltd (KAPYaily price movement from 04 January 2000 to
31 December 2015.
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Figure 3.3: Mr Price Group Ltd (MR daily price movement from 04 January 2000 to 31
December 2015.

Figure (3.4)D Figure (3.7 display a stock (Nedbank Group Ltdjhat failed to reject the null
hypothesisof non-stationarity but graphicdl displaysthe phenomenon of meanderness. The
reason that this stock failed to reject the null hypothesis could be due to the low power of the
Phillips-Perron Test to detect stationarity in the presence of structural breaks.
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Figure 3.4: Nedbank Group Ltd (NEDWaily price movement from 04 January 2000 to 31
December 2015.
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Figure 3.5: Nedbank Group Ltd (NEDgaily price movement from 04 daary 2000 to 22 April
2004
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Figure 3.6: Nedbank Group Ltd (ED) daily price movement from 23 April 2004 22 May
2007
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Figure 3.7: Nedbank Group Ltd (NEDYaily price movement from 23 May 2007 to 31
December 2015.

3.4Summary

This chapterlooked at one of the most important principles in financial time series, namely
stationarity. A financial time seriethat exhibits stationarity violates the Random Walk
Hypothesis. Astationaryprocesamplies existence of meamversion and a higher likelihood of
predictability of price/returns. A predictable time series violates the \WWeak testhypothesis
which statesthat if a market is Weak Form efficient it is impossible to use historical prices to
predict future prices.

Three stocks rejected the null hypothesis of-st@tionarity at the 95% confidence levehly
one stock rejected the null hypothesis of #stationarity at the 99% confidence level. These
resultsimply that most of the stocks and indices included in this study arstatonary, ad
these resultare consistent with that of Mangani (2007) areh Rensburg (1999However
caution has to be exercisedcause of the PhillipBerrontest low power to detect stationarity in
the presence of structural breaks.
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Chapter 4: Test for Independence

4.1 Introduction

This chapter testl the critical problem of dependency in daily returns of stocks eapdty
indices.The study of independence is crucial for the hypothesis of Market Efficiencthand
Random WalkModel. If stockreturns are dependetihere will exist a level of predictability in
the direction of the underlying asset priaead measreversion It is possible tocreatea
deterministic model from a dependent time sededependent timeeries imot likely to follow

the Random Walk proessand wouldviolate the Weak Form test of the Efficient Market
Hypothesis. Alsothe use ofdchnical analysis may yield profits when applied on a time series
that is predictabler dependentTwo tests of independenayere usechamely Autocorrelation
(serial correlation) antheLjung-Box test.

4.2 Methodology and data
Two random variable@ and! ) are said to be independent if they are uncorrelttadtjs

Ly =0.

where
I' , representshecorrelation between variab}andy.

Henceif
P(X,Y) = P(X)P(Y)

and
X €AY eBthenP(l 1)1 111,
If £(1,!)is ajoint pdf of(X andY)
dy) b g@o)h(y).

where
g is the pdf ofl .
and
h is the pdf ofY.

Then! and! are statistically independent.

The datasampleusedwasmade up oflaily returnscalculated frondaily prices as described in
Table 2.1 above.
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4.2.1 Autocorrelation (Serial correlation) test

Correlation is a measure of independence betweerotweorerandom variables! (andY). If
the correlation coefficienp =!!thenX and! are independent, i.& and! are uncorrelated,
given that and! have a bivariate normal distribution.

Thecorrelation between random varialdeandY is formulated as follows:

L)y ! Cov!! X)Y) I (10)

NEECINE T

The orrelation coefficient is betweed and 1-1!1< p <!!

where
I'1 1 two variables are uncorrelated
'l I'two variables exhibit positive correlation
< 0 two variables exhibit negative correlation
pr .
Alternatively

If Cov!(X,Y)= 0.
Thentherandom variable! and! are mutually independent.

When one randonvariable! is studied and correlation is used as a measure of linear
dependence between the values of the same time series, this is called autocorrelation or serial

correlation. The Autocorrelation test, which has been frequently usedhe pastto test
independeng in time series was deployedIt is a powerful testand is usefulto detect

stationarity in the time seriesThe Autocorrelation Function (ACF) converges to zero

geometrically if the time series is stationary (Enders, 200mbo andBiekpe(2007) usedhe

Autocorrelation Function (ACF) to test for serial correlation in ten African stock markets returns.

The correlation coefficient between,and ! ,_; is called thelag_l autocorrelation of the
financial tme seriesormulated(Campbell Lo andMacKinlay, 1997)

COU(!!!!” |”

SN TN TIN
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g I,
| Ly

TR

SinceVar!(!,) ! "% (1,_).

The aitocorrelation coefficient is betweeh and 1meaning!!'! 11 < 1.

When the atocorrelation coeffi@nt of a financial time seriesturnsis close to zero at all lags,

such a series ionsideredo beindependentHowever, the major drawback lies with the number

of lags usedIf too few lags are used, the presencea bigherorder autocorrelation could be
missed and if too many lags are used, the test may not have much power due to insignificant
higherorder autocorrelation€ampbell et al. (1997)

!.E=\/!—!_!!

Hypothesis test

H,: No first order autocorrelatiogh, ! !"# 11 nirini
I !Existance of first order autocorrelatign ! 1"# 'l Ixll | E)!!

The null hypothesis is rejected if

I, is first order autocorrelation

I'' is the rsquared
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4.22 The Ljung-Box test

The Ljung-Box test is an asymptotically distributed, twmled lypothesis test of Random alk
thatwas introduced by Greta M. Ljung and George E. P. Bak9ir8 (Box and Ljung, 1978)

This testhas a robust feature to detect departures fromsaaial correlationn either direction
andatall lags.However, the number of lags included in the test is important. If too few are used,
this could result in highetorder serial correlation distoon. On the other hand, if too many lags
are usedt can lead to lower test power due da insignificant highetorder autocorrelation
(Campbell et a).1997). Mlambo and Biekpg2007) applied the Ljun@ox test to test the
independency of ten African stock markets retufiiss testwas runfor one degree of freedom
and eighteen degrees of freedom, botha 28% confidencdevel. (Refer to Appendix Il for the
derivation of the jung-Box test statistig.

The LjungBox test statistic is given bgox and Ljung (1978):

L R R "Z— (11)

with
Zi!!!! NI
L =
' Y
where
N is the time series size
I'y is the aitocorrelation at lad!

I'is the number of lags being tested

Hypothesis test

P b HS 1'% I"HS%RASI 1AL T 1]
Pyt IS W H#SO0BASI" NH# L 1T 1]

The null hypothesis is rejected if

v, with! degrees of freedom and significance level
P11 And pvalue< 0.05

4.3 Results

4.3.1 Autocorrelation (Serial correlation)testresults

The independence tests assess whether past stock returns have some form of corretatien to f
stock returnsor whether current stock returns can be used to predict future stock r@uarns.
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average more large caps did not reject the null hypothesis of no first order serial correlation.
However, as market capitalization decreasedre stocks failed to rejectamull hypothesis of

no first order serial correlatiofhis outcome suggests a positredationship between market
capitalization and independendes size increask so dd the level ofindepenlerce This could

be as a result of thitrading in smallecaps.

Except forthe FTSE/JSE Africa Small Cap Inde®atatec Ltd (DTC) and Wilson Bayly
HolmesOvcon Ltd (WBO), theravas prevalence of negativeerial correlation between lag 2
and 5 inotherstocksand indicesThis was despite the fact thabme stocks didot breach the
lower boundary of the standard errdihe presence of negative serial correlation in a stask
often associated with meaiaversion which is a violation of the Random Walk mod&ung
and Chen 2010)rable (4.1) displaystocks and indicethat failed to reject the null hypothesis
of no first order serial correlation. A complete set of ressliis Table (42) BTable (45) under
Appendix I.
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2 xStderror= 0.0316307 p-value = 0.05
Share Code 1st Order 1Stv(;|r32r > 18“2?3Wth :,LASé I;?/a\ll\llljt(:\1 HO

AGL 0.025 0.111 3 -0.070 Accept
ANG 0.009 0.568 50 0.040 Accept
BGA 0.031 0.051 -0.064 Accept
BIL 0.002 0.922 -0.066 Accept
CFR -0.007 0.668 3 -0.048 Accept
FSR 0.011 0.496 2 -0.076 Accept
GRT -0.003 0.868 13 -0.043 Accept
INL 0.003 0.852 2 -0.036 Accept
¥ |iPL 0.016 0.310 2 -0.042 Accept
S ITU -0.013 0.396 6 -0.034 Accept
NED 0.023 0.138 2 -0.061 Accept
SAB -0.006 0.693 2 -0.049 Accept
SBK -0.005 0.730 2 -0.092 Accept
SHP -0.014 0.368 2 -0.063 Accept
SLM -0.016 0.325 2 -0.075 Accept
SNH 0.005 0.736 2 -0.074 Accept
TBS -0.012 0.451 2 -0.033 Accept
WHL -0.026 0.106 19 -0.041 Accept
AFE -0.005 0.751 6 -0.042 Accept
ASR -0.019 0.236 17 0.040 Accept
AVI 0.010 0.525 2 -0.040 Accept
GFlI 0.023 0.150 2 -0.047 Accept
GND 0.024 0.123 3 -0.039 Accept
0&% HYP -0.018 0.243 7 0.036 Accept
@\b PIK -0.027 0.091 2 -0.059 Accept
PPC -0.028 0.143 2 -0.050 Accept
RLO 0.002 0.910 4 -0.073 Accept
SPG -0.010 0.546 8 0.040 Accept
TON -0.009 0.566 10 0.040 Accept
TRU 0.021 0.188 -0.056 Accept
CLH -0.007 0.643 -0.041 Accept
&& HDC -0.023 0.148 -0.034 Accept
6\?}\ MRF -0.010 0.524 10 0046 | Accept
@ PGR -0.029 0.064 50 0034 | Accept
WBO 0.016 0.306 10 0.033 Accept

Table 4.1 Autocorrelation test results stocks withdaily returns thatailed to reject the null

hypothesis of no first order serial correlation.
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AngloGold Ashati Ltd (ANG) breaches the standard error threshold only at lag 50

ANG
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Figure 4.1: AngloGold Ashanti Ltd (ANG) Autocorrelation Functiatheily returns from 04
January2000 to 31 December 2015.

Reunert Ltd (RLQ breaches the standard error threshold at lag 8 and it exhibeggative
correlation.
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Figure 4.2: Reunert Ltd (RLQ Autocorrelation Function daily returns from 04 January 2000 to
31 December 2015.
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4.3.2 The Ljung-Box test results

The LjungBox testwith onedegree of freedommirroredthe resultof the Autocorrelation test
However, as the degrees of freedamreincreasedo eighteenonly a few stocks faaldto reject

the null hypothesis of independena®és notshow alack of fit). These results indicatehe
likelihood of serial correlation presence in almost all stocks at a higher number of lags. Table
(4.6) and Table (4.7) display stocks/indices thatefhito reject the null hypothesis of
independencédoes not lack of fit)The rest of the resultgein Table (4.8 PTable (4.11) under
Appendix I.

df =1 Chin2 = 3,841
Confidence level 95% 99%
h |

io:;e/ ndex X-Squared p-value HO HO
AGL 2.543 0.111 Accept Accept
ANG 0.327 0.568 Accept Accept
BGA 3.801 0.051 Accept Accept
BIL 0.010 0.922 Accept Accept
CFR 0.184 0.668 Accept Accept
FSR 0.464 0.496 Accept Accept
GRT 0.028 0.868 Accept Accept
INL 0.035 0.852 Accept Accept
QvQ IPL 1.032 0.310 Accept Accept
<L ITU 0.721 0.396 Accept Accept
NED 2.204 0.138 Accept Accept
SAB 0.156 0.693 Accept Accept
SBK 0.119 0.730 Accept Accept
SHP 0.811 0.368 Accept Accept
SLM 0.969 0.325 Accept Accept
SNH 0.113 0.736 Accept Accept
TBS 0.569 0.451 Accept Accept
WHL 2.610 0.106 Accept Accept
AFE 0.101 0.751 Accept Accept
ASR 1.403 0.236 Accept Accept
AV 0.404 0.525 Accept Accept
GFl 2.076 0.150 Accept Accept
GND 2.379 0.123 Accept Accept

=
] HYP 1.364 0.243 Accept Accept
‘\-\\b PIK 2.862 0.091 Accept Accept
PPC 2.147 0.143 Accept Accept
RLO 0.013 0.910 Accept Accept
SPG 0.364 0.546 Accept Accept
TON 0.330 0.566 Accept Accept
TRU 1.731 0.188 Accept Accept
CLH 0.215 0.643 Accept Accept
3 HDC 2.091 0.148 Accept Accept
S
6@\ MRF 0.406 0.524 Accept Accept
= PGR 3.418 0.064 Accept Accept
wWBO 1.048 0.306 Accept Accept
& Top 40 0.177 0.674 Accept Accept
Q&c’ JALSH 0.028 0.867 Accept Accept
~S

JSMLC 1.809 0.179 Accept Accept

Table 4.6 Ljung-Box test results of daily returns that failed to reject the nyfothesis of

independence with ordegree of freedorat 95% and 99% Confidence Level
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af =18 Chir2 =28.87

Confidence level 95% 99%

ig:;e/'”dex X-Squared  |pvalue Ho Ho
ANG 19.407 0.367 Accept Accept
IPL 24.153 0.150 Accept Accept
S ITU 16.401 0.565 Accept Accept
< MRP 25.119 0.122 Accept Accept
TBS 26.026 0.099 Accept Accept
WHL 11.623 0.866 Accept Accept
AFE 27.493 0.070 Accept Accept
© GFI 26.436 0.090 Accept Accept
‘@0& HAR 23.485 0.173 Accept Accept
SNT 26.992 0.079 Accept Accept
TON 26.054 0.099 Accept Accept
TRE 27.214 0.075 Accept Accept
5 CLH 22191 0.224 Accept Accept
\\C'PQ HDC 21.755 0.243 Accept Accept
® PGR 19.992 0.333 Accept Accept
WBO 11.433 0.875 Accept Accept
Index JSMLC 13.523 0.760 Accept Accept

Table 4.7 Ljung-Box test results of daily returns that failed to reject the nufoliyesis of
independence with eightedegrees of freedo®5% and 99% Confidence Level

4.4 Summary

Another important test in financial time serieghe test of independenciwo parametric tests

were usedAutocorrelation and Ljunggox. With onedegree of freedonthe Ljung-Box test and
Autocorrelation testesults aligned for all stocks anddices. However as the degrees of
freedom were increased, more stocks failed to reject the null hypothesis of independence under
the LjungBox test.

Overall the empirical results shoed that more stocks rejectedthe null hypothesis of
independencédoes not lack of fit)In terms of size, wre large capslaily returnswere tilted
towards independengceelative to smaé#r caps. This observation revealed a positive relationship
between market capitalization and independence. As market capitalizetieasd so dd the
likelihood of independencé&ohen et al(1983) found that lack of trading activity can induce
autocorrelation in returngzurthermore,Smith and Dyakova (2014) found that the degree of
predictability is driven by size, liquidity andarket quality.
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The Autocorrelatiortestrevealeda prevalence of negative serial correlation in most stocks. The
presence of negative serial correlation is more problematic for the Weak Form efficiency or the
Random Walk Hypothesiss it is an indication of meaeversion. In general all stocks and
indices exhibied serial correlation at diffrent lagsNegative serial correlation was found to be
more prevalent in mid and small cagighe first lag
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Chapter 5: Testfor normality

5.1 Introduction

In financial time series analysihe goodnesf-fit measures as important as the other two
testspreviously discussedn arisk-neutral world it isoften assunthat stock prices returns are
normally distributedHowever,it is often foundthat is not the case thereal world The study

of normality is linked to that of independenemd often the two tests are studied togetfdre

study of independence ialso linked to that of stationarity.Traditional asseallocation
frameworks such as the meaariance theory assume that asset price returns are independent
and normally distributed. In mathematical finance, pricing models such as the Rlacles
model make an assumption that log returns of stock prices are independent and normally
distributed. However, in reality asset netsi often exhibit nomormality which can be detected

due to the presence of fi#ils and negative or positive skewness.

Definition 5.1.1.!,!!, 11 11, are randonvariables and i.i.dvith mean!, and variance"'.

NI

!!zi!!!!

"o !!zi!!!!.

N DY

NEE IR

As!!il Lot e gt
Thereforethe sum of identically distributed variables is normally distributed.

A financial time seriek, is regarded asormally distributed if

NENGIEY

5.2 Methodologyand data

In this chapter of the dissertatidtwo normality testsvere runto assesahether stock and
indicesdaily returns, forming part of this dissertation, are normally distributedre are various
methodsthat have been useth the pastto testnormdity in a financial time series. These
methods includegraphical, numerical or faal parametric tests. In this dissertatiawo

38



parametric tests aformality were implementednamely the JarqueBeratest andthe Shapire
Wilk test.

The datssamplewasmade up of daily returnsalculated frondaily prices as described in Table
2.1 above. The test was done both JarquéBera and ShapirVilk at 95% and 99% confidence
levels. The OtseriesO RStudio packags usedo compute ShapirVilk test statistic, skewness
and kurtosis. Théinal JarqueBera calculation waperformed in Excel using RStudio skewness
and kurtosis outputs.

5.21 Jarque-Beratest

The JarqudBera test was introduced by Carlos M. Jarque and Anil K. Berd987 as a
normality test for observations and regression residuals using the Lagrange multiplier. The
JarqueBeratest incorporates theatisticalthird and fourth moments as part of normalityitest

The third momen{skewness)measures the degreé asymmety of a probability distribution

while the fourth moment (krtosis) measures the magnitude of OpeakednessO of a probability
distribution or the OthicknessO of the tails of a probability distribdfenJarqueBeratest is
asymptoticallydistributed as a ckequared with 2 degrees of freedorhe testis known to work

well in large sample sizgJarque and Berd 987), however, it has poor poweith shorttailed
distributions especially bimodal shaped distribution§hédewald and BYning2007). The
JarqueBera test is one of the most frequently used normalitg.testhe South African context

its applications included instudies such as that Bhiri (2015), Smith and Dyakova (2014nd

more

The JarquéBeratest statistic igiven by JarqueandBera 1987)

!"!I |"|| —(1 1D (12)

!I! (,.,I (! '!')>
L)

where

' 11 1 isexcesskurtosis

N R - Is the &ewness
o i nhr
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F !il Ry 21 s the kurtosis

Yot gt

Undernormality assumption:

o <! !f-)!
RN <H'|—>|

LetOs assume tHatepreserd daily stocketurns for all! ! 11 '

The third moment of the standardized random varialdegiven by

L()! Ll‘)l

LIt P

while the fourth moment of the standardized random varialdegiven by

I (11
!(!)!!ﬁ!!

The third moment hypothesis test
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I, is rejected if | t] !+

where
INEN!
11—l
]

The fourth moment hypothesis test
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I'isrejected if [ t] 101l

where
LR

The JarquéBera hypothesis test

Pt @)t Fand!' (1) ! I (The stock returns are normally distributed).
Pt @) Hand! (M) ! ! (The stock returns are not normally distributed).

where
I (1)lis kurtosis of time series
(1 )lis skewness of time serirs

The null hypothesis falarqueBerais rejected if
morormt el

For!"# confidence level.

or
morrn

For!l" Iconfidence level.

5.2.2 Shapiro-Wilk test

The Shapirewilk (SW) test was introduced by Samuel S. Shapiro and Martin Wilk in 1965, as
part of the goodnesds-fit measure. The ShapHWilk test has theability to detect any
departures from normadyi due to skewess oikurtosis. ts t-statisticis based orthe regression of

the order sample statistics on the expected normal order stafi@tesShapireaWilk test is
known as one of the mogbwerfulnormality tess for all types of distributions (Razali and Wah,
2011)andis agood replacement for the JargBera test, orshorttailed distributions, especially
bimodal distributions (Thadewald and BYning, 208¥we\er, its power can be low for small
sample size(Razali and Wah, 2011Refer to Appendix lifor the W test statistic derivation.

Let!,!represent a financial time seri¢lsenthe Shapirewilk test statistic is given by (Shapiro
and Wilk, 1965)
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where

¢ ==l
(11 1) represerdthe moments order statistics
I isthel ! I covariance matrix of ;.

Lo !!Zilg!!!!!!!!l !!(!!!)I I
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Hypothesis test

It 11 (The stock returns are normally distributed).
It 11 (The stock returns are not normally distributed).

The null hypothesis is rejected if

W! 11
And! | I"#$%! 11" 1
5.3Results

5.3.1Jarque-Beratest results

(13)

Under the JarquBeratest only Barlow World Ltd BAW) failed to reject the null hypothesis of
normality atthe 95% and 99%onfidence leva This means that this stoDklaily returrs were
normally distributed athe 95% and 99% confidence leveNdurray & Roberts Holding(MUR)
failed to reject the null hypothesis of normaligly atthe 99% confidence leveA complet set

of results isshownin Table (5.4 BTable (5.7 under Aopendix .
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Figure 5.1: Barlow World Ltd (BAW)and Impala Platinum Holdings Ltthily returns from 04
January 2000 to 31 December 2015.

JarqueBeratest results demonstrat¢he presencef nonnormdity in most daily stock and
indicepricesreturns.Except for a few large caps, most stocks and in@iaidy prices returns

were leptokurtic (kurtosis > 3, faails). Leptokurtic returns imply a higher probability of outliers
(extremepositive or negative returns) than that of a normally distributed process. On the other
hand, the results also shegithe significant exhibition of platykurtieeturnsin large caps. Table

(5.1) displayg stocks with playkurtic returns per capitalizatiategory.

Critical Value = 5.991 9.21
Confidence Lewvel = 95% 99%
Jarque-
Share Code|] Skewness |Kurtosis Bera HO HO
Statistic

AMS 0.032 2.447 51.616 Reject Reject
IMP 0.072 2.186 113.901 Reject Reject
IPL 0.102 2.540 42.262 Reject Reject
NED 0.193 2.712 38.752 Reject Reject
NTC 0.347 2.899 81.965 Reject Reject
OQVQ RMH 0.244 2.630 62.469 Reject Reject
< SBK 0.203 2.858 30.701 Reject Reject
SHP 0.134 2.297 94.258 Reject Reject
SLM 0.196 2.721 38.540 Reject Reject
SOL 0.196 2.538 61.333 Reject Reject
TBS 0.161 2.281 103.319 Reject Reject
WHL 0.208 2.319 106.128 Reject Reject
0&9 CLS 0.027 2.731 12.572 Reject Reject
@6 TRU 0.164 2.439 70.337 Reject Reject
Small caps |[MUR 0.110 2.935 8.717 Reject Accept

Table 5.1 JarqueBeratest results of platykurtic stock returns.

The FTSE/JSE Africa Top 4hdlexwas tilted towardghe mesokurticwith skewness close to
zero. On the other hand, the FTSE/JSE Africa Small Cap Inddxahaextreme negative
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skewness andas leptokurtig even though most of its constituemtere positively skewed. This
phenomenonvas driven by ceskewness and negative skewness in the underlying constituents of
the FTSE/JSE Africa Small Calmdex carrying lgher weights.As size decrease more
leptokurbsis was observecamong the stockdHowever,most stock and indiceseturnswere
positively skewed and leptokurtic (fat right tailg) general which implies lognormal
distributiors. Log-normally distributed returns suggest many small negative returns and a few
extreme positive returns.

Top 40 Index SmallCap Index

Density
0.00 0.10 020 0.30

Density
0.00 0.10 0.20 0.30

Daily Returns %

Daily Returns %

Figure 5.2: FTSE/JSE Africa Top 40 Index and FTSE/JSE Africa Small Cap Index daily returns
from 04 January 2000 to 31 December 2015.

Critical Value = 5.991 9.21
Confidence Level = 95% 99%
Jarque-
Share/index Skewness |Kurtosis Bera HO HO
Code .
Statistic
Top 40 AMS 0.032 2.447 51.616 Reject Reject
BGA 0.046 4513 382.756 Reject Reject
ARI -0.028 4,068 190.651 Reject Reject
. BAW -0.018 3.057 0.760 Accept Accept
Mid caps ] .
CLS 0.027 2.731 12.572 Reject Reject
SAC 0.021 5.727 1239.078 Reject Reject
Small caps |AEG -0.043 4.393 324.292 Reject Reject
Index Top 40 0.014 3.294 12.296 Reject Reject

Table 5.2 JarqueBeratest results of stocks and index with skewness insignificant to zero.
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Critical Value = 5.991 9.21
Confidence Lewel = 95% 99%
iggéellndex Skewness |Kurtosis Jag?[:;jira HO HO

Top 40 ITU -0.203 4.529 416.846 Reject Reject
MRP -0.987 17.077 33661.828 Reject Reject
DTC -0.650 15.663 26991.865 Reject Reject
HYP -0.061 10.984 10622.021 Reject Reject
NHM -0.113 10.072 8339.675 Reject Reject
Mid caps NPK -0.214 3.673 105.788 Rej:ect Rej:ect
PSG -0.320 51.119 385779.217 Reject Reject
SPG -0.228 14.202 20936.476 Reject Reject
TFG -0.228 4.220 282.793 Reject Reject
TON -0.070 4.607 433.634 Reject Reject
Small cap$arx -0.063 3.983 163.671 Reject Reject
Indices [MidCap -0.212 5.255 469.516 Reject Reject
JSMLC -45.278 2446.235 | 871982062.057 Reject Reject

Table 5.3:JarqueBeratest results of stocks and indices with negative skewness.

5.3.2The Shapiro-Wilk test results

The Shapirewilk test rejected the null hypothesisnormalityfor all four indices and stockat
95% and 99% confidence levelBhe test statistic for all indices and stoekss less than,land
the pvalue for allwas les than2,2 x 10*°. Thecloser the tesstatistic (greater than 0.99) is to
one, the higher the probability of the stock returns procesmgb@&ormally distributed,
considering the walueas well.

Overall, theShapro-Wilk test resultsvere consistent with that dhe JarqueBeratest The two
tess have yielded non-normality in most of thestocks and indice® dailyreturnstested.A
complete set of resultsin Table (5.8 Table (5.11) under Appendix I.

5.4 Summary

In this chaptetthe distribution profile offour indices anchinety JSElisted stockswas tested
Two normality testswere implementednamely the JarqueBera and the ShapireWilk. The
normality testsresults showedthat the analyed samplereturn distribution profilewas not
normal. h most instances the stock retursk@wvnessvas not equal to zero navas kurtosis
equalto three. The results of this chapter are congruent etitbr past studies that have been
done Bekaert and Harvey (2002) adMlambo et al. (2003) found thaemerging marketstock
returns deviate from normalityand exhibit asynmetric distributionwith heavy tails. This
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supportsMangani (2007) and Page (1998)ho found that the return distribution of J$Eted
stocks is not normally distributed.

The FTSE/JSE Afria Top 40 Index exhile#d mesokurtosiswith skewness insignificant to zero,
while the FTSE/JSE Africa Small Cap Indexas leptokurtic with negative skewness. As size
decrease more leptokursis among stocksvas observablelnversely as size increasemore
platykurbsis was observableGiven tie power of the Shaphwwilk test over the JarguBera
test, it is concludel that all stocks and indices are not normally distributed. Madstksand
indicedaily returns are positively skewed and leptokurtic. Timgplies asymmetric tasl
towards posive values meaningthat daily stocls and indicesreturnsanalyzedhave alog-
normal distribution profile.
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Chapter 6: Structural breaks

6.1 Introduction

There is a vast amount of welbcumented literature involving structurateaks or regime
change. Structural breaks are associated with regime change or parameter instability in the
regression These changes are often driven by internal and/or external factors. Internal factors
could be due to changes specific to the undeglgecurity, while external factors could beaof
systemic nature. Systemic related events include, but are not limited to, political instability,
economic policy changes, tax reforms, financial crises, wars, natural disastémsore The
presence of sticturd breaks or regime change irfinancial regressiocan lead to distortion in

the symmetry and tails of conditional distribution ofures.In this section of the dissertatitime
presence o$tructural lpbeakswas tested usinthe BatPerrontestof multiple structural breaks.

All major financial market events which could have had an extenflaence for a structural
break,during the sample assessménteframe (04 January 200D 31 December 2015pre
listed inTable 6.1 below.Although most of these events were not South African stock market
(JSE)specific,JSElisted stockavere ested to ascertain whether theuld havebeenimpacted

by the seconeroundeffect. The analysistesed whetlher there is a link between majmancial
market eventsr companyspecific eventand structural breaks in the stec

Table 6.1:Past major financial markets events.

Event Country of origination
date

Technolo stocks bubble United States March 2000

United States September 2001
US, Asia and Europe October 2002
China February 2007
United States October 2007
United States September 2008
United Arab Emirates November 2009
Several EU members April 2010
United States May 2010
ltaly and Spain August 2011
China June 2015

Earlier studies focused more on the single structural break phem these studies include

work done by Chow (1960). Chddsstudy subdivided the regression into two subsamples then
made a comparison between the sum of squared residuals fitting from the entire sample and the
subsamples. Post ChowOs work, others made signifiamtvements andontributions These

include thework of Andrews (1993), Andrews et 4l1996) and Bai (1997). Bai and Perron
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(1998) utilized previous worklone by othergss a foundation and modeledliinear regression
estimated by least squares for multiple structural breaks of unknown dates. BairamD®e
work has become a pivotal tool studiesof multiple structural breaks of unknown dates. Other
contributors on the topic of multiple structural breaks include the work of Garcia and Perron
(1996), Cooperl9:8), andmore

6.2 Methodologyand data

To study potential structural breaks in the ficiahtime series of ninetindividual stocks and
four equity indiceslisted on the JSEhe BaiPerrontestwas deployegdutilizing the Bai (1997)
intuitive methodology of sequential (one at a tinm)ltiple breaks approach. Bai (1997) makes
inferences in the presence of multiple breaks with unknown break dates.

The studies of structural breaks (regime changes) go-ihamahd with that of unit root
(stationarity). In the presence of structural begakost econometric tests fail to reject the null
hypothesisof nonstationarity due to théow power of the test(Perron 2005). Perron (2005)
found that:

1) Most tests that attempt to distinguish between a unit root and a (trend) stationary process
will favor the unit root modeWwhen the true process is subject to structural changes but is
otherwise (trend) stationary within regimes specified by the break dates.

2) Most tests trying to assess whether structural change is present will reject the null
hypotlesis of no structural change when the process has a unit root component but with
constant model parameters.

The approaclisedis of sequential (one by one) estimation of multiple breaks as outlined by Bai
(1997). This approach is known for its robustn@ssnisspecification in the number of breaks
and computational savings. The number of lsgsiares regressismequired to compute all
break points is of order T, the sample s{B=i,1997). Limited literature exists regarding
structural breaks in the Séufrican context.

To perform the test of multiple structural brealks,MATLAB code developed by Yohei
Yamamoto, 20 June 2012as used YoheiOs MATLAB code is a direct and complete translation
of the Gauss codes of Bai and Perron (1988) Bai and Peon (2003).(Refer toAppendix 1l

and AppendixV for the detailed BaiPerrontest descriptioimnd MATLAB code respectively.

The code wasun twice per stockOabsolute returnandindexDsabsolute returnsThe first run
allows for heterogeneity anautocorrelation in the residgaat 90%, 95%, 97.5%nd 99%,
while the second run disallows ketgeneity and autocorrelatiam the residualat 90%, 95%,
97.5% and 99% confidence levels.
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Data analyzed includeabsolutedaily returnscalculated frondaily prices agpresentedn Table
2.1 above. The MATLAB code determines the number of unknown breaks, limited to a

maximum of five structural breaks. A thretep procedure is followed:

4 N (| Step 2 (~ N
- ldentify first * Peform step 1 and
break 2 until constancy
« Sub-divide » Parameter test is not rejected

sample into 2, constancy in all samples
first sample hypothesis testing * Number of breaks
has no breaks * Where constancy = m-1, where m is
fails estimate the number of
\— Step 1 \_break point ) \_subsamples /
Step 3

Consider a simple model with mean shifts in a linear protiestshegin with the model with two

breaks(Bai, 1997)
corur oy (4)

T T LY R R TN RN A

T T LY A TN

where
I'/lis mean of regime (! = 1,2,3)

k%andk? are unknown break points

The idea ofa sequential approach is to treat the model as if there is only one break at a time,
which is obtained by minimizing the Sum of Squared residuals among all possible sample splits.

The Sum of Squaremsiduals is given by:

Sr(k) =%t (G =)t L IZh 4! B2 (5)
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where
' lis the mean of the first k observations

!! 'lis the mean of the last! k observations

Letk = argminy<,<r 1 ! (k! is the break point estimator, | assume thist T-
consistent
t = is an estimated break fraction

IR A LI PN (DR IIANRINE ®)
where
Y is the overall mean and
!T(k):(yk*_!—!) !(!!2!)_

T

Hencek = argmin,Sp(k) ! W"#$1% 1, (1)1 11
and! are referred to as estimated break points.

Now consider the model with more than two breaks:

LIy X, o ife<!?

Yo=pp+ ! MEO+1 <11

Yo = pper ' 1X ML 1 <t < (7)
where

kY = [Tt?]; ) € (0,))and!| ! 1},,.
For!! 111 1 with!9,, =1.

6.3 Results

Except for Mr Price Group Ltd (MRP), all stocks had at least one structural Biestk, there

was a prevalence of between two and four structural breaks in most stocks. When it comes to
indices, the FTSE/JSE Africa Mid Cap Index had strauctural breakswhile the other indices

had three breaks eachherewere fourstocks that produced fivructuralbreaks Thisnumber
increasd to five stocks wherheterogeneityand autocorrelation in the residsalasdisalloned

The stocks with five breaks are displayed in Table (820ompleteset of resultss in Table

(6.5 b Table 6.7) under Appendix 1.The results presented awehen heterogeneity and
autocorrelationn the residualsvasallowed ata 90% confidence level unless stated otherwise.
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Share Code |Firstbreak [Secondbreak |Thirdbreak |Fourth break |Fifth break
Top 40 APN 30/05/2002 | 18/11/2004 | 30/11/2007] 15/06/2010| 11/02/2013
ACL 23/08/2002 | 29/06/2005 | 18/01/2008] 23/07/2010 | 01/08/2013
Mid caps |AVI 02/09/2002 | 10/02/2005 | 30/07/2007 22/12/2009 | 28/06/2017
BAT 05/06/2022 | 11/01/2005 | 09/01/2008] 17/06/2010 | 16/05/2013
Small caps |AFX 05/08/2002 25/04/2005| 10/01/2008] 02/07/2010| 23/04/2013

Table 6.2: Stocks with five structural breaks based on absolute daily returns betwearu@dyJa
2000 and 3 December 2A&.

Secondly, e difference in the number of structural breaks is not major when heterogeneity and
autocorrelation inheresiduas was allowed odisallowed. The results show that most large caps
and all indices produce the same number of structural hredksther heterogeneity and
autocorrelation irthe residuas was dlowed or disallowed. Table (6.3lisplays stocks that had
additional structuda breaks when heterogeneity and autocorrelationthi@ residuat was
disallowed. The break dates when heterogeneity and autocorrelati@réesiduas was alloved

and disallowedvere the same. fie maindifference ameonly with additionalbreak datesvhen
heterogeneity and autocorrelation in residuwads disallaved, as per stocks in Table (6.3

Share Code|First break Second break| Third break | Fourth break
MDC 11/02/2004
®  |iITu 30/05/2012
<R IPL 30/04/2013
soL 20/05/2013
BAT 05/06/2002 | 11/01/2005
ITE 26/07/2013
& |kap 26/06/2007 | 11/12/2009
& LON 08/04/2013
RCL 24/01/2013
SNT 06/06/2012
AEG 26/03/2003
AEN 02/03/2005
. [BRN 27/02/2009
\\&Q CAT 06/08/2013
° HDC 15/07/2009 | 06/08/2013
MTA 15/07/2009 | 05/08/2013
PGR 16/02/2007
WBO 03/06/2013

Table 6.3:Stocks with additional structural breaks when heterogeneity and autocorreigtien
residuals is dsllowed
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Thirdly, therewere more structural breaks at lower confidence levels. Was evidentin
instances where the number of structural breeds not the same across all confidence levels
tests.Lastly, no directrelationship between major financial events and structurak&neathe
stocks and indicewas found insteadecondround effectsTherewas also no correlation amg
stocks within the samsubsectorsHowever, it was foundhat structural breaks istockswere
driven by compamgpecific events. Evenguch aglealings in company securities by directors,
publication of good or bad news relating to the comphbaiter or worse than expected financial
results, planned mergers and acdiass, and more However, these kindsf events @ not
always lead to structal breaks whenever they occenl It seenedthey are influencedoreby
thegeneralstate ofthe marketA complete list of events around structural breaks gaestock

is in Appendix V. Stockswhich events or news occurring aroutiair break datesould not be
found were RMH, SAB, DST, FBREOH, KAP, SNT, TSH, ACT and MUR

Index Code |First break |Second breald Third break
JALSH 12/10/2005 12/12/2007| 06/07/2010
Top 40 04/07/2007] 15/07/2009 | 30/11/201]
MIDCAP 22/09/2009] 18/09/2014

JSMLC 11/05/2006] 10/06/2010 | 28/03/2013

Table 6.4: Indices structural breaks based on 04 January 2000 Re8&mber 2015 absolute
returns, at 90%, 95%, 97.5% and 99% confidence levels.

6.4 Summary

The resultsshowed that nost JSHisted stocks have structural brea&ad that structural breaks
were driven more by compargpecific events. Events suel dealing in securities by company
directors, announcements about investments, ngesgel acquisitionsbad orgood company
related news or eventand more canlead to structural breakdHowever,ocaurrence of these
eventslinked to structural breakeas influenced by other external factors suchhesglobal or

local markets outlookr the generalstateof thelocal or globaimarket The results also revealed

no strongcorrdation of structural breaks istocks within the sam&ubsector clasd.astly, more
structural breaksvere produced at lower confidence levels and when heterogeneity in the

residualsvas disallowed.
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Chapter 7: Arbitrage opportunities

7.1 Introduction

Any stock market in the world is made up of atstethree types of participants, also known as
traders These arspeculators, arbitrageurs and hedgers.
I Speculators can be likened ptayers at a casindhese participants bet on the future

direction of an asset price/market
I Arbitrageurs searctor and exploit mispricing and inefficiencies
I Hedgers a risk management professionals.

These three abovementionedparticipants all have alifferent but important role to play
Arbitrageurs and speculators can cause mhestabilizatiorat times, but the role is crucial to
maintain and sustain market efficiency and drive prices back to the equilibrium when deviations
occur.

TheLaw of One Price states that financial instruments with identical payoff profiles or economic
attributes should have the same price atgugn point in time, e.g. the price of gold should be
the same inlamarkets,after considering thexchange rate and codt @arry. Violation of the

Law of One Price could lead to arbitrage opportuniti€ure arbitrage is defined as a riskless
profit at zero upfront cost. Many strategies labeled as arbitrage are in palgyarbitrage
They arenot pure arbitrageas thei profits are not riskless.

Definition 7.1.1Let! define a portfolio of any financial securities

If

raHyr o ocatttl
Vi)! 0 ;att =
ThenV is an arbitrage for atl, and has positive probability’(!! ! ! ) for somet.

Definition 7.1.2 (Delbaen and Schacharmayer, 1p84market { !!) satisfies no arbitrage on
[0,T] if the process together with the filtratioth , satisfies no arbitrage, given Theorem 2.2.1.

7.1.1 The concept of Rirs trading

There is a vast amount afell-documented literature regarding arbitragéis topic is closely
related to market efficiency theory, as it is believed that arbitrage strategies are more profitable
in less efficient markets. In this section of thesertatiorthefocusis on relatve value arbitrage
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strategy namelyRairs trading, a branch of statistical arbitrage strat8gyce its discovery in the
1980s by the Wall Street quants led by Nunzio Tartaglia at Morgan St&adey, trading
strategy has become popular with a lot ofdgeetund managers. Pairs trading stratega rule
based strategy that uses statistical methods and requires little to no human intervetiien for
decisionmaking process of buying and selling stogkth similar economic attributesSimply

put, it is a market neutrarading strategy that works well in the presence of nreaarsion. The
challenges for the pair to convergas money can be lost when the convergence tragegeis
This meanghat the price of @old stock continues to risehile theprice of apurchasedtock
continues to fall.

A pairs trade is intended to exploit any mispricing or market inefficiengiémde is initiated by

first identifying two stocks ofinancial instruments with simédr economic attributes and that
have histacally moved together. If at any staghe absolute spread between the price of the
two stocks or instruments is above a certain threshold, a relatively outperforming (price is
higher) stock or instrument ges®ld while a relatively underperforming sto®r instrument
(price is lower) gets bought. Thew is thatthe two stocks or instruments will converge to their
historical behavior of symmetry, meaning that the outperforming stock or instrument price will
fall and the underperforming stock instument price will rise until the two stocks reach their
equilibrium again.

Past JSHisted stockspairs trading studies done include those of Govender (2011), Masindi
(2014), Augustine (2014) and Mashele et al. (201Bhese studiesshowed significant
profitability, after trading costs. Mashele et al. (2013) also found that trading costs have to be at
most 20bps for the pairs trading strategy to be profitable

7.2 Methodologyand data

A Pairs trading strategy can be likened to d-8ehncingtrading strategy initiated whenone

stock is sold and the other is bought. The proceeds from the sale are used for the purchase of the
other stock, however in reality the proceeds from the sale are not abwHisent for the
purchase of thether stock.

7.2.1 Selffinancing strategy (trade)

Assumex!t) represents stock.A
111 represents stock.B

The value of the sefinancing trade is denoted by

L) =x@®) — y(©). (14)
where
x(t! is bought and !!! is sold.
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7.2.2Pairs selection

A simple selection procesgas followedby identifying stockdased on theselles:

All stocks within the same sectwere selected

All stock priceswvere indexedo 100.

The spreaaf indexed valuebetween two stocks at a timeas computed

An average of the spread through outghmple analysiperiod(04 January 2000 to 31
Deaember 2015) was taken.

A graph of theaverage of thepread against the paiadexed valuesvas drawn

6. Pairs with a meaneverting behaviowerethen selected for the strategy implementation.

PN PE

o

For an exampleheloware two stocksAngloGold Ashanti Ltdand Merafe Resources Ltdom
the same sectors that passed the abovementioned requirements:
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Figure 7.1: Performance oAngloGold Ashanti Ltd (ANG vs. Merafe Resources Ltd (MRF)
and their indexed prices spread movement fddndanuary 2000 to DecemI®2€r15.

Average

The next pair failed to meet the abewentioned requiremestThe spread graph should revert
to the red line, however, the FirstRand LtdR&B Holding Ltd spread failed to revert in the
time period of testing. In this regard, the trader mighehawait for longerfor convergence to
occurwhich could lead to bt of money being lost.
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Figure 7.2 Performance ofFirstRand Ltd (FSR) vs. RMB Holdings Ltd (RMH) and their
indexed prices spread movement frodJanuary 2000 to December 2015.
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7.2.3 Indexation

Before the methodology implementation, it is important that the stocks time series are brought to
a particular unit througindexation Indexationis doneby bringing all stocks witim the same
sector to a unit of 108s the starting poinand recalculate thestockprice daily move fromthe
indexed value 0100.
Xip = X W1+ 1),
where

X;+ 1S the indexegbrice of stock i at time t

1;¢ IS thereturnof stock ibetween time t andt. r;, =!!" -

B |

X

7.24 Pairs trading implementation

Finally, the strategywas implementetiased on the followinget of rules:
1. Trade signal is triggered when the difference between the spread and the average value
wasgreater than 1.
2. When the trade signalastriggered,a stock thatvasovervalued gt sold and the stock

thatwasundervalued gt bought.

3. For simplicityand to minimize trading costeach stock k& the same profile throughout
the analysis This means that a trade sigmahstriggered again when the stock that was
undervalued beforee@meundervalued agaiand vice versa.

4. Itisassumd that tradingwas done aend of dayclosing prices.

5. The trade gt exited when thalifference between thepreadand the averagesil below
the threshold of 1.

6. Trading costsverecapped at 20ps per tradeto avoid too much trading costs

7.3 Results

The resultsare presentedy usingan average return per trade agerformance metric for the
Pairstrading strategyThe results presentedak 20 bps trading cosisto accountbut ignorel
any balance costs.

If . < |rs| + |n|! then !, is unprofitable

where
I, is the pairgrading(combination of long and shomyerage return per trade
I, isthe long only average return per trade
I, is the short onlaverage return per trade
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All pairs that formed part of the analysis produced profitable sesdt of trading costs. There
were instances where a long only strategy would have produced better resulteetiRairs
trading strategy. Tk suggests that on averagach pairs were morgpward trending during the
testingperiod. Itwas also observable that the pairsO spread tisdillmound the mean vaide

with time and the general state of the market. The strategy atspeneds of underperformance

as the spread widens furthend requird longer holding periodThis observatiorsupportsthe

theory of Adaptive MarketlypothesidAMH), which states that markets are not always efficient
but usually competitive and adaptive, varying in their degree of efficiency as the environment
and investors change over time. Investment strategies undergo cycles of profitability and loss in
respnse to changing business conditions, number of compettwisybitrage opportunities do

exist from time to time but disappear as they are discovered and exploited (Lo, R@%a)ts of

the pair€perfamance are displayed in TableXybelow.

Sector Pair Average returns | Number of trades
AGL vs. ANG 2.31% 140
AGL vs. GFI 3.16% 172
@ |Avsvs.GFI 3.89% 92
c;\C\I\’&"e ANG vs. MRF 5.04% 240
o GFlvs. ANG 2.36% 164
GFlvs. MRF 5.65% 260
NHM vs. IMP 3.13% 120
AVl vs. OCE 3.67% 176
coots  [CFRvs. SNH 7.68% 64
o ILV vs. TON 2.07% 124
co® SAB vs. CFR 2.99% 220
TBS vs. CFR 18.02% 48
ces |CBS vs. WHL 11.26% 104
&« |survs. ADH 6.45% 196
Co“5° TSH vs. SUI 3.04% 260
WHL vs. MRP 6.48% 172
S BGA vs. SBK 1.82% 252
na® NED vs. INL 2.79% 88
Health Care NTC vs. MDC 2.47% 256
AEL vs. AEG 6.52% 136
AEN vs. AEG 9.78% 248
BAW vs. IPL 2.66% 136
. BAW vs. NPK 3.04% 124
w005 PPC vs. AEG 11.02% 124
PPC vs. AEL 3.61% 152
PPC vs. AEN 4.85% 144
PPC vs. GRF 4.37% 328
TRE vs. BVT 3.94% 200

Table 7.1 Pairs trading strateggveragecumulativereturnsnet trading costfrom 04 January
2000 to 31 December 2015.
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7.4 Summary

The results shoed that the Pairs trading strategwas profitable on averagélowever, there
were other pairsvherethe Pairs trading strategy underperformed long only holglitigese pairs
were found to be upward trending on averagdigring thetestingperiod The results shoad that

the Pairs trading strategy can yield positive returns aftersideringrading costs of 20ps and

the strategy does go through different cycles of outperformance and underperfor@ance.
average the strategynade at leas2.00% per trade Graphical results shawd that the
performance of the strategy goésough different cycles. There veeperiods where thBairs
trading strategy outperformed and underperforrdwd) andbr short only. This observation
supports the Adaptive Market Hypotheglsat investment strategies go through cycles of
outperformance and underperformance (Lo, 2004 main draw back about thstrategy is
that it is backwardboking, however, it is po#isle to modify it to be forwardooking.
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Chapter 8: Conclusion

In this dissertatiormarket efficiency of ninety JSksted stocks and foumajor equity indices
was investigatedjsing data sanip of daily stockand indexpricescollected between 4 January
2000 and 31 December 2016.order to have an inclusive and comprehensive study,m@jor
equity indiceswere selectednamely,FTSE/JSE Africa All Share Index, FTSE/JSE Africa Top
40 Index, FBE/JSE Africa Mid Cap Index andTSE/JSE Africa Small Cap Indeand all
stocks that were listed on tAiehannesburg Stock Exchange tiat thefollowing requirements:

I Listed and traded on thelannesburg Stock Exchange (J8E& of 04 January 2000.

I No trading disruptions, such as stock suspension except for market wide suspensions
during the assessment period.
I Companieslid notmergeor were na acquired by another during the assessment period.

The aim of thedissertationwvas to present two schools of thought namethe Efficient Market
Hypothesis(EMH) and the Adaptive Market Hypothesi$AMH) in a unifying manner.The
analysis was subdividednto two categories, namelyhe Efficient Market Hypothesis (Weak
Form) and the Adaptive Market hypothesis.

Under the Efficient Market Hypothesifie focuswason the Weak Form tesstocks and indices
were testedor stationarity, independence andrmality in order to conclude on whether the
stocks and indices forming part of the analysegse Weak Form efficientThese three tests are
pivotal in financial time serieand have previously been usedjetherto test for the Weak Form
efficiency. The PhillipsPerron teswvas usedo assess stationarity oaily stocls and indices
price. To assess independennydaily returns the Autocorrelation and Ljuipx testswere
used while normality was assessed through the implementation of the SNeibkrand Jarque
Bera tests.

For the Adaptive Market Hypothesis (AMH) structural breaks in stocks and inderestested
through the implementation of structural breaks test called th®&abn and potential drivers

of structural breaksvere also studied Furthermore,eligible stockswere testedor potential
arbitrage opportunitiedirough thamplementon ofthe Pairs trading strategin addition, it was
assessed whether those opportunities did yield profits, after taking transaction costs into
consideration.

Stationaritybempirical results for the Weak Form test found that most stocks and indices failed
to reject the null hypothesis of natationarityat 95% and 99% confidence levefsstationary
procesamplies existence of meameversion and a higher likalbod of predictability of price or
returns. A predictable time series violates the Weak Feffitiency test,which states that if a
market is Wak Form efficient it is impossible to use historical prices to predict future prices.
However, given the low power of the Phillifgrron test in the presence of structural brethks,
structural breaks testas incorporatedo drawa more solidconclusion After incorporating
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structural breaks testhe Bai-Perron it was found that lesides Mr Price Group Ltall stocks
exhibitedstructural lbeaks driven primarily by compangpecific events.

Independencé® the empirical results shosd that more stocksejected the null hypothesis of
independenceln terms of sizemore large caps daily returns nedilted towards independence
relative to smaller caps. This observation revealed a positive relationship between market
capitalization and independence. Asrket capitalization increased so ditle likelihood of
independencd.ack of independence in smaller capaslikely driven by thintrading. Overall,

most stocks and indices rejected the null hypothesis of independence, exhibited negative serial
correlaton and tended to revert to threean.

Normality Bthe empirical results showed thhe stocks and indicegrofile distrbution ofdaily
returnsis nonnormal. The ShapireWilk test, which is the most powerful between the two tests
of normality deployed, rejected the null hypothesis of normality for all stocks and inlicss.
stocks and indices we positively skered with heavy tails, which implee log-normal
distribution. It was also found that & size decreasenhore leptokurdsis among stocks v
observablelnversely, as size increaseubre platykurbsiswas observable.

Structural break® empirical resultsshowed thabesides M Price Group Ltd (MRP), the est of

the stocks and indices hatlleast one structurareak. More structural breaks mgeobservable

at lower confidence levels. Thestuctural breaks we driven primarily by companyspecific
events, such as, securities deadibg company directors, mergers and acquisiti@ms more
Furthermore no strongcorrelationwas foundbetween structural breaks and stocks within the
same sulsectorclassification

Pairs tradingb overall Pairs trading strategy produced at least 2.00%¢r trade on average
cumulative returnsnet of 20bps #&iding costs. However, theweere a few stocks that wemaore
upward trendingduring the sampling perigpdvhich means a long only strategy wouldve
perfamed better thathe Pairs trading strategyhe strategy did alsceveal different cycles of
underperforranceand outperforranceas time varied

Givenall theseempirical results it wasconcludel that JSHisted stocks and indicethat formed
part of thisdissertationwere not alwag Weak Form efficient, rather wetitrough different
cyclesof efficiency and inefficiencyThis conclusion symrts the Adaptive Market Hypothesis
(AMH). The use of arbitrage strategies can yield pasiteturns, netf trading costs, from time
to time. The conclusion iscongruent with that of Appiakusi and Menyah (2003), whalso
concluded that the JSE is Weak Form inefficient. Smith and Dyakova (2&1dd eight African
stock markets including South Africand found thatstock markets gdhrough cycles of
efficiency and inefficiencyFuture research would explore the impact of structural breaks
arbitrage strategigzofitability, using a forwardooking arbitrage strategyethod
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Appendix I: Test results tables

1 Stationarity: Phillips-Perron Test results
Critical Value -3.41 -3.96
Confidence Lewel 95% 99%

Share code |tau-statistic Lag p-value HO HO
AGL -1.016 10 0.936 Accept Accept
AMS -1.404 10 0.831 Accept Accept
ANG -2.037 10 0.563 Accept Accept
APN -1.290 10 0.879 Accept Accept
BGA -3.397 10 0.054 Accept Accept
BIL -2.718 10 0.274 Accept Accept
BVT -1.328 10 0.863 Accept Accept
CFR -0.979 10 0.942 Accept Accept
DSY -0.377 10 0.987 Accept Accept
FSR -1.440 10 0.816 Accept Accept
GRT -2.465 10 0.382 Accept Accept
IMP -0.787 10 0.963 Accept Accept
INL -1.352 10 0.853 Accept Accept
IPL -1.804 10 0.661 Accept Accept
ITU -1.241 10 0.900 Accept Accept
MDC 0.311 10 0.990 Accept Accept
MRP -1.294 10 0.878 Accept Accept
MTN -2.175 10 0.504 Accept Accept
NED -2.020 10 0.570 Accept Accept
NPN 1.362 10 0.990 Accept Accept
NTC -1.166 10 0.912 Accept Accept
OML -0.692 10 0.971 Accept Accept
RMH -1.404 10 0.831 Accept Accept
SAB 2.428 10 0.990 Accept Accept
SBK -3.196 10 0.089 Accept Accept
SHP -2.148 10 0.516 Accept Accept
SLM -1.652 10 0.726 Accept Accept
SNH 0.967 10 0.990 Accept Accept
SOL -3.057 10 0.131 Accept Accept
TBS -2.838 10 0.224 Accept Accept
WHL -0.463 10 0.984 Accept Accept

Table 3.2: FTSE/JSE Africa Top 40 Index constituents Philligeron (PP) Test results.
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Critical Value -3.41 -3.96
Confidence Lewel 95% 99%
Share code | tau-statistic Lag p-value HO HO
ACL -1.079 10 0.926 |Accept Accept
AFE -2.081 10 0.544 |Accept Accept
ARI -0.806 10 0.961 |Accept Accept
ASR -0.343 10 0.989 |Accept Accept
AVl -0.617 10 0.977 |Accept Accept
BAT 4,001 10 0.990 |JAccept Accept
BAW -1.758 10 0.681 |Accept Accept
CLS -1.275 10 0.885 |Accept Accept
DST -1.417 10 0.825 |Accept Accept
DTC -4.796 10 0.010 |Reject Reject
EOH 0.024 10 0.990 |JAccept Accept
FBR -0.263 10 0.990 |JAccept Accept
GFl -2.432 10 0.395 |Accept Accept
GND -1.106 10 0.922 |Accept Accept
HAR -2.739 10 0.265 |Accept Accept
HYP -1.288 10 0.880 |JAccept Accept
ILvV -1.273 10 0.886 |Accept Accept
ITE -0.796 10 0.962 |Accept Accept
KAP -3.427 10 0.049 |Reject Accept
LBH -2.195 10 0.496 |Accept Accept
LON -1.441 10 0.815 |Accept Accept
NHM -1.982 10 0.586 |Accept Accept
NPK -2.169 10 0.507 |Accept Accept
OCE -0.223 10 0.990 |JAccept Accept
OMN -1.460 10 0.807 |Accept Accept
PIK -3.500 10 0.042 |Reject Accept
PPC -0.843 10 0.958 |Accept Accept
PSG 1.026 10 0.990 |JAccept Accept
RCL -2.952 10 0.175 |JAccept Accept
RLO -2.677 10 0.292 |Accept Accept
SAC -1.714 10 0.699 |Accept Accept
SAP -1.977 10 0.588 |Accept Accept
SNT -2.334 10 0.437 |Accept Accept
SPG -0.977 10 0.943 |Accept Accept
Sul -1.765 10 0.678 |Accept Accept
TFG -2.563 10 0.340 |JAccept Accept
TON -2.348 10 0.431 |JAccept Accept
TRE -1.662 10 0.721 JAccept Accept
TRU -2.720 10 0.273 |Accept Accept
TSH -2.244 10 0.475 |Accept Accept

Table 3.3:FTSE/JSE Africa Mid Cap Indeconstituents Phillip®erron (PP) Test results.
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Critical Value -3.41 -3.96
Confidence Level 95% 99%
Share code | tau-statistic Lag p-value HO HO
ACT -2.109 10 0.532 |Accept Accept
ADH 1.768 10 0.990 |JAccept Accept
ADR -2.332 10 0.438 |Accept Accept
AEG -0.385 10 0.987 |Accept Accept
AEL -0.395 10 0.987 |Accept Accept
AEN 0.006 10 0.990 |Accept Accept
AFX -1.186 10 0.909 |Accept Accept
BRN -1.916 10 0.614 |Accept Accept
CAT -3.267 10 0.076 |Accept Accept
CLH -1.850 10 0.642 |Accept Accept
CSB 0.605 10 0.990 |Accept Accept
GRF -1.264 10 0.890 |Accept Accept
HDC -3.185 10 0.090 |JAccept Accept
MRF -2.220 10 0.485 |Accept Accept
MTA -1.626 10 0.737 |Accept Accept
MUR -1.025 10 0.935 |Accept Accept
OCT -2.592 10 0.328 |Accept Accept
PGR -0.388 10 0.987 |Accept Accept
WBO -2.275 10 0.462 |Accept Accept

Table 3.4:FTSE/JSE Africa Small Cap Index constituents Philyesron (PP) Test results.

Critical Value -3.41 -3.96
Confidence Lewel 95% 99%
Index code |tau-statistic Lag p-value HO HO
Top 40 -2.292 9 0.455 Accept Accept
JALSH -2.268 9 0.465 Accept Accept
MIDCAP -2.723 8 0.272 Accept Accept
JSMLC -3.116 9 0.106 Accept Accept

Table 3.5:Indices PhillipsPerron (PP) Test results.
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2 Independency:Autocorrelation Test results

2 xStderror = 0.0316307 p-value = 0.05
Share Code Ist Order st ‘(;)all‘::zr p| st l;gcthh {:(tjl;i:;’lut: Ho
AGL 0.025 0.111 3 -0.070 Accept
AMS 0.091 0.000 Reject
ANG 0.009 0.568 50 0.040 Accept
APN 0.033 0.035 Reject
BGA 0.031 0.051 -0.064 Accept
BIL 0.002 0.922 3 -0.066 Accept
BVT -0.071 0.000 Reject
CFR -0.007 0.668 3 -0.048 Accept
DSY 0.034 0.031 Reject
FSR 0.011 0.496 2 -0.076 Accept
GRT -0.003 0.868 13 -0.043 Accept
IMP 0.072 0.000 Reject
INL 0.003 0.852 -0.036 Accept
IPL 0.016 0.310 -0.042 Accept
ITU -0.013 0.396 6 -0.034 Accept
MDC -0.058 0.000 Reject
MRP 0.048 0.003 Reject
MTN 0.050 0.002 Reject
NED 0.023 0.138 2 -0.061 Accept
NPN 0.058 0.000 Reject
NTC -0.045 0.004 Reject
OML -0.032 0.040 Reject
RMH -0.078 0.000 Reject
SAB -0.006 0.693 2 -0.049 Accept
SBK -0.005 0.730 2 -0.092 Accept
SHP -0.014 0.368 2 -0.063 Accept
SLM -0.016 0.325 2 -0.075 Accept
SNH 0.005 0.736 2 -0.074 Accept
SOL 0.042 0.007 Reject
TBS -0.012 0.451 2 -0.033 Accept
WHL -0.026 0.106 19 -0.041 Accept

Table 4.2: FTSE/JSE Africa Top 40 Index constituents Autocorrelation test results.

68




2 xStderror = 0.0316307 p-value = 0.05
Share Code 1stOrder ! \(/)aTSZr i |ZQCW|th félfvavr:: Ho
ACL 0.08 0.000 Reject
AFE -0.005 0.751 6 -0.042 Accept
ARI 0.058 0.000 Reject
ASR -0.019 0.236 17 0.040 Accept
AVI 0.010 0.525 2 -0.040 Accept
BAT 0.055 0.001 Reject
BAW 0.052 0.001 Reject
CLS 0.045 0.005 Reject
DST -0.108 0.000 Reject
DTC 0.099 0.000 Reject
EOH -0.042 0.008 Reject
FBR -0.109 0.000 Reject
GFI 0.023 0.150 2 -0.047 Accept
GND 0.024 0.123 3 -0.039 Accept
HAR 0.042 0.008 Reject
HYP -0.018 0.243 7 0.036 Accept
ILV 0.041 0.009 Reject
ITE -0.101 0.000 Reject
KAP -0.117 0.000 Reject
LBH -0.06 0.000 Reject
LON 0.166 0.000 Reject
NHM 0.109 0.000 Reject
NPK -0.049 0.002 Reject
OCE -0.08 0.000 Reject
OMN 0.034 0.032 Reject
PIK -0.027 0.091 2 -0.059 Accept
PPC -0.028 0.143 2 -0.050 Accept
PSG -0.093 0.000 Reject
RCL -0.082 0.000 Reject
RLO 0.002 0.910 4 -0.073 Accept
SAC -0.105 0.000 Reject
SAP 0.066 0.000 Reject
SNT -0.058 0.000 Reject
SPG -0.010 0.546 8 0.040 Accept
SUI 0.083 0.000 Reject
TFG 0.057 0.000 Reject
TON -0.009 0.566 10 0.040 Accept
TRE -0.042 0.008 Reject
TRU 0.021 0.188 6 -0.056 Accept
TSH -0.092 0.000 Reject

Table 4.3: FTSE/JSE Africa Mid Cap Index constituents Autocorrelation test results.
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2 xStderror = 0.0316307 p-value = 0.05
Share Code 1stOrder 1Stv(;lr32r > 1St|:gVV|th ]AS(J; Is-?/a\ll\:lj? HO
ACT -0.074 0.00( Reject
ADH -0.114 0.00( Reject
ADR -0.095 0.00( Reject
AEG 0.073 0.00( Reject
AEL -0.131 0.00( Reject
AEN -0.084 0.00( Reject
AFX -0.044 0.00¢ Reject
BRN -0.192 0.00( Reject
CAT -0.204 0.00( Reject
CLH -0.007 0.643 8 -0.043Accept
CSB -0.034 0.014 Reject
GRF 0.05 0.002 Reject
HDC -0.023 0.144 9 -0.034Accept
MRF -0.01( 0.524 10 -0.044 Accept
MTA -0.193 0.00( Reject
MUR 0.054 0.001 Reject
OCT -0.22§ 0.00( Reject
PGR -0.024 0.064 50 -0.034Accept
WBO 0.016 0.306 10 0.033Accept

Table 4.4:FTSE/JSE Africa Small Cap Index constituents Autocorrelationasstts.

p-value =0.05
Indiex Code | 1st Order 1st Order p-| 1stlag with | 1st lag with Ho 2 xstd
value AC AC p-value error
JALSH -0.003 0.867 2 -0.033 Accept 0.034
Top 40 0.007 0.674 3 -0.063 Accept 0.034
MIDCAP 0.095 0.000 Reject 0.043
JSMLC 0.023 0.179 3 0.040 Accept 0.034

Table 4.5:Indices Autocorrelation test results.
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3 Independency:Ljung -Box Test results

daf=1 Chir2 =3,841
Confidence level 95% 99%

Share Code |X-Squared p-value HO HO

AGL 2.543 0.111 Accept Accept
AMS 32.914 0.000 Reject Reject
ANG 0.327 0.568 Accept Accept
APN 4.429 0.035 Reject Accept
BGA 3.801 0.051 Accept Accept
BIL 0.010 0.922 Accept Accept
BVT 19.960 0.000 Reject Reject
CFR 0.184 0.668 Accept Accept
DSY 4.670 0.031 Reject Accept
FSR 0.464 0.496 Accept Accept
GRT 0.028 0.868 Accept Accept
IMP 20.792 0.000 Reject Reject
INL 0.035 0.852 Accept Accept
IPL 1.032 0.310 Accept Accept
ITU 0.721 0.396 Accept Accept
MDC 13.232 0.000 Reject Reject
MRP 9.110 0.003 Reject Reject
MTN 10.025 0.002 Reject Reject
NED 2.204 0.138 Accept Accept
NPN 13.458 0.000 Reject Reject
NTC 8.094 0.004 Reject Reject
OML 4.223 0.040 Reject Accept
RMH 24.371 0.000 Reject Reject
SAB 0.156 0.693 Accept Accept
SBK 0.119 0.730 Accept Accept
SHP 0.811 0.368 Accept Accept
SLM 0.969 0.325 Accept Accept
SNH 0.113 0.736 Accept Accept
SOL 7.184 0.007 Reject Reject
TBS 0.569 0.451 Accept Accept
WHL 2.610 0.106 Accept Accept

Table 4.8:FTSE/JSE Africa Top 40 Index constituents LjtBgx Test results.
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df=1 Chir2 =3,841
Confidence level 95% 99%

Share Code X-Squared p-value HO HO

ACL 25.494 0.000 Reject Reject
AFE 0.101 0.751 Accept Accept
ARI 13.306 0.000 Reject Reject
ASR 1.403 0.236 Accept Accept
AVI 0.404 0.525 Accept Accept
BAT 12.093 0.001 Reject Reject
BAW 10.748 0.001 Reject Reject
CLS 7.942 0.005 Reject Reject
DST 46.249 0.000 Reject Reject
DTC 39.485 0.000 Reject Reject
EOH 6.990 0.008 Reject Reject
FBR 47.714 0.000 Reject Reject
GFI 2.076 0.150 Accept Accept
GND 2.379 0.123 Accept Accept
HAR 7.093 0.008 Reject Reject
HYP 1.364 0.243 Accept Accept
ILV 6.840 0.009 Reject Reject
ITE 40.994 0.000 Reject Reject
KAP 54.400 0.000 Reject Reject
LBH 14.489 0.000 Reject Reject
LON 109.840 0.000 Reject Reject
NHM 47.620 0.000 Reject Reject
NPK 9.786 0.002 Reject Reject
OCE 25.293 0.000 Reject Reject
OMN 4.606 0.032 Reject Accept
PIK 2.862 0.091 Accept Accept
PPC 2.147 0.143 Accept Accept
PSG 34.744 0.000 Reject Reject
RCL 26.583 0.000 Reject Reject
RLO 0.013 0.910 Accept Accept
SAC 44.366 0.000 Reject Reject
SAP 17.319 0.000 Reject Reject
SNT 13.666 0.000 Reject Reject
SPG 0.364 0.546 Accept Accept
SUI 27.471 0.000 Reject Reject
TFG 13.144 0.000 Reject Reject
TON 0.330 0.566 Accept Accept
TRE 7.067 0.008 Reject Reject
TRU 1.731 0.188 Accept Accept
TSH 33.744 0.000 Reject Reject

Table 4.9:FTSE/JSE Africa Mid Cap Index constituents LjeBgx Test results.
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df=1 Chi”*2 =3,841
Confidence level 95% 99%

Share Code X-Squared p-value HO HO

ACT 21.037 0.000 Reject Reject
ADH 56.207 0.000 Reject Reject
ADR 35.989 0.000 Reject Reject
AEG 21.227 0.000 Reject Reject
AEL 68.980 0.000 Reject Reject
AEN 31.553 0.000 Reject Reject
AFX 7.540 0.006 Reject Reject
BRN 147.540 0.000 Reject Reject
CAT 173.810 0.000 Reject Reject
CLH 0.215 0.643 Accept Accept
CSB 6.210 0.013 Reject Accept
GRF 9.987 0.002 Reject Reject
HDC 2.091 0.148 Accept Accept
MRF 0.406 0.524 Accept Accept
MTA 148.790 0.000 Reject Reject
MUR 11.768 0.001 Reject Reject
OCT 207.230 0.000 Reject Reject
PGR 3.418 0.064 Accept Accept
WBO 1.048 0.306 Accept Accept

Table 4.10:FTSE/JSE Africa Small Cap Index constituents LpBax Test results.

af=1 Chin2 = 3,841
Confidence level 95% 99%
Index Code X-Squared p-value HO HO
Top 40 0.177 0.674 Accept Accept
JALSH 0.028 0.867 Accept Accept
MIDCAP 19.381 0.000 Reject Reject
JSMLC 1.809 0.179 Accept Accept

Table 4.11:Indices LjungBox Test results.
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4 Normality: Jarque-Bera Test results

Critical Value = 5.991 9.21
Confidence Level = 95% 99%
Share Code |Skewness |Kurtosis Jarque.:-B.era HO HO
Statistic

AGL 0.131 3.363 33 Reject Reject
AMS 0.032 2.447 52 Reject Reject
ANG 0.409 3.227 120 Reject Reject
APN 0.736 8.207 4877 Reject Reject
BGA 0.046 4.513 383 Reject Reject
BIL 0.426 4.351 425 Reject Reject
BVT 0.082 3.456 39 Reject Reject
CFR 1.220 20.087 49630 Reject Reject
DSY 0.251 5.464 1053 Reject Reject
FSR 0.111 3.164 13 Reject Reject
GRT 0.354 10.211 8745 Reject Reject
IMP 0.072 2.186 114 Reject Reject
INL 0.199 3.843 145 Reject Reject
IPL 0.102 2.540 42 Reject Reject
ITU -0.203 4.529 417 Reject Reject
MDC 0.263 3.038 46 Reject Reject
MRP -0.987 17.077 33662 Reject Reject
MTN 0.427 5.082 844 Reject Reject
NED 0.193 2.712 39 Reject Reject
NPN 0.066 3.953 154 Reject Reject
NTC 0.347 2.899 82 Reject Reject
OML 0.144 6.017 1530 Reject Reject
RMH 0.244 2.630 62 Reject Reject
SAB 0.594 6.246 1990 Reject Reject
SBK 0.203 2.858 31 Reject Reject
SNH 0.301 5.069 773 Reject Reject
SHP 0.134 2.297 94 Reject Reject
SLM 0.196 2.721 39 Reject Reject
SOL 0.196 2.538 61 Reject Reject
TBS 0.161 2.281 103 Reject Reject
WHL 0.208 2.319 106 Reject Reject

Table 5.4:FTSE/JSE Africa Top 4ihdex constituentdarqueBera Test results
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Critical Value = 5.991 9.21
Confidence Level = 95% 99%
Jarque-
Share Code|Skewness |Kurtosis Bera HO HO
Statistic

ACL 0.850 20.522 51627 Reject Reject
AFE 0.478 5.131 909 Reject Reject
ARI -0.028 4.068 191 Reject Reject
ASR 1.151 14.185 21722 Reject Reject
AVI 1.194 33.303 153922 Reject Reject
BAT 0.285 7.573 3538 Reject Reject
BAW -0.018 3.057 1 Accept Accept
CLS 0.027 2.731 13 Reject Reject
DST 0.249 13.396 18046 Reject Reject
DTC -0.650 15.663 26992 Reject Reject
EOH 1.016 11.171 11810 Reject Reject
FBR 1.683 33.066 152471 Reject Reject
GFl 0.471 4.009 317 Reject Reject
GND 0.640 7.973 4392 Reject Reject
HAR 0.379 3.486 135 Reject Reject
HYP -0.061 10.984 10622 Reject Reject
ILV 0.165 3.179 23 Reject Reject
ITE 1.526 34.827 170293 Reject Reject
KAP 1.407 33.891 160287 Reject Reject
LBH 1.194 21.538 58198 Reject Reject
LON 4.372 113.564 2049102 Reject Reject
NHM -0.113 10.072 8340 Reject Reject
NPK -0.214 3.673 106 Reject Reject
OCE 0.334 7.919 4106 Reject Reject
OMN 1.921 37.393 199505 Reject Reject
PIK 0.407 4.156 333 Reject Reject
PPC 0.168 3.348 39 Reject Reject
PSG -0.320 51.119 385779 Reject Reject
RCL 1.720 23.768 73821 Reject Reject
RLO 0.257 3.017 44 Reject Reject
SAC 0.021 5.727 1239 Reject Reject
SAP 0.230 6.620 2218 Reject Reject
SNT 0.198 6.343 1888 Reject Reject
SPG -0.228 14.202 20936 Reject Reject
SuUl 0.090 4.008 175 Reject Reject
TFG -0.228 4.220 283 Reject Reject
TON -0.070 4.607 434 Reject Reject
TRE 0.143 14.478 21959 Reject Reject
TRU 0.164 2.439 70 Reject Reject
TSH 0.582 8.290 4888 Reject Reject

Table 5.5:FTSE/JSE Africa Mid Cajndex constituentdarqueBera Test results
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Critical Value = 5.991 9.21
Confidence Lewel = 95% 99%
Jarque-
Share Code|Skewness [Kurtosis Bera HO HO
Statistic

ACT 4.464 76.377 910197 Reject Reject
ADH 1.224 14.451 22840 Reject Reject
ADR 0.636 32.199 142296 Reject Reject
AEG -0.043 4393 324 Reject Reject
AEL 0.477 10.811 10315 Reject Reject
AEN 0.231 6.629 2229 Reject Reject
AFX -0.063 3.983 164 Reject Reject
BRN 7.255 210.110 7180607 Reject Reject
CAT 0.929 19.151 44030 Reject Reject
CLH 0.112 9.558 7172 Reject Reject
CSB 1.055 31.089 132171 Reject Reject
GRF 0.449 22.232 61749 Reject Reject
HDC 1.063 13.327 18517 Reject Reject
MRF 0.365 3.929 232 Reject Reject
MTA 4.230 136.678 2988752 Reject Reject
MUR 0.110 2.935 9 Reject Accept
OCT 4.743 177.046 5061158 Reject Reject
PGR 0.415 6.094 1710 Reject Reject
WBO 0.288 3.667 129 Reject Reject

Table 5.6. FTSHJSE Africa SmalCaplndex constituentdarqueBera Test results

Critical Value = 5.991 9.21
Confidence Level = 95% 99%
. Jarque-Bera
Share Code |Skewness |Kurtosis L. HO HO
Statistic

Top 40 0.014 3.294 12 Reject Reject
JALSH 0.692 17.295 29188 Reject Reject
MIDCAP -0.212 5.255 470 Reject Reject
JSMLC -45.278 2446.235 | 871982062 Reject Reject

Table 5.7:Indices Jarquéera Test results.
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5 Normality: Shapiro-Wilk Test results

Confidence Lewel = 95% 99%

Share Code|W statistic |p-value HO HO

AGL 0.967 2.2E-16 Reject Reject
AMS 0.977 2.2E-16 Reject Reject
ANG 0.966 2.2E-16 Reject Reject
APN 0.945 2.2E-16 Reject Reject
BGA 0.961 2.2E-16 Reject Reject
BIL 0.961 2.2E-16 Reject Reject
BVT 0.968 2.2E-16 Reject Reject
CFR 0.936 2.2E-16 Reject Reject
DSY 0.941 2.2E-16 Reject Reject
FSR 0.974 2.2E-16 Reject Reject
GRT 0.869 2.2E-16 Reject Reject
IMP 0.982 2.2E-16 Reject Reject
INL 0.959 2.2E-16 Reject Reject
IPL 0.976 2.2E-16 Reject Reject
ITU 0.952 2.2E-16 Reject Reject
MDC 0.959 2.2E-16 Reject Reject
MRP 0.917 2.2E-16 Reject Reject
MTN 0.957 2.2E-16 Reject Reject
NED 0.974 2.2E-16 Reject Reject
NPN 0.959 2.2E-16 Reject Reject
NTC 0.967 2.2E-16 Reject Reject
OML 0.934 2.2E-16 Reject Reject
RMH 0.974 2.2E-16 Reject Reject
SAB 0.958 2.2E-16 Reject Reject
SBK 0.973 2.2E-16 Reject Reject
SHP 0.976 2.2E-16 Reject Reject
SLM 0.974 2.2E-16 Reject Reject
SNH 0.958 2.2E-16 Reject Reject
SOL 0.974 2.2E-16 Reject Reject
TBS 0.974 2.2E-16 Reject Reject
WHL 0.977 2.2E-16 Reject Reject

Table 5.8:FTSE/JSE Africa Top 40 Index constituents Shap¥itk Test results.
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Confidence Level = 95% 99%

Share Code |W statistic |p-value HO HO

ACL 0.884 2.2E-16 Reject Reject
AFE 0.933 2.2E-16 Reject Reject
ARI 0.949 2.2E-16 Reject Reject
ASR 0.774 2.2E-16 Reject Reject
AVI 0.896 2.2E-16 Reject Reject
BAT 0.926 2.2E-16 Reject Reject
BAW 0.968 2.2E-16 Reject Reject
CLS 0.969 2.2E-16 Reject Reject
DST 0.818 2.2E-16 Reject Reject
DTC 0.860 2.2E-16 Reject Reject
EOH 0.803 2.2E-16 Reject Reject
FBR 0.743 2.2E-16 Reject Reject
GFI 0.959 2.2E-16 Reject Reject
GND 0.886 2.2E-16 Reject Reject
HAR 0.964 2.2E-16 Reject Reject
HYP 0.833 2.2E-16 Reject Reject
ILV 0.961 2.2E-16 Reject Reject
ITE 0.612 2.2E-16 Reject Reject
KAP 0.595 2.2E-16 Reject Reject
LBH 0.896 2.2E-16 Reject Reject
LON 0.704 2.2E-16 Reject Reject
NHM 0.930 2.2E-16 Reject Reject
NPK 0.962 2.2E-16 Reject Reject
OCE 0.859 2.2E-16 Reject Reject
OMN 0.810 2.2E-16 Reject Reject
PIK 0.959 2.2E-16 Reject Reject
PPC 0.956 2.2E-16 Reject Reject
PSG 0.829 2.2E-16 Reject Reject
RCL 0.846 2.2E-16 Reject Reject
RLO 0.961 2.2E-16 Reject Reject
SAC 0.926 2.2E-16 Reject Reject
SAP 0.940 2.2E-16 Reject Reject
SNT 0.914 2.2E-16 Reject Reject
SPG 0.870 2.2E-16 Reject Reject
SUI 0.940 2.2E-16 Reject Reject
TFG 0.971 2.2E-16 Reject Reject
TON 0.948 2.2E-16 Reject Reject
TRE 0.809 2.2E-16 Reject Reject
TRU 0.975 2.2E-16 Reject Reject
TSH 0.879 2.2E-16 Reject Reject

Table 5.9:FTSE/JSE Africa Mid Cap Index constituents Shapfifitk Test results.
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Confidence Lewel = 95% 99%

Share Code|W statistic |p-value HO HO

ACT 0.531 2.2E-16 Reject Reject
ADH 0.812 2.2E-16 Reject Reject
ADR 0.805 2.2E-16 Reject Reject
AEG 0.953 2.2E-16 Reject Reject
AEL 0.866 2.2E-16 Reject Reject
AEN 0.893 2.2E-16 Reject Reject
AFX 0.947 2.2E-16 Reject Reject
BRN 0.502 2.2E-16 Reject Reject
CAT 0.787 2.2E-16 Reject Reject
CLH 0.888 2.2E-16 Reject Reject
CSB 0.793 2.2E-16 Reject Reject
GRF 0.880 2.2E-16 Reject Reject
HDC 0.834 2.2E-16 Reject Reject
MRF 0.949 2.2E-16 Reject Reject
MTA 0.559 2.2E-16 Reject Reject
MUR 0.963 2.2E-16 Reject Reject
OoCT 0.624 2.2E-16 Reject Reject
PGR 0.920 2.2E-16 Reject Reject
WBO 0.943 2.2E-16 Reject Reject

Table 5.10:FTSE/JSE Africa Small Cap Index constituents Shayiri Testresults.

Confidence Level = 95% 99%
Index Code |W statistic |p-value HO HO
Top 40 0.965 2.2E-16 Reject Reject
JALSH 0.919 2.2E-16 Reject Reject
MIDCAP 0.948 2.2E-16 Reject Reject
JSMLC 0.190 2.2E-16 Reject Reject

Table 5.11:Indices ShapiraVilk Test results.
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6 Structural Breaks results
Sector Share Code|First break |Second breald Third break |Fourth break |Fifth break
AGL 14/07/2003] 11/04/2007 | 03/09/2009] 20/05/2013
) q}% AMS 28/05/2007] 19/10/2009 | 25/03/2013
@rz@\ ANG 08/10/2003] 16/07/2007 | 07/12/2009 29/05/2013
& &‘\0 BIL 19/12/2002f 20/03/2007 | 17/08/2009
IMP 14/07/2003] 02/04/2007| 28/08/2009] 12/02/2013
SOL 12/06/2003] 24/04/2007| 16/09/2009
BGA 08/01/2003] 22/05/2007 | 14/10/2009
DSY 11/05/2007] 02/10/2009 | 20/02/2013
FSR 14/11/2002| 19/12/2006 | 25/05/2009
GRT 07/06/2002] 20/01/2006 | 20/05/2009| 26/07/2012
R INL 24/07/2003] 20/06/2007 | 11/11/2009
Q\Q@c’\ ITU 06/08/2007] 04/01/2010
NED 22/04/2004] 22/05/2007 | 14/10/2009
OML 13/10/2003] 08/06/2007| 30/10/2009
RMH 14/11/2002] 11/07/2005| 18/01/2009 14/06/2010
SBK 20/12/2002] 19/06/2007 | 10/11/2009
SLM 06/05/2003] 31/01/2006 | 18/05/2009 13/05/2013
6"6\&‘ e BVT 30/09/2002] 07/02/2007 | 16/07/2009
S IPL 29/10/2002] 11/05/2006 | 02/12/2009
ooé CFR 17/07/2003] 11/12/2007| 10/06/2010] 26/06/2013
Q}O SAB 09/06/2003] 12/03/2007| 17/08/2009
(\606\ SNH 30/05/2007] 21/10/2009
< TBS 04/09/2002] 05/10/2005 | 02/06/2009| 18/01/2013
@e}. o“”e NPN 30/05/2002] 11/08/2005| 30/07/2009 06/05/2013
0(9)6@6\ SHP 20/12/2002] 30/04/2007 | 25/09/2009] 14/08/2012
WHL 27/09/2002] 03/05/2006 | 05/05/2009
dge’ APN 30/05/2002] 18/11/2004| 30/11/2007| 15/06/2010| 11/02/2013
0\'@ MDC 04/12/2007|] 13/07/2010 | 09/05/2013
<® NTC 06/09/2002] 17/05/2007| 14/05/2013] 30/10/2009
Telecommy
nications |MTN 29/08/2002] 09/01/2007 | 04/06/2009
Table 6.5:

FTSE/JSE Africa Top 40 Index constituents structural breaks based on 04 January

2000 to 31 December 2015 absolute returns.
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Fourth breall Fifth break

Sector Share Code |First break |Secondbreak | Third break
BAW 30/05/2002 26/10/2004] 17/05/2007] 08/10/2009
GND 11/12/2007 20/05/2010f 19/02/2013
KAP 31/05/2004
.&{b\% NPK 20/06/2002] 02/01/2007 28/09/2009] 27/05/2013
Q&}% PPC 20/06/2002 10/01/2006] 12/11/2009 | 24/04/2013
RLO 31/05/2002 27/06/2007] 18/11/2009] 25/07/2012
SPG 18/11/2002 03/03/2008] 03/09/2010
TRE 18/11/2002 19/06/2007
ACL 23/08/2002 29/06/2005] 18/01/2008] 23/07/2010] 01/08/2013
AFE 03/06/2002 26/11/2007] 08/07/2010] 02/01/2013
ARI 29/11/2006 15/07/2009] 28/03/2013
» [ASR 05/01/2005) 18/02/2013
@6& GFI 31/03/2003 13/09/2005]  16/07/2009] 28/03/2013
Q&@@, HAR 30/01/2003 15/05/2007]  06/10/2009] 02/04/2013
LON 03/06/2003 23/01/2006] 24/06/2008
NHM 06/06/2002] 03/01/2008 14/06/2010f 02/04/2013
OMN 31/07/2008| 14/03/2011
SAP 30/06/2003 07/06/2007] 29/10/2009] 28/05/2013
AVI 02/09/2002 10/02/2005] 30/07/2007| 22/12/2009] 28/06/2012
3| DST 03/04/2009 10/11/2011
,\600 ILV 31/05/2002 29/03/2007| 25/08/2009] 10/07/2013
@5‘& OCE 11/05/2007 03/06/2013
CPQ RCL 30/07/2002) 24/03/2009
TON 30/05/2002 23/12/2009]) 26/03/2013
CLS 31/05/2002] 20/02/2006 03/12/2009
FBR 08/12/2003| 04/10/2011
A ITE 25/10/2007 14/05/2010
%@c\\o PIK 30/05/2002 27/02/2006] 01/07/2009 27/05/2013
&2} SUIL 02/09/2002] 21/05/2007 14/10/2009 30/01/2013
L
TFG 12/08/2002 10/01/2005] 24/08/2009] 18/06/2012
TRU 07/08/2003 11/05/2006] 09/10/2009] 10/05/2013
TSH 02/02/2004 15/01/2008] 26/10/2011
BAT 09/01/2008 17/06/2010f 16/05/2013
HYP 30/08/2004 01/06/2009] 11/04/2013
@‘b\% LBH 16/07/2003 11/12/2007] 18/06/2010] 14/03/2013
Qx&Q PSG 18/10/2006 18/12/2009] 17/05/2013
SAC 02/10/2002 26/07/2005) 07/07/2009] 25/10/2012
SNT 18/09/2002 31/07/2007] 04/01/2010
Technology |DTC 02/06/2003 11/01/2008] 26/07/2010
Table 6.6:

FTSE/JSE Africa Mid Cap Index constituents structural breaks based on 04 January

2000 to 31 December 2015 absolute returns.
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Sector Share Code|First break |Second breal] Third break |Fourth break | Fifth break
Health Care ACT 27/02/2004 11/01/2010| 15/08/2012
ADR 16/09/2002 15/01/2007 | 07/10/2011
AEG 23/07/2007 14/12/2009| 03/06/2013
AEL 09/03/2009 03/09/2009 | 23/05/2013
é@g AEN 01/08/2007] 24/12/2009 | 14/03/2013
\&o GRF 29/08/2002 02/06/2006 | 21/09/2009 13/08/2012
HDC 22/03/2005
MUR 11/06/200 28/06/2007 | 07/04/201q 12/06/2013
WBO 30/05/2002 21/02/2007 | 13/09/2010
& o ADH 06/04/2004] 07/04/2009 | 06/11/2012
e\’@ é\c?’ CAT 28/07/2003 06/08/2007 | 19/03/2010
e CLH 24/12/2007
CSB 26/02/2003 17/04/2009 | 08/05/2013
&\0 &ﬂ\ e AFX 05/08/2002 25/04/2005 | 10/01/2004 02/07/2010| 23/04/2011
A\ MRF 31/05/20024 16/01/2008| 10/06/2010] 31/12/2012
@9 BRN 30/05/2002
¢ \(@00 OCT 19/12/2008 04/08/2011
PGR 03/06/200 31/07/2009
Consumer GoodgMTA 16/02/2007

Table 6.7:FTSE/JSE Africa Small Cap Index constituents structural breaks based on 04 January

2000 to 31 December 2015 absolute returns.
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Appendix II: Probability Theory

Definition 1. (Fries, 2007)Probability Spaceg!Algebra):

Let! denote a set arid denote a family of subsets @f ! is a! -algebra if
1.1 F
2.0 0 nmrrornnra

3Lt UR FIFE.

The pair [ I'! ) is a measurable space. A functldiF — [0, o) is a probability measure if
1. P(®) = 0,P(Q) = 1!
2. gt mutually disjoint (el !t EL T ) we have

The triple { ! F,!) is a called probability space, however, if
1. P(')! 10 only.
2. Same as pair.
I is called measure and!(! !!) is called measure space.
I -maybe interpreted as the set of elementary events, only one event may occur.
I -algebra may be interpreted as a set of properties.

Definition 2. (Fries, 2007) Ihdependence, Conditional Probability)
Let!! 11 11 lldenote a probability space and Al B !
1. We say that A and B are independent if
P! nt) ! 11A)! (B).
2. For!!t1'1 1 we define the conditional probability bfunder the hypothesB as
11A|B) =24

Definition 3. (Fries, 2007)Filtration)

Let!! !l I'denote a measurable space. A family edlgebraq! ||t ! ! }llwhere
Loyt forQ 111 is called afiltration oh! ! 1.
{r |t 1} 1, is the information known at time

Definition 4. (Fries, 2007Martingales)

The stochastic process @)!! It 1 11 I }is called a martingale w.r.t the filtratiofl }and
measureé if

vt -almost surely (as )t !t ol
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if 1, 1 i, 1 the stochastic process is called a submartingale.

if Iy 1w, 1 the stochastic process is called a smagtingale.

Theorem 1 (Rice, 2007)CentralLimit Theorem)

Let!, !, ,E !, be atime series of independent random variables with iiaad variance ' .

Let each!, have thecdf ! (!, ! 1)! W Il and the moment generating functibn(!) !
P,

N IREEE

Then"#,, | !(T)! W forl bt L
Proof: If! 1 |
Let!, ! I, L E !'l, I 1, then we have

M, l(%n !)! !(!LW!! !).

T
Since!, is a sum of independent random variables

ENOIRINGILS

Let!, !

Proposition: Ift is a random variable withngf! , and! ! ' ! 1" then! , (1) ! "1  1"1,
Therefore! |, (1) ! [! (#_)]

M, HS% (#_)l 'I—
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Appendix Ill: Statistical Moments and Tests Derivation

1. Statistical moments

Let!"" be thel moment of a time seried!{ }

NN !f!!!(!)!"!

I (1) is the probability density function df,

NN r)!!!f(!! S IE(BIEN

L, r)!!!f(!! NI

L, r)!!!f(!! NI

I" is the mean off

2. Log-normal returns

Log-normal returns of a risky asset with méaand variance ' lare given by:

NUDN. TEAESENY
g (1) et
3. Difference-stationarity

LetOs assume a Random Walk process:

where
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L 1t js white noise

ifrr o rand, ! !ithen!, ! 11, I 1, (Pure Random Walk)

!.(! !!j! ()

Var(! 1)1 1"# 1(0)!

Therefore Rndom Walk without a drift is differenestationary since its mean and variance are
constant (timenvariant)

ifr vt tiand!, vt then!, vt EL, 1 T (Random Walk with a drift)
Phy=1t 111

YADINEEED]
NEOINE]

L) I )]
Lo (D ()]

Therefore Radom Walk with a drift is differenestationary since its mean and variance are
constant (timenvariant)

ifr v, tignd!, ! ! then!, ! I T T (Random Walk with a deterministic trend)
T I AN

AR IN NN ERINEED]
L, ) T, D)l
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LI, ) b

L, )

L)L I, T )
Lo, ) QD I, D (1))
Lo, )t

ThereforeRandom Walk with a deterministic trend is differemmme-stationary since its mean
and variance are time varying

ifrr o, rrgnd, !t then! Ly rr o, L (Random Walk with a drift and

deterministic trend)

NAD IR ENINENINY
L) Q)

OB INE R (ERINERIN]
Lo (LD (LD ()]

ThereforeRandom Walk with a drift and deterministic trend is differenog-stationary since
its mean and variance are time varying

4. Stationarity Test Derivation

Definition 4.1. (Fries, 2007) A process! {} is called stationary if for every n, thgrocess
{!,/!,, hasthe same distribution ds {j, ,, that is

{0 B) n y=P{(t, 0y BE)N Y
where
I is the probability measure.

I is the Borel ! algebra.
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Definition 4.2. (Fries, 2007) A stationary process is ergoti@very invariant event has

F'(")=0or1.
where

An event A is called invariant.
Theorem 4.1. (Fries, 2007)

If 1,11, E, is a stationary and ergodic process antl, | ! I , then

:—Zz!!!!! RIENIRIN

Phillips-Perron Test

Assume the regression model

I A N R TN O Ly DI (i),
H, (! )! againstcovariancestationary process
Lomeon

Phillips-Perron test estimates

[ A N T R TR (1)
Under the assumption

P I Y TR 1111 TR IR !

OLS formulae are used to compliteandthe standard error of regressidis

LetOs consider tweastsquares regression equations

LoLArraen,,

1 !r(!! i—!)! Fly,toh

where

(rrhtland(MEIT)lare conventionaleast squares regression coefficients.
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Regression to statistics is given by:

V2! r!!)!l

r

\[Z(!n! L)
X
!

el (e .

Il (r )

where
I"land! lare the standard errors of regressions (I1) and (111

I, is the " diagonal element of the matrik'( !' ' where X is the T x 3 matrix

I !Z!!!!_

So under equation (II)

Thusas T !

!!!—!Z!”! !f! nnn
!”2!!”! !!f! '
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5. Independence Tests Derivation
Dickey-Fuller Test

Consider the following regression models for financial time séries

Hypothesis test
Lyl oot

D Yool

T

Ljung -Box Test

Box and Ljung (1978)

Consider a stationary autoregressmeving average model
PO,

where

I, 1is a discrete time series generated by a stationary autoregressiirey average
model.
L@yr e et

YOIN RN

{1, Ylis white noise,

LD e e ym
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The autocorrelation of white noisk X

Zi!!!!'

For residualg, ! 1,

Therefore Ljung) Box(! ) test statistic is given by

YOIRIEED %l
where
o !Zi!!‘!!!!!!!!.
: i N
N
{3 z!(!!!)! l|:—|<l ! %)I
! < o M
{1 (1)} ! !!!z!"# ) !!!Z REEIL
where

For fixed! !!"# 11,1, I is nonzero
6. Normality Test Derivation
Shapiro-Wilk (W) Test
Shapiro and Wilk (1965)
Let! 't 11,1 1, 1denote the vector of the expected values of standard normal order statistics
Let! I 111 a ! I'll Covariance matrixhen
NODIRIENCE I
g (1) T (T T

For!, ! !, L 1 1,
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Let

1Yt 1, 11,1 denote a vector of ordered random observations, assunié,thate a normal
sample

A (NI NI

Pttt it
P ot
ettty ettt ettt

R TR TRRY
ro !
T

FhPhr 11 for symmetric distributions

Thereforell | 1=31,, 1, Fandr! !

EELERRE
Il ltest statistic for normality is defined by

N AR L l!!Zi!!!!!!!!
S R L L S IR LR L

where
I''lis the sample variance
TR
TRy

[ty 11, ]! =
7. Structural Breaks Test Derivation
Bai-Perron Test
Assume a simple AR(1) with mean and variance breaks
Lol r gt

NERRINDY

NN L!!
' rr
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1!
L —
oo !

The full structural breaks model is given by:

Lorrn ey e o

The partial structural model is given by:
e e ey e

where !, is the break datd he partial structural break model has been used for the pwpose
this paper.

The sum of squared error (SSE) is given by

ey e

NI f—z{!!!! Ny
(Ty0r) 1 1H$0%e&! 1L I 1
LO1"HE%&, "¢ 1, 1

L 1H$%&, 1 (1, )

where
ORI R TR YA S T
1 are the OLS residuals from
I N N R T Y RT S IE (R TI NICATIY

and!, is fixed

S B0 |.gp-!n.!
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Distribution of break date estimat®@ai (1997)

W(!‘!! L) HSI% !!l! (1)! !—l!

where

W(S) is a doublesided Brownian motian
N (RTR)]

IR

The distribution of ! for x " 0 is

NOINE !\ﬁ;!"# (! :‘)! !#! (! i)' ¥' (! i)

and

NOIR ERED]

o et then

P! !!!!!!!!!and
oy
!.—!(”! Lo
Break date confidence interval Theorem

I I!!L! then

e he !
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c is the critical value of.!

~ |

I ,'—!Zi!!!!!!!-

~ ! ! ny

RN RIS ¥ IR DX IR RTRTES N RN RN TRY IS P v
|

mil—
1

Confidence interval ¢

80% 4.7

90% 7.7

95% 11
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Appendix IV: Structural Breaks Dates vs. Company News

Dates highlighted in red are not the exact dates of the structural bhegkare a few days

before o after the break date. There are also instances where | didnOt highlight the date in red
even though it doesnOt match the break @higis where there is a two business days
difference.

Section A: Allows heterogeneity and autocorrelation in the residuals
Top 40 Stocks

APN

31/05/2@2 b Appointment of a nomexecutive.

B8R sale of shares by a director (dealing in securities).

BEBBIBEE:D Announcement of a potential acquisition.

IMP
02/04/200DDealing in securities by a director.
28/08/200Drelease of financial statements (27/08/2009).

12/02/201PTrading statement on financial statements release.

SBK

10/11/2009PDisclosureof Basel Il capital adequacy.

NED
21/05/200MDDealing in securities by directors (options exercise).

14/10/200DAnnouncement of acquisition (15/10/2009).

FSR

13/11/2002DCompanyOs subsidiary expansion plans.
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19/12/200Dealing in securities by director (purchase).

22/05/2009Reserve bank announces plans to probe banksO lending rates.

DSY
11/05/200Dealing in securities by BEE partner.

20/02/2013P Unaudited interim results announcement and cash dividend declarations for the six
months ende 31 December 2012 (21/02/2013).

BGA
08/01/2003®Takeover announcement.
23/05/200®Purchases 10% of OBO Shares of an investment company.

BBIBBIZBE D A private equity consortium led by Absa Capital buys a stake in another company.

SLM
31/01/2006DSLM sells stake in its fund to BEE fund.
BBIBMZEE-D Credit ratings agency changes company outlook to negative.

17/05/2013B Concludes acquisition of another company.

INL

24/07/200B Offers to buy assets in another company.
20/06/200MDDisclosure ordealing in securities.
11/11/2009DDisclosure on dealing in securities.

GRT

10/01/200Resignation of a director.

18/05/2009Buys control of international company.
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ITU

06/08/200Buysits own shares.

OML
14/10/200B Appointment of a CEO to a subdmry (Nedcor).
06/08/200Announcement regarding an investment project.

30/10/2009DTimetable for proposed acquisition of another company (Mutual & Federal).

AGL
14/07/1003BNews about expected demand in chrome and a rise in prices.
11/04/200 Announcement about transaction in own shares (buyback).

03/09/2009DDealing in securities by persons with interest in securities representing 1% or
more.

20/05/2013BAnnouncement of an investment project.

AMS
28/05/200M Company declines to increase pay Wworkers.

EBABIBEED Another company (Xstrata) dropped its bid for a nil premium merger. Formal bid
was expected on 20/10/2009.

BZIOSIBEE ildcat strikes.

SOL

12/06/200B Refutes claims made in parliament that one of its refineries recasidsidy
from government.
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BBAB8E © ~Announcement about the development of technology to boost output.

14/09/200P Release of financial results.

ANG
07/10/2003B Potential bid by another company to ANGOs Ghana subsidiary.
12/07/2009D Cuts noressentialvorkforce in Guinea operations.

29/05/2013®Potential job cuts announcement.

BIL
19/12/2002DDealing in securities.

20/03/2007 Credit agency affirms companyOs outlook as stable.

IPL
22/10/2002DAnnouncement of offer price for oddt.
12/05/200Changes in executive management.

01/12/2009DUpdate in trading environment.
BVT

05/09/200BDBuys another company.

CFR

BRIBBIZED A cquires shares in another company.

26/06/201®PInternational bank recommends stock as a-k@mg portfolio investment.
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SNH
29/05/200Merger discussion termination.

21/10/2009DDealings in securities by a director (sale).

TBS
03/09/2009DCircular regarding odtbt offer and amendment to the articles of association.

29/092009 Sanctioning of the scheme (employeeentive plan) arrangement by the High
Court.

28/05/2009Fulfillment of conditions precedent and disposal of another companyOs stake
holdings.

NPN
04/08/2009DNo change statement and notice of annual general meeting.

30/07/2009DNo change statemeahd notice of annual general meeting.

SHP

BEEBIZEED Another company sells its stores to SHP.

BIB8IBBE © Dealing in securities by a director (purchase).
12/08/201DExposZ bthe chairmanOs tax liabilities.

WHL

29/04/2009PDealing in securitiesyba director (sale).

MDC

BEIBBEE > Rights offer finalization announcement.
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07/05/2013BEconomic Development ministry announces that the Competition Commission will
investigate private medicahre industry.

NTC

BBIBBIBBE > Dealing in securities bgirectors (purchase and sale).

AR08 o First-half profits drop.

14/05/201PB Disclosure of acquisition of a beneficial interest in preference shares an asset
manager.

MTN

29/08/200DShare fell on fears that company network in Nigeria would siiffee country
defaults on its foreign debt.

04/06/200PIndian government seeks details about a proposed merger of MTN and Indian
telecommunications company.

Midcap Stocks

GND

05/12/2007 and 13/12/20@Dealing in securities by directors (exercisepfions and sale)
20/05/201M®Results of annual general meeting and retirement of director

BAW

BRIBBIBBE > Dealing in securities by director (Options)
17/05/200MUnbundling of another company shares and dealing in securities by director

(options ad purchase)

BEABIBEEO Change to board of directors

NPK
20/06/200DDeclaration of cumulative of preference shares dividends
28/05/201®PInterim results release
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PPC
BBIBMEEE Share falls on expenditure plan on new equipment
12/11/200BEquity research company downgrade PPC Free Cash Flow Valuation

RLO

19/06/200Dealing in securitie®zero cost collar option trigger
18/11/200PRelease of audited results

25/07/2012DDealing in securities by director (option and sale)

SPG
12/11/2002D Share price falls after reporting fiisalf profit decline
30/03/2008Release of interim financial results

TRE

BOEEE D Change in directorate

ACL

23/08/200DShare jumps on a potential takeover bid by another company
29/06/2009DAnnouncement of steel prices cuts by company

18/01/2008Announcement of steel prices increase by company

23/07/201M®Further cautionary announcement about a proposed BEE ownership transaction
01/08/2013BCompany seeks ireare supply from its owproperty

AFE
28/11/200Share falls on profit decline forecast
08/07/201M®Trading statement, expects HEPS higher than prior year

ARI
BEIE00 CompanyOs joint venture receives mining rights

BBIEAEEE A ppointment of company secretary
22/03/201PDisclosure of beneficial interests in securities

ASR

BB HEPS decline by 47%

GFlI
16/07/2009D Safety improvements at its one of its shafts
28/03/2013BCEO pay jumps as share declimesvs.
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HAR
30/01/200B Sells stake irfCanadian rival, more than three times what it originally paid
14/05/200MA company buying its shafts posts a loss

LON

03/06/200® Notification from an asset manager that it no longer hold notifiable interest in the
company shares

23/01/2008D Notifi cation from a bank that it no longer hehbtifiable interest in the companyOs
ordinary shares

NHM
BEBIEEE> Company resumes convert operations at one of its mines

OMN
31/07/2008Dealing in securities by director (purchase)

DRIDSIR0R > T hre - ABIOYEESIISHIBISKBIONR o one of its Plants

SAP

BEIBBIBEE  Dealing in securities by directors of listed company (sale)
30/10/2009DAnnounces intentions to close pulp mill and restructuring of forestry business in
Swaziland

BAIBBIBEED Credit mtings agency changes rating from positive to stable
29/05/2013BCompany may close more mills in Europe, said the CEO

AVI
27/06/2012D Acceptance of share options by company directors through the executive incentive
scheme

ILV
BEIBBIBEE Profits fall on costs of Mozambique operations watg

BBIBEIBEE © P otential expansion in Zambia

24/08/2009DPosting of rights issue offer circular

OCE

11/05/200®First-half profit climbs 34%

04/06/2013®Voluntary announcement abaattquisition of another company and withdrawal of
cautionary announcement

RCL
BEIBBIBEE > Expects costs to increase if currency continues to weaken
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BlBBEo Changes to the board of directors

TON

BOIBBIBBE > 7imbabwe police arrest strikers threzitey to burn companyOs sugar cane
10/12/2009D Company secretary change

IBIEBBEE-O Raises R117m in accelerated bookbuild offer

CLS
07/12/2009DDealing in securities by executive directors (purchase on open market)

ITE
BAEBIEEE Changes to the baod of directors

PIK

28/05/2002DCompany plans to buyback R134m shares

29/06/2009D Share falls on antitrust probe

24/05/2013BDealing in securities by directors (off market sale and purchases)

Sul

B8IBIBEEO Dealing in securities by director (sale)
29/01/2013®Changes to the board of directors

TFG
19/06/201DDealing in securities by directors (sale)

TRU

BBIEBIBEE> Dealing in securities by directors (sale)
BBIEBIBEEO Dealing in securities by dictors (ptions + sale).

BAT
BBIBBIBEEO Dealing in securities by neexecutive director (purchase)

HYP
BRIBBIBBEO Changes to the board of directors

LBH
14/03/2013BDealing in securities by CEO and company secretary (sale)

104



03/12/200MDealingin securities by company secretary (sale)

PSG

18/10/2006 Dealing in securities by directors (sale + purchase).

16/05/2013B Dealingin securities by a director of a major subsidiary company (sale on market).
07/12/2009DMakes an offer of up to 49% bty another company.

SAC

30/06/2009DDealing in securities by a director (option exercise)
24/10/2012DAmended of exclusivity clauses for SAC transaction by another company,
recommended by the Competition Commission

DTC
IBIBEEE> Company sees sing secondalf to neet full year earnings estimate.
26/07/201®International bank assigns OOverweightO rating ta DTC

Smallcap Stocks

ADR

BE8IBEE > Changes to the board of directors
12/01/200M Sells research surveys to another company

05/10/2011DRelease of voluntary trading statement

AEG

BRIBIZEE © Profits double

03/06/2013BdAnnouncement of the settlement agreenvatit the Competition Commission
regarding antcompetitive practices

AEL

BAIBBIBEE> Cautionary announcement

IBBIBEED Vakes an offer to buy another company

AEN
31/07/200MDealing in securities by CEO and CFO (Options exercised on open market)
BlBIBB0o Dealing in securities by a director (sale on open market)

GRF
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23/08/200DAnnual profits jump 64%
29/08/200BDGovernment expected to increapending on infrastructure.
BEIBBIBEE> Renewal of cautionary trading

BBSIBEE> Company faces antiust investigation
13/08/201DAnnounces plans to expand into west and east Africa

HDC
23/03/2009 Acquires another companyOs businesses

WBO
21/02/200MSA government rejects calls for more funding to build stadiums
10/09/201®International bankecommends stock as a buy from hold.

ADH
BOIBBIBBE D Dealing in securities by a director (sale)

CAT

BBIBBBE © A sks South AfricaOs Competition Tribunal to ban a possible merger with a bigger
company

19/03/201®Dealing in securities by a director (sale)

CLH
21/12/200MAnnouncement about a proposed BEE transaction

CSB

BBIBBIBBE O First-half earnings release

09/05/2013®Third quarter operations update announcement

AFX

BEIBIBEE > Results of capitalization award and right of election to receive cash dividends
21/04/2009DCEO accepts invitation for his contract to be extenfde another year
BEIBEIBEE> Company releases solid fisalf results

BREEEED Changes to the board of directors

BBRZIEEEE D Dealing in securities by directors (sale + purchases, off market)
25/04/2013BChanges to the board of director

MRF

18/01/2008PRelease of trading statement
BEIEBIEEE Announcement about ten furnaces to undergo routine maintenance
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19/12/2012DAnnouncement about price increase in ferrochrome

BRN
BBIBBIBEED Announcement regarding price manipulatiook@ in the companyOs share by the
Financial Services Board

OCT
04/08/2011bDealing in securities by an associate of a director (purchase on open market)

PGR
04/06/200DCautionary announcement and increased shareholding in another company
31/07/2009DDealing in securities by a director of a major subsidiary (sale)

MTA
16/02/200MRevision of salient dates for subdivision of share capital

Section B: Disallows heterogeneity and autocorrelation in the residuals

These are additional breaks whedisallowed heterogeneity and autocorrelation in the
residuals.

Top 40 Stocks

SOL
20/05/2013®Dealing in securities by an associate of a director of a major subsidiary of the
company (sale on open market).

ITU
31/05/2012DAnnouncement about votingghts.

IPL
BBIBBIBEE > Dealing in securities by a director.

MDC
02/02/2004bCautionary announcement about a potential acquisition.

107



Midcap Stocks

KAP
11/12/2009DDealing in securities by a director (sale).

RCL
25/01/201 P Finalizationannouncement regarding an increase in the numlzartbbrized
shares and right.

ITE
25/07/2013d Announcement of the new CEO.

SNT
BEBBIBEIED Dealing in securities by an executive director (sale on open market).

Smallcap Stocks

AEG

BBIBBIBBE > P ans for expansion.

AEN
28/01/2009 Cautionary announcement.

HDC
14/07/2009Dealing in securities by directors and the company secretary.
BOIBBEE > Dealing in securities by directors and the company secretary.

WBO
07/06/2013BBusiness update.

BRN

BBIBBIBEE > Results review.

MTA
14/07/200PDTrading statement release.

Source: Company websites and Bloomberg.
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Appendix V: Sourcecode

RStudio code

Phillips-Perron Test

PP.test(Top.40$AGL)
PP.test(Top.40$AMS)
PP.test(Top.40$ANG)
PP.tesf{op.40$APN)
PP.test(Top.40$BGA)
PP.test(Top.40$BIL)
PP.test(Top.40$BVT)
PP.test(Top.40$CFR)
PP.test(Top.40$DSY)
PP.test(Top.40$FSR)
PP.test(Top.40$GRT)
PP.test(Top.40$IMP)
PP.test(Top.40$INL)
PP.test(Top.40$IPL)
PP.test(Top.403$ITU)
PP.test(Top.40$MDC)
PP.test(Top.40$MRP)
PP.test(Top.40$MTN)
PP.test(Top.40$NED)
PP.test(Top.40$NPN)
PP.test(Top.40$NTC)
PP.test(Top.40$OML)
PP.test(Top.40$RMH)
PP.test(Top.40$SAB)
PP.test(Top.40$SBK)
PP.test(Top.40$SHP)
PP.test(Top.40$SLM)
PP.test(Top.40$SNH)
PP.test(Top.40%3L)
PP.test(Top.40$TBS)
PP.test(Top.40$WHL)
PP.test(Midcap$ACL)
PP.test(Midcap$AFE)
PP.test(Midcap$ARI)
PP.test(Midcap$ASR)
PP.test(Midcap$AVI)
PP.test(Midcap$BAT)
PP.test(Midcap$BAW)
PP.test(Midcap$CLS)
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PP.test(Midcap$DST)
PP.test(Midcap$DTC)
PP.testlidcap$EOH)
PP.test(Midcap$FBR)
PP.test(Midcap$GFI)
PP.test(Midcap$GND)
PP.test(Midcap$HAR)
PP.test(Midcap$HYP)
PP.test(Midcap$ILV)
PP.test(Midcap$ITE)
PP.test(Midcap$KAP)
PP.test(Midcap$LBH)
PP.test(Midcap$LON)
PP.test(Midcap$NHM)
PP.test(Midcap$NPK)
PP.est(Midcap$OCE)
PP.test(Midcap$OMN)
PP.test(Midcap$PIK)
PP.test(Midcap$PPC)
PP.test(Midcap$PSG)
PP.test(Midcap$RCL)
PP.test(Midcap$RLO)
PP.test(Midcap$SAC)
PP.test(Midcap$SAP)
PP.test(Midcap$SNT)
PP.test(Midcap$SPG)
PP.test(Midcap$SUl)
PP.test(Midcap$TFG)
PP.test(Midcap$TON)
PP.test(Midcap$TRE)
PP.test(Midcap$TRU)
PP.test(Midcap$TSH)
PP.test(Smallcap$ACT)
PP.test(Smallcap$ADH)
PP.test(Smallcap$ADR)
PP.test(Smallcap$AEG)
PP.test(Smallcap$AEL)
PP.test(Smallcap$AEN)
PP.test(Smallcap$AFX)
PP.test(Smallcap$BRN)
PP.test(Smallcap$CAT)
PP.test(Smallcap$CLH)
PP.test(Smallcap$CSB)
PP.test(Smallcap$GRF)
PP.test(Smallcap$HDC)
PP.test(Smallcap$MRF)
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PP.test(Smallcap$MTA)
PP.test(Smallcap$MUR)
PP.test(Smallcap$OCT)
PP.test(Smallcap$PGR)
PP.test(Smallcap$WBO)
PP.testhdex$Top40Index)
PP.test(Index$Midcapindex)
PP.test(Index$Smallcapindex)

Ljung -Box Test

Box.test(Top.40$AGL, type ='d(jung-Box"))
Box.test(Top.40$AMS, type ='t(jung-Box"))
Box.test(Top.40$ANG, type ='t(jung-Box"))
Box.test(Top.40$APN, type ='t( ung-Box"))
Box.test(Top.40$BGA, type ="tt(jung-Box"))
Box.test(Top.40$BIL, type = d(jung-Box"))
Box.test(Top.40$BVT, type = t(jung-Box"))
Box.test(Top.40$CFR, type ="tfung-Box"))
Box.test(Top.40$DSY, type ='t(ung-Box"))
Box.test(Top.40$FSR, typec('Ljung-Box"))
Box.test(Top.40$GRT, type ="tjung-Box"))
Box.test(Top.40$IMP, type ="tt(jung-Box"))
Box.test(Top.40$INL, type = €Ljung-Box"))
Box.test(Top.40$IPL, type ="t(jung-Box"))
Box.test(Top.40$ITU, type = ‘d(jung-Box"))
Box.test(Top.408IDC, type = c{Ljung-Box"))
Box.test(Top.40$MRP, type ="tfung-Box"))
Box.test(Top.40$MTN, type = ‘d(jung-Box"))
Box.test(Top.40$NED, type ="tjung-Box"))
Box.test(Top.40$NPN, type ="tjung-Box"))
Box.test(Top.40$NTC, type ='t(ung-Box"))
Box.test(Top.40$OML, type = ‘d(jung-Box"))
Box.test(Top.40$RMH, type ='t(jung-Box"))
Box.test(Top.40$SAB, type ="t(jung-Box"))
Box.test(Top.40$SBK, type ="t(jung-Box"))
Box.test(Top.40$SHP, type ="t{ung-Box"))
Box.test(Top.40$SLM, type ="tt(jung-Box"))
Box.test(Top.40$SNH, type ="tjung-Box"))
Box.test(Top.40$SOL, type ="tjung-Box"))
Box.test(Top.40$TBS, type ="t{ung-Box"))
Box.test(Top.40$WHL, type =d(jung-Box"))
Box.test(Midcap$ACL, type = t(jung-Box"))
Box.test(Midcap$AFE, type &("Ljung-Box™"))
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Box.test(Midcap$ARI, type = t(jung-Box"))
Box.test(Midcap$ASR, type ="tt(jung-Box"))
Box.test(Midcap$AVI, type = €(jung-Box"))
Box.test(Midcap$BAT, type = t(jung-Box"))
Box.test(Midcap$BAW, type = t(jung-Box"))
Box.test(Midcap$CLStype = c(Ljung-Box"))
Box.test(Midcap$DST, type ="t(jung-Box"))
Box.test(Midcap$DTC, type ='d(jung-Box"))
Box.test(Midcap$EOH, type ="t(jung-Box"))
Box.test(Midcap$FBR, type ='t(jung-Box"))
Box.test(Midcap$GFl, type ='d(ung-Box"))
Box.test(Miccap$GND, type = ¢(jung-Box"))
Box.test(Midcap$HAR, type = t(jung-Box"))
Box.test(Midcap$HYP, type ='d(jung-Box"))
Box.test(Midcap$ILV, type = €(jung-Box"))
Box.test(Midcap$ITE, type = t(jung-Box"))
Box.test(Midcap$KAP, type = d(jung-Box"))
Box.test(Midcap$LBH, type = t(jung-Box"))
Box.test(Midcap$LON, type = d(jung-Box"))
Box.test(Midcap$NHM, type = &(jung-Box"))
Box.test(Midcap$NPK, type ='d(jung-Box"))
Box.test(Midcap$OCE, type ="tfung-Box"))
Box.test(Midcap$OMN, type = d(jung-Box"))
Box.test(Midcap$PIK, type = d(jung-Box"))
Box.test(Midcap$PPC, type ="t{ung-Box"))
Box.test(Midcap$PSG, type ="t{ung-Box"))
Box.test(Midcap$RCL, type ='d4(jung-Box"))
Box.test(Midcap$RLO, type ='td(jung-Box"))
Box.test(Midcap$SAC, type &("Ljung-Box"))
Box.test(Midcap$SAP, type ="¢fung-Box"))
Box.test(Midcap$SNT, type ="t(jung-Box™"))
Box.test(Midcap$SPG, type ="t{ung-Box"))
Box.test(Midcap$SUlI, type ='t(jung-Box"))
Box.test(Midcap$TFG, type ="t(jung-Box"))
Box.test(Midcap$TONtype = c(Ljung-Box"))
Box.test(Midcap$TRE, type ="t(jung-Box"))
Box.test(Midcap$TRU, type ='(jung-Box"))
Box.test(Midcap$TSH, type ="t(jung-Box"))
Box.test(Smallcap$ACT, type ="tfung-Box"))
Box.test(Smallcap$ADH, type ="t{jung-Box"))
Box.tes{Smallcap$ADR, type = t{(jung-Box"))
Box.test(Smallcap$AEG, type ="t{ung-Box"))
Box.test(Smallcap$AEL, type ="t{ung-Box"))
Box.test(Smallcap$AEN, type ="tfung-Box"))
Box.test(Smallcap$AFX, type ="¢fung-Box"))
Box.test(Smallcap$BRN, type ="t{ung-Box"))

112



Box.test(Smallcap$CAT, type ="tfung-Box"))
Box.test(Smallcap$CLH, type ="tfung-Box"))
Box.test(Smallcap$CSB, type ='cjfung-Box"))
Box.test(Smallcap$GRF, type ='tjung-Box"))
Box.test(Smallcap$HDC, type ="t{ung-Box"))
Box.test(Smbcap$MRF, type = ¢jung-Box"))
Box.test(Smallcap$MTA, type ="tt(jung-Box"))
Box.test(Smallcap$MUR, type ="t{ung-Box"))
Box.test(Smallcap$OCT, type ="tjung-Box"))
Box.test(Smallcap$PGR, type ='ljung-Box"))
Box.test(Smallcap$WBO, type ="t{ung-Box"))
Box.test(Index$Top40Index, type ='tjung-Box"))
Box.test(Index$Midcaplndex, type ="tjung-Box"))
Box.test(Index$Smallcapindex, type =lg(ng-Box"))

Shapiro-Wilk Test

shapiro.test(Top.40$AGL)
shapiro.test(Top.40$AMS)
shapiro.test(Top.40$ANG)
shapiro.test(Top.40$APN)
shapiro.test(Top.40$BGA)
shapiro.test(Top.40$BIL)
shapiro.test(Top.40$BVT)
shapiro.test(Top.40$CFR)
shapiro.test(Top.40$DSY)
shapiro.test(Top.40$FSR)
shapiro.test(Top.40$GRT)
shapiro.test(Top.40$IMP)
shapiro.test(Top.40$INL)
shapiro.test(Top.40$IPL)
shapiro.test(Top.40$ITU)
shapiro.test(Top.40$MDC)
shapiro.test(Top.40$MRP)
shapiro.test(Top.40$MTN)
shapiro.test(Top.40$NED)
shapiro.test(Top.40$NPN)
shapiro.test(Top.40$NTC)
shapiro.test(Top.40$OML)
shapiro.test(Top.40$RMH)
shapio.test(Top.40$SAB)
shapiro.test(Top.40$SBK)
shapiro.test(Top.40$SHP)
shapiro.test(Top.40$SLM)
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shapiro.test(Top.40$SNH)
shapiro.test(Top.40$SOL)
shapiro.test(Top.40$TBS)
shapiro.test(Top.40$WHL)
shapiro.test(Midcap$ACL)
shapiro.test(Midcap$AFE)
shapiro.tegMidcap$ARI)
shapiro.test(Midcap$ASR)
shapiro.test(Midcap$AVI)
shapiro.test(Midcap$BAT)
shapiro.test(Midcap$BAW)
shapiro.test(Midcap$CLS)
shapiro.test(Midcap$DST)
shapiro.test(Midcap$DTC)
shapiro.test(Midcap$EOH)
shapiro.test(Midcap$FBR)
shapiro.tegMidcap$GFl)
shapiro.test(Midcap$GND)
shapiro.test(Midcap$HAR)
shapiro.test(Midcap$HYP)
shapiro.test(Midcap$ILV)
shapiro.test(Midcap$ITE)
shapiro.test(Midcap$KAP)
shapiro.test(Midcap$LBH)
shapiro.test(Midcap$LON)
shapiro.test(Midcap$SNHM)
shapiro.test(Midga$NPK)
shapiro.test(Midcap$OCE)
shapiro.test(Midcap$OMN)
shapiro.test(Midcap$PIK)
shapiro.test(Midcap$PP)
shapiro.test(Midcap$PSG)
shapiro.test(Midcap$RCL)
shapiro.test(Midcap$RLO)
shapiro.test(Midcap$SAC)
shapiro.test(Midcap$SAP)
shapiro.test(Midcap$SNT)
shapiro.test(Midcap$SPG)
shapiro.test(Midcap$SUl)
shapiro.test(Midcap$TFG)
shapiro.test(Midcap$TON)
shapiro.test(Midcap$TRE)
shapiro.test(Midcap$TRU)
shapiro.test(Midcap$TSH)
shapiro.test(Smallcap$ACT)
shapiro.test(Smallcap$ADH)
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shapiro.test(Smallcap$ADR)
shapiro.test(Smallcap$AEG)
shapiro.test(Smallcap$AEL)
shapiro.test(Smallcap$AEN)
shapiro.test(Smallcap$AFX)
shapiro.test(Smallcap$BRN)
shapiro.test(Smallcap$CAT)
shapiro.test(Smallcap$CLH)
shapiro.test(Smallcap$CSB)
shapiro.test(Smallcap$GRF)
shapiro.tes§mallcap$HDC)
shapiro.test(Smallcap$MRF)
shapiro.test(Smallcap$MTA)
shapiro.test(Smallcap$MUR)
shapiro.test(Smallcap$OCT)
shapiro.test(Smallcap$PGR)
shapiro.test(Smallcap$WBO)
shapiro.test(Index$Top40Index)
shapiro.test(Index$Midcapindex)
shapiro.tegtndex$Smallcapindex)

Bai-Perron (structural breaks) Test MATLAB code

% version 3, October 11, 2004

% These routines can be used by and distributed foprafit academic

% purposes without any royalty except that the users must cite:

% Bai, Jushan and &re Perron (1998): "Estimating and Testing Linear

% Models with Multiple Structural Changes," Econometrica, vol 66,i¢ # @48/
% and

% Bali, Jushan and Pierre Perron (2003): "Computation and Analysis of

% Multiple Structural Change Models," Journalgiplied Econometrics, 18-22.
% For any other commercial use and/or comments, please contact Pierre
% Perron at perron at bu.edu.

% Even though we tried to make this program efmee we cannot be held

% responsible for any consequences that couldtriesal remaining errors.

% Copyright, Pierre Perron (1999, 2004)

clear;
clc;

yyy=csvread(eal.cs\); % read data

bigt=3996; % set effective sample size

y=yyy(1:3996,1); % set up the data, y is the dependent variable z is
% the matrix of regressors (bigt,q) whose coefficients
% are allowed to change, x is a (bigt,p) matrix of
% regressors with coefficients fixed across regimes.
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% Note: initialize x to [] if p=0.
z=ones(bigt,1);

x=[;

g=1, % number of regressors z

p=0; % number of regressors x

m=5; % maximum number of structural changdlswed

epsl=.15; % value of the trimming (in percentage) for the construction

% and critical values of the supF type tests (used in the

% supF test, the Dmax, the supF(I+1|l) and tlygieetial

% procedure). If these tests are used, h below should be set

% at int(eps1*bigt). But if the tests are not required,

% estimatiorcan be done with an arbitrary h. There are five

% options: epsl= .05, .10, .15, .20, or .25. For each option,

% the maximal value of m above is: 10 for eps=.05, 8 for

% eps1+10, 5 for eps1=.15, 3 for eps1=.20, and 2 for eps1=.25.

h=round(eps1*bigt); % minimal length of a segment (h >= q). Note: if robust=1, h
% should be set at a larger value.

% The followings are options if p >-0-----------=-m-mmmmmmmeae

fixb=0; % set to 1 if use fixed initial values for beta

betaini=0; % if fixb=1, load the initial value of beta

maxi=20; % maximum number of iterations ftre nonlinear procedure to
% obtain global minimizers

printd=1; % set to 1 if want the output from the iterations to be printed

eps=0.0001; % criterion for the convergence

0/ === m e e e e

robust=1; % set to 1 if want to allow for heterogeneity and autocorrelation

% in the residuals, 0 otherwise. The method used is Andrews(1991)
% automatic bandwidth with AR(1) approximation and the quadratic
% kernel. Note: Do not set to 1 if lagged dependent variables are

% included as regressors.

prewhit=1; % set to 1 if want to apply AR(1) prewhitening prior to estimating
% the long run covariance matrix.
hetdat=1; % option for the construction of the F tests. Set to 1 if want to

% allow different moment matrices of the regressors across segments.
% If hetdat=0, the same moment matrices are assumed for each segment
% and estimated from the ful sample. It is recommended to set
% hetdat=1 if p>0.
hetvar=1; % option for the construction of the F tests.Set to 1 if want to allow
% for the variance of the residuals to be different across segments.
% If hetvar=0, the variance of the residuals is assumed constant
% across segments and constructed from the ful sample. This option
% is not available when robust=1.
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hetomega=1; % usedn the construction of the confidence intervals for the break
% dates. If hetomega=0, the long run covariance matrix of zu is
% assumed identical across segments (the variance of the errors u
% if robust=0)

hetg=1; % used in the construction of the confidence intervals for the break
% dates. If hetq=0, the moment matrix of the data is assumed identical
% acrossegments.

doglobal=1; % set to 1 if want to cal the procedure to obtain global minimizers

dotest=1,; % set to 1 if want to construct the supF, UDmax and WDmax tests
% doglobalmust be set to 1 to run this procedure.

dospflpl=1; % set to 1 if want to construct the supF(l1+1|l) tests where under

% the null the | breaks are obtained using global minimizers.
% doglobalmust be set to 1 to run this procedure.
doorder=1; % set to 1 if want to cal the procedure that selects the number of
% breaks using information criteria. doglobal must be set to 1 to
% run his procedure.

dosequa=1; % set to 1 if want to estimate the breaks sequentialy and estimate
% the number of breaks using supF(I+1|l) test
dorepart=1,; % set to 1 if want to modify the break dates oiad from the

% sequential method using the repartition method of Bai (1995),
% Estimating breaks one at a time. This is needed for the confidence
% intervalsobtained with estim below to be valid.

estimbic=1; % set to 1 if want to estimate the model with the number of breaks
% selected by BIC.

estimlwz=0; % set to 1 if want to estimate the model with the neindd breaks
% selected by LWZ

estimseq=1, % set to 1 if want to estimate the model with the number of breaks
% selected using the sequential procedure

estimrep=0; % set to 1 ifwant to estimate the model with the breaks selected
% using the repartition method

estimfix=0; % set to 1 if want to estimate the model with a prespecified number

% of breaks equal to fixn sbelow
fixn=0;

pbreak(bigt,y,z,q,m,h,eps1,robust,prewhit,hetomega,hetq,doglobal,dotest,dospflpl,doorder,doseq

ua,dorepart,estimbic,estimlwz,estimseq,estimrep,estimfix,fixb,x,p,eps,maxi,betaini,printd,hetdat,
hetvar,fixn)
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