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Abstract: The study implemented the statistical arbitrage technique to retail sector using a two-stage correlation and cointegration
approach. The study used a daily time series data ranging from 04 January 2010 to 31 December 2015.The analysis of the study was
computed using Eviews 9. The results of correlation analysis revealed that only six pairs of stocks were found to be highly correlated. Of
the six preselected pairs, only three pairs were found to be cointegrated. Statistical arbitrage was then implemented to the cointegrated
pairs. This strategy revealed a single trade possible for LWHL – LBTI and LWHL-LSAB pair. Therefore, an investor had an
opportunity of making profit from the two traded pairs in the retail sector. Recommendations for further studies were formulated from
the results of the study.
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1.

Introduction

The first working paper on statistical arbitrage was written
by Gatev, Goetzmann and Rouwenhorst (1999) and it was
published seven years later in the Review of Financial
Studies. However, statistical arbitrage had been known
many years before 1999 on Wall Street. Hogan, Jarrow, Teo
and Warachka (2004) defined statistical arbitrage as “a zero
initial cost, self-financing trading strategy with cumulative
discounted value.” The concept of statistical arbitrage is a
generalization of the traditional “riskless” interpretation.
Statistical arbitrage identifies mispricing based on deviations
from common stochastic trends and relies on a predictive
modelling framework that attempts to exploit consistent
regularities in the movements of asset prices, unlike the
traditional interpretation (Alsayed, 2014).It is a pairs trading
strategy that has been used by hedge fund managers,
professional traders and institutional speculators. This
method exploits market inefficiencies by taking into account
two highly correlated pairs of stocks (Perlin, 2009).Elliott,
van der Hoek and Malcolm (2005) and Gatev et al. (2006)
all consider statistical arbitrage as pairs trading strategy. The
main idea behind pairs trading is to take advantage of the
temporary mispricing of two indexes that have a common
historical movement (Xie and Wu, 2013).
Vidyamurthy (2004) opined that the conception of pairs
trading is the simultaneous buying and selling two securities
that are historically correlated. Pairs trading strategy requires
buying the under-valued stock (long position) while short
selling (short position) the over-valued stock, consequently
keeping market neutrality. Vidyamurthy (2004) further
stated that “pairs trading is said to be a market neutral
strategy in its most primitive form which eliminates the
effect of market movements when using just two securities,
consisting of a long position in one security and a short
position in the other, in a predetermined ratio.” According to
Schmidt (2008), in order to make profit from this relative
mispricing, a long position in the stock is opened when its

value falls adequately below its long run equilibrium and is
closed out once the value of the stock reverts to its expected
value. In the same way, investors may earn profit when a
stock is trading sufficiently above its equilibrium value by
withholding the stock until it reverts to its expected value.
The idea of pairs trading is to go long on the
underperforming stock (𝜇 − ∆) while simultaneously going
short on the over performing stock(𝜇 + ∆). The trade is
closed once the position reverts back to its central point.
The more risky types of arbitrage, such as statistical and
volatility arbitrage, have received more attention from an
international perspective but this attention is not evident in
the context of South Africa. The implementation of
statistical arbitrage in the South African context is very
limited, therefore this study paves a way in the application
of the said technique. Hence, this study implements an
innovative strategy on the retail sector trading on
Johannesburg Stock Exchange (JSE) to try fill a gap in
literature and also to set a platform for other scholars who
are interested in this area. Specifically, the study fills a gap
by implementing statistical arbitrage pairs trading strategy to
stock prices that are highly correlated and cointegrated in
South African context. The study strives to benefit scholars
who are doing research in the area for the application of
statistical arbitrage to index option.
The study is structured as follows. Section 2 presents the
theoretical framework. Section 3 briefly outlines the
methodological applied in the study. Section 4 presents the
results and discussions. Section 5 gives the conclusion.

2.

Theoretical Framework

This section presents the theoretical framework, constructs
and domain definitions of statistical arbitrage and analysis of
financial data. The aspects that form part of the theoretical
framework relevant for this study are historical volatility,
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correlation analysis, time series stationarity, cointegration
technique and statistical arbitrage.
2.1. Historical volatility
Volatility is defined as a statistical measure of dispersion
around a mean value; or as the changeability or randomness
of the underlying asset (Schwert, 1990). This measure is
usually viewed from three different perspectives, namely,
historical (backward looking), implied (reflected in an
option market price) or future/actual (forward looking).
Volatility is further defined by Sewell (2011) as “the
standard deviation of the change in value of a financial
instrument and is considered a proxy for risk.” Therefore,
historical volatility basically involves computing the
variance or standard deviation of stock returns in the usual
way over some historical period.
Volatility can be modelled using the ordinary least squares
(OLS), autoregressive conditional heteroscedasticity
(ARCH) and generalised autoregressive conditional
heteroscedasticity (GARCH)specifications. Chatfield (2004)
mentioned classical time series models such as ARCH,
ARIMA, GARCH and many other extensions and variations
as being frequently used to explore the data and make
predictions.The classical time series methods are normally
used to describe the dynamic volatility on the financial time
series but they do not explore the mean reversion of the
paired stock prices. Therefore the use of cointegration
through the OLS approach helps in identifying the pair of
stocks that move together in the long run and have a
characteristic mean reversion.
Historical volatility of the actively traded options on a
certain stock can be calculated by analysts and statisticians
and the volatility is used to calculate the price of a less
actively traded option on the same stock. In historical
volatility, only closing prices of stock option are required. In
such a scenario, historical volatility is defined as the
standard deviation of the daily price index return for a period
of time.
2.2. Correlation Analysis
The correlation analysis is used as a preselection criteria.
The preselected indexed should be highly correlated. The
criteria for preselection of indexes is based on the
assumption that all the selected indexes should be highly
correlated. The correlation analysis is used to examine the
strength of the relationship between two indexes that have
price trends. The correlation coefficient value ranges
between -1 and +1. The paired indexes are preselected when
the correlation coefficient is at least 0.90. The sample
Pearson’s correlation coefficient(𝑟) of the paired stock
indexes (X and Y) is computed using the following
equation:
𝑟𝑋𝑌 =

𝑁
𝑖 (𝑋 𝑖 −𝑋 )(𝑌𝑖 −𝑌 )
2
[ 𝑁
𝑖 (𝑋 𝑖 −𝑋 )

𝑁 (𝑌 −𝑌 )2 ]
𝑖
𝑖

(1)

where 𝑋 and 𝑌 are mean prices of stock X and Y
respectively.

2.3. Time series stationarity
It is widely known in econometrics that most of the time
series data, especially financial time series data, are
nonstationary (i.e. the time series contain unit root). As a
result, using nonstationary time series could result in bias in
the regression results as stated by Yule (1926).The two
commonly used types of stationarity are strict stationarity
and weak stationarity. A strict stationarity is obtained if a
joint and conditional distribution of a process are unchanged
if displaced in time. If 𝑌𝑡 ; 𝑡 ∈ ℤ is a time series, then a time
series is a strict stationary if the distribution of (𝑌𝑡1 , … , 𝑌𝑡𝑘 )′
and (𝑌𝑡1+ℎ , … , 𝑌𝑡𝑘 +ℎ )′ are the equal for all 𝑘 and all
𝑡1 , … , 𝑘; ℎ ∈ ℤ. In short, the narration is written as;
(𝑌𝑡1 , … , 𝑌𝑡𝑘 )′ ≝ (𝑌𝑡1+ℎ , … , 𝑌𝑡𝑘 +ℎ )′ ;

(2)

where ≝ means “equal in distribution”.A series is said to be
weak stationary if
 𝑉𝑎𝑟 𝑌𝑡 < ∞ 𝑓𝑜𝑟𝑎𝑙𝑙𝑡 ∈ ℤ
(3)
 𝜇𝑌 𝑡 = 𝜇𝑓𝑜𝑟𝑎𝑙𝑙𝑡 ∈ ℤ
(4)
 𝐶𝑜𝑣 𝑌𝑡 , 𝑌𝑠 = 𝛾𝑌 𝑟, 𝑠 = 𝛾𝑌 𝑟 + 𝑡, 𝑠 + 𝑡 𝑓𝑜𝑟𝑎𝑙𝑙𝑟, 𝑠, 𝑡 ∈
ℤ(5)
If the mean (3), variance (4) and covariance (5) of a time
series are independent of time, then the series is said to be
weakly stationary. The classical examples of formal tests for
the presence of unit root include the Phillips-Perron test
(Phillips and Perron, 1988), Augmented Dickey-Fuller test
(Dickey and Fuller, 1981), the Kwiatkowski-PhillipsSchmidt-Shin test (1992), the Elliot-Rothenberg-Stock
point-optimal test (Elliott et al., 1996) and the Ng-Perron
test (Ng and Perron, 1995). The study by Song and Chang
(2003) revealed that overlooking stationarity resulted in
model coefficients being inflated and model overestimation
due to the presence of serial correlation.
Wei (2006) highlighted that the problem of unit root can be
solved by introducing the logarithms and differencing the
series. If a time series becomes stationary after d times of
differencing, the process is referred to as an I(d) series.Unit
root tests are generally examined for the null hypothesis of
unit root. However, in order to model the dynamics of
utmost financial time series, Augmented Dickey-Fuller
(ADF) (1981) formulated a test that accommodates the more
general autoregressive moving average form. In ADF test, it
is assumed that error terms are homoscedastic and there is
no presence of serial correlation. The Phillips-Perron (PP)
(1988) test is a nonparametric test for stationarity. The null
hypothesis tested under the PP test is that the series is nonstationary.
Ng-Perron (1995) came up with a test that allows the lag
length to be more flexible so that it can changed based on
the sample size on condition that error terms follow the
general autoregressive moving average process. The method
proposed by Kwiatkowski-Phillips-Schmidt-Shin (KPSS)
(1992) differs from the ADF and PP tests. The KPSS test
assumes stationarity of the series in the null hypothesis.
Once the variables have been tested for stationarity, a
cointegration technique may be applied. The study test the
presence of unit root using ADF test and KPSS test.
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2.3.1. Test for stationarity
The study tested each of the preselected index time series for
stationarity. This was done not only to allow the use of
statistical arbitrage method, but also to establish the
appropriateness of cointegration which also forms part of
this study. The Augmented Dickey–Fuller (ADF) by
(Dickey & Fuller, 1979, 1981) and Kwiatkowski, Phillips,
Schmidt and Shin (KPSS) by (Kwiatkowski et al., 1992)
tests were applied to the series to determine their order of
integration. The null and alternative hypotheses for ADF test
are stated as 𝐻0 : 𝛿 = 0 versus 𝐻1 : 𝛿 < 0 while the null and
alternative hypotheses for KPSS test is given by𝐻0 : 𝜎 2 = 0
versus 𝐻1 : 𝜎 2 > 0. The ADF test statistic and KPSS test
statistic are given by the following equations respectively
𝛾
𝐴𝐷𝐹 =
(6)
𝑆𝐸(𝛾 )

𝐿𝑀 =

𝑇
2
𝑖=1 𝑆𝑡
𝜎𝑡2

(7)

where 𝛾 and 𝑆𝐸(𝛾) are the cointegrating coefficient and
standard errors of the OLS estimate respectively. In equation
(7),𝜎𝑡2 represents the long run error variance estimated from
the regression of 𝑦𝑡 on a constant and time t and 𝑆𝑡 is the
partial sum of the residuals 𝜀𝑡 from the same regression.The
ADF test is a lower-tailed test, so if the p-value of the test
statistic is less than the 5% level of significance, then the
null hypothesis of unit root is rejected and it can be
concluded is that the series does not have a unit root and it is
nonstationary.If the p-value of the KPSS test statistic is
greater than the 5% level of significant, the null hypothesis
of stationarity is rejected in favour of the alternative. After
determining the order of integration, the next step is to test
whether the preselected indexes share a long run relationship
using the Engle and Granger (1987) cointegration technique.
2.4. Cointegration technique
According to Alexander (1999), in the application of
statistical arbitrage technique, correlation analysis and
cointegration technique are closely related, even though they
address different notions. Alexander and Dimitriu (2015)
highlighted that the application of cointegration technique to
financial econometrics has increased over the years and the
technique has been proven to be significantly effective.
Highly correlated pairs of stock does not imply that stock
prices are cointegrated in a long run. Correlation simply
depicts the co-movements in stock prices. On the other hand,
cointegration models the long run relationship in stock
prices even when the stock prices are not strongly
correlated.The concept of cointegration was pioneered by
Granger (1981) and Engle and Granger (1987) and it is
widely used in stock markets. The cointegration applicability
to stock markets was initiated by Lucas (1997) and
Alexander (1999).
Engle and Granger cointegration techniques are used to test
the statistical relationship between two time series data that
are integrated to same order 𝑑, 𝐼(𝑑), to produce a single
time series which is integrated to order 𝑑 − 𝑏, where 𝑏 > 0.
The Engle and Granger (1987) test incorporates the long run
equilibrium theory into the model so that any disequilibrium
can be corrected. The Engle and Granger (1987) test is a
residual based test used to examine the presence of unit roots
on residuals of single regression equation models in order to

test the null hypothesis of the absence of cointegration.
Another method for cointegration testing was developed by
Johansen (1988). The author developed the maximum
likelihood test, which is an alternative method of
establishing the long run cointegration between variables.
This method is based on the vector autoregressive
process.Since the study focuses on pairs trading, the Engle
and Granger cointegration technique is preferred over
Johansen cointegration technique.
2.4.1. Engle and Granger cointegration technique
The Engle and Granger cointegration technique is used to
check if the preselected stock pairs share any long term
equilibrium relationship. The idea of cointegration assumes
that the two stock prices follow a common stochastic trend.
The spread between these variables may be weakly
stationary. The Engle and Granger (1987) cointegration is
computed by employing the ADF test. The long run
relationship between two stock prices (𝑃𝑡𝐴 , 𝑃𝑡𝐵 ) is estimated
using the following OLS equation:
𝐴𝑡 = 𝛽0 + 𝛽1 𝐵𝑡 + 𝜀𝑡
(8)
where 𝛽0 is a constant and 𝛽1 is the coefficient of the
cointegration. The ADF stationarity test is used on the
regression residual 𝜀𝑡 to determine whether it has a unit root.
The residual series is estimated by the following:
𝜀𝑡 = 𝐴𝑡 − 𝛽0 + 𝛽1 𝐵𝑡
(9)
The ADF test result in equation (6) will be compared with
the critical value of the ADF test. If the test statistic is less
than the critical value or the p-value of the test statistic is
less the 1%, 5% and 10% level of significance then the null
hypothesis will be rejected. This means that there is no
existence of unit root and the paired stock indexes are
cointegrated.
2.5.

Statistical arbitrage

Statistical arbitrage is a pairs trading that has been used by
hedge fund managers, professional traders and institutional
speculators. This method exploits market inefficiencies by
taking into account two highly correlated pairs of stocks
According to Ehrman (2006), statistical arbitrage is based
purely on historical statistical financial data that is utilized in
very short term for numerous small positions and it is almost
purely model and computer driven when any single trade has
very little human analysis.Statistical arbitrage is therefore
convincingly described by Lo (2010) as “a highly technical
short-term mean-reversion strategy which involves large
number of securities, short holding periods, substantial
computational models, and trading.” Statistical arbitrage
technique is strongly related to the cointegration technique
since it depends on mean reversion (Meki, 2012 and Perlin,
2009).
The discovery of pairs trading was in the early 1980s by the
quantitative analyst Tartaglia and the team of physicists,
computer scientists and mathematicians who had no
background in finance. Their discovery was to develop
statistical rules that could help in performing arbitrage trades
(Gatev et al., 2006). Pairs trading is defined by Ehrman
(2006) as “a non-directional, relative-value investment
strategy that seeks to identify two companies with similar
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characteristics (a pair) whose equity securities are currently
trading at a price relationship that is outside their historical
trading range.” The pairs trading is often referred to as
statistical arbitrage strategy or a market neutral trading
strategy. The idea behind pairs trading strategy is to identify
a pair of stocks prices that exhibit historical co-movement. A
position is opened when there is a significant deviation from
the historical relationship and close position when there is a
convergence in the stocks (Gatev et al., 2006).
The statistical arbitrage strategy was designed to exploit
short term deviations from a long run equilibrium between
pairs of stocks. The pairs trading strategy used in this study
is based on the assumption that a linear combination of stock
prices reverts to a long run equilibrium (cointegration) and a
trading rule can be constructed to take advantage of the
temporary deviations (Chan, 2011).An entry is estimated by

using the standard deviation (SD) of the paired stock price
ratio. Using the historical stock prices, the entry points are
set at ± 2 SD from the one-year moving average. Meaning
that when the price ratio is above (below) 2 SD, there are
profitable opportunities to trade when going short (long) on
the numerator and long (short) on the denominator. An
investor may buy (long) the spread at a certain time period t
when the relative mispricing reaches -2 SD and sell (short)
when spread reaches 2 SD. The position is closed when the
spread reaches the central point (𝜇 ).Figure 1 by Yakop
(2011) summarises the implementation of pairs trading
strategy. The x-axis represents period of trading and y-axis
represents the units of the historical relationship between
paired stock prices.

Figure 1: Graphical representation of pairs trading strategy

3.

Data

4.

The current study used daily time series data ranging from
04 January 2010 to 31 December 2015 consisting of 1500
observations. One year is approximated to have 250 trading
days. The data did not include weekends and public holidays
since the stock markets do not operate on the given days,
therefore the sample period exclude these days. The data
used in this study comprises of closing prices of option stock
for retail sector traded on JSE.The stock market data
together with the stock code provided by JSE is presented in
Table1.
Table 1: Variables in the retail sector
Variables
The Foschini Group (TFG)
Aspen Pharmacare Holdings (APN)
British American Tobacco PLC (BTI)
The Spar Group (TSG)
Woolworths Holdings (WHL)
Truworths International (TRU)
Tiger Brands (TBS)
Shoprite (SHP)
SABMiller (SAB)
Pick’n Pay Stores (PIK)

Characteristics of the financial time series
data

The preliminary data analysis will be computed to describe
the characteristics of the time series data used in the study.
Financial time series is characterised by stylised facts. The
most common stylised facts are no presence of
autocorrelation (also referred to as serial correlation), flat
tails and gain/loss asymmetry. Serial correlation is tested
using the following equations:
2

𝑄 = 𝑛 (𝑛 + 2)

𝜌𝑘
𝑧
𝑘 =1 𝑛 −𝑘

(10)

where𝑄 is the Ljung-Box test statistic,n denotes the sample
size, 𝜌 𝑘 is the serial correlation at lag k, and z is the number
of lags being tested. The asymmetric distribution is tested
using the following equationThe Jarque-Bera (JB) (1980)
normality test:

𝐽𝐵 = 𝑛

𝑠2
6

+

(𝑘 −3)2

(11)

24

where
1

𝑛

𝑠 =
1

𝑛

𝑛 (𝑥 −𝑥 )2
𝑖 =1 𝑖
𝑛
2
𝑖 =1(𝑥 𝑖 −𝑥 )

3

(12)
2

and
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1

𝑘 =

𝑛
1

𝑛

𝑛 (𝑥 −𝑥 )4
𝑖 =1 𝑖
𝑛
2
𝑖 =1(𝑥 𝑖 −𝑥 )

(13)

2

Under the assumption for normality, the coefficient of
skewness and excess kurtosis are expected to be 0 and 3
respectively. The null hypothesis is rejected if the p-value is
less than 5% level of significance.According to Sewell
(2011), the serial correlation of log returns/stock prices is
generally not significant.Kat (2003), Ling (2006) and Ang
and Chen (2002) are of the view that most of the stocks or
assets tend to have a negative skewness or excess kurtosis.

5.

This section presents data analysis and provides
interpretation of results. The analysis is summarised using
tables and graphs.
5.1. Preliminary data analysis results
Descriptive measures gives clear understanding of the
characteristics of the data used in the study. Stylised facts of
the study are derived from the descriptive measures
presented in Table 2.

Results and Discussion
Table 2: Descriptive statistics for log transformed data
Index
Mean
Median
Max
Min
Std. Dev.
Skewness
Kurtosis
JB test
Prob.
LB (15)
Prob.
Obs

LAPN
9.720
9.697
10.699
8.780
0.597
0.051
1.458
149.157
0.000
22167
0.000
1500

LBTI
10.691
10.729
11.377
10.009
0.373
-0.208
1.768
105.755
0.000
21825
0.000
1500

LPIK
8.455
8.414
8.836
8.169
0.150
0.620
2.523
110.241
0.000
20347
0.000
1500

LSAB
10.576
10.597
11.478
9.893
0.430
-0.008
1.641
115.387
0.000
21787
0.000
1500

The highest mean value occurs in British American Tobacco
PLC (LBTI) (10.691), while Pick’n Pay Stores (LPIK) has
the lowest mean value of 8.455. LBTI, SABMiller (LSAB),
Shoprite (LSHP), Tiger Brands (LTBS), The Foschini Group
(LTFG), Truworths International (LTRU) and Woolworths
Holdings (LWHL) are skewed to the left while Aspen
Pharmacare Holdings (LAPN), LPIK and The Spar Group
(LTSG) are skewed to the right. The kurtosis value for all
the variables except LTRU exceeds the threshold of 3,
implying that the variables are platykurtic. Leptokurtosis
distribution is only observed in LTRU only. The data also

LSHP
9.509
9.610
9.935
8.773
0.278
-0.798
2.430
179.515
0.000
21355
0.000
1500

LTBS
10.146
10.221
10.595
9.729
0.228
-0.416
1.894
119.816
0.000
21529
0.000
1500

LTFG
9.271
9.301
9.898
8.594
0.271
-0.216
2.619
20.752
0.000
21329
0.000
1500

LTRU
8.954
8.971
9.359
8.328
0.189
-0.889
3.949
253.731
0.000
20022
0.000
1500

LTSG
9.371
9.365
9.926
8.835
0.266
0.325
2.588
37.028
0.000
21512
0.000
1500

LWHL
8.551
8.767
9.277
7.467
0.504
-0.481
1.841
141.810
0.000
21725
0.000
1500

reveals that all the variables reject the hypothesis of
normality. Therefore, it is concluded that all the variables
are not normally distributed. The p-values of the LB test
statistics indicate that all the variables have autocorrelation.
The results are in line with the views by Kat (2003), Ling
(2006) and Ang and Chen (2002).
5.2. Plot of the retail sector
The following Figure2 presents the graphical presentation of
the retail sector.

Figure 2: Time series plot historical volatility of retail sector at level
The visual inspection of Figure 2 depicts that the retail
sector is not stationary at level. The graph of BTI and SAB
seem to be trending upwards from the start to the end of the
sample period. The graph of APN and TBS have a similar
pattern from fourth quarter of 2013 until fourth quarter of
2015. Other variables seem to be stable throughout the

sample period. It is therefore concluded that all the variables
are nonstationary. The data as a result conforms to one of the
stylised facts of financial time series called lack of
stationarity. The log differenced retail sector data is
presented in Figure 3.
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Figure 3: Time series plot of retail sector at logarithm difference
The first log differenced retail sector presented in Figure 3
depicts that all the variables under retail sector are
stationary. The formal tests for stationarity will be computed
to confirm the graphical presentation. The following section
present the correlation analysis prior to the unit root test.

5.3. Correlation analysis results
The following Table 3 presents the results of the correlation
analysis of the variables in the retail sector.

Table 3: Correlation analysis of the retail sector
Correlation
APN
BTI
PIK
SAB
SHP
TBS
TFG
TRU
TSG
WHL

APN
1.000
0.918
0.707
0.914
0.677
0.846
0.729
0.385
0.854
0.898

BTI

PIK

SAB

SHP

TBS

TFG

TRU

TSG

WHL

1.000
0.752
0.988
0.737
0.869
0.744
0.540
0.895
0.969

1.000
0.770
0.315
0.523
0.548
0.214
0.761
0.690

1.000
0.687
0.842
0.705
0.501
0.884
0.954

1.000
0.873
0.745
0.833
0.659
0.834

1.000
0.797
0.669
0.779
0.893

1.000
0.741
0.887
0.811

1.000
0.589
0.663

1.000
0.909

1.000

From Table 3, only six pairs of stocks were selected and
used for further analyses. The pairs are BTI – APN, SAB –
APN, SAB – BTI, WHL – BTI, WHL – SAB and WHL –
TSG.The pairs were selected using the cut-off point of 0.9.
The preselected pairs were further tested for stationarity and
the results are presented in Table 4.
5.4. Unit root test results
The five variables making up the six preselected paired were
examined for the presence of unit root. The results are
summarised in Table 4.
Table 4: Unit root tests results of the five preselected
variables in the retail sector
Index
APN
LAPN
∆LAPN
BTI
LBTI
∆LBTI
SAB
LSAB
∆LSAB
TSG

ADF test
statistic
-0.745
-0.906
-38.865
1.129
-0.254
-28.942
1.789
0.370
-30.199
-0.674

P-value
0.833
0.787
0.000
0.998
0.929
0.000
1.000
0.982
0.000
0.851

KPSS test
statistic
4.443
4.673
0.162
4.722
4.727
0.034
4.625
4.761
0.122
3.863

P-value
0.000
0.000
0.021
0.000
0.000
0.003
0.000
0.000
0.009
0.000

Index
LTSG
∆LTSG
WHL
LWHL
∆LWHL

ADF test
statistic
-0.995
-21.721
-0.682
-1.699
-23.876

P-value
0.757
0.000
0.849
0.432
0.000

KPSS test
statistic
4.083
0.052
4.593
4.515
0.148

P-value
0.000
0.065
0.000
0.000
0.010

The results in Table 4 depicts that the original data and the
log transformed data is nonstationary.The p-values of ADF
test are all less than 5% level of significance. Therefore, it is
concluded that all the variables are stationary after first log
difference. The p-values for KPSS test also revealed that
only ∆LTSG is stationary at log difference while all the
other variables are nonstationary. Since there is a
contradiction between two tests of unit root, the conclusion
of the study is based on at least one test which is the ADF
test and it is concluded that all the variables are stationary at
first log difference. This means that all the variables are
integrated to order 1, I(1).
5.5. Cointegration results
The Engle and Granger cointegration test was applied to the
six preselected pairs. The results are presented in Table 5.
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Table 5: Engle and Granger cointegration results for LBTI –
LAPN, LSAB – LAPN, LSAB – LBTI, LWHL – LBTI,
LWHL – LSAB and LWHL – LTSG
OLS
Results
Pairs

𝜷𝟏

Coefficient
LBTI – LAPN
0.594
LSAB – LAPN
0.696
LSAB – LBTI
1.140
LWHL – LBTI
1.316
LWHL – LSAB
1.125
LWHL – LTSG
1.720

t-statistic
119.811
145.103
244.843
166.503
134.741
84.323

Residuals
from OLS
ADF
P-value
(t-statistic)
-1.489
0.539
-1.309
0.627
-3.858
0.002**
-3.680
0.005**
-3.257
0.017**
-1.876
0.344

Note: *, **, and *** indicates the MacKinnon critical
values at 1%, 5% and 10% levels are -3.435, -2.863, and 2.568 respectively. Lag length was selected by SIC.

The results presented in Table 5 revealed that only three
pairs are cointegrated since their p-values of the ADF test
statistic are significant at 5% level of significance. The three
pairs are used for in the implementation of statistical
arbitrage pairs trading strategy.
5.6. The implementation of statistical arbitrage strategy
The first step in implementing pairs trading strategy is to
determine whether or not the paired stocks are historically
moving together. The idea of pairs trading is to buy the
relatively undervalued stock and sell the relatively
overvalued stock, then close trade when the ratio goes back
to the mean ration (line 0). The cointegrated pairs are
presented in Figure 3.

Figure 4: Historical movement of LSAB – LBTI, LWHL – LBTI and LWHL – LSAB pair
Figure 4 depicts the historic price movement of LSAB –
LBTI, LWHL – LBTI and LWHL – LSAB pair. The price
movement of the pairs seem to have same pattern throughout
the sample period. The figure reveals a close relationship
between LSAB – LBTI. The historic price movement of
LWHL – LBTI and LWHL – LSAB seem to also have a
similar pattern throughout the sample period. This historical
movement in the pairs is important for the implementation
of pairs trading strategy. This implies that the paired
variables are related and they can be used in pairs trading
strategy.
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Figure 5: The residual spread series of LSAB – LBTI and LWHL – LBTI pairs with trading thresholds
The spread of LSAB – LBTI implies that trade was not
possible for 2015 since the spread of LWHL – LBTI pair
ranges between approximately -4.0 and 1.2 standard
deviation. Trade was only possible towards the twelfth
month in the LWHL – LBTI pair. This means that LWHL
was underperforming relative to LBTI. Therefore, an

investor would have bought the units of LWHL and sold the
units of LBTI. Implicitly, the investor would have chosen to
go long on LWHL while simultaneously going short on
LBTI. Trade was closed when relationship returns to its
statistical normal.

Figure 6: The residual series of LWHL – LSAB pair with trading thresholds
The spread of LWHL – LSAB pair ranges between -4.0 and
1.8 standard deviation, implying that single trade was only
possible towards the twelfth month when the ratio reached 2 standard deviation. This also means that LWHL was
underperforming relative to LSAB. Therefore, an investor
had a good opportunity to buy units of LWHL and sell units
of LSAB.

6.

correlation analysis. The preselected pairs were tested for
unit root using ADF and KPSS test.Cointegration test
revealed that only three pairs were found to be cointegrated
and they were used for further analysis.A two-step approach
was successfully used to select the pairs within the retail
sector.The study used the 2 standard deviation trading rules
as previously used by Gatev et al. (2006), Schroder and
Smith (2001) and Ruiter (2011).

Conclusions

The study implemented the statistical arbitrage technique to
retail sector using a two-stage correlation and cointegration
approach. Daily time series data ranging from 04 January
2010 to 31 December 2015. The potential pairs were
selected using correlation analysis and cointegration
technique. The study further provided a base for future
researchers conducting studies on emerging markets, more
specifically in South African context.Out of ten pairs in the
retail sector, only six pairs were preselected using Pearson

The implementation of statistical arbitrage revealed that
there was only one trade possible for LWHL – LBTI pair.
An investor would have chosen to go long on LWHL while
simultaneously going short on LBTI. An investor would buy
more of LWHL and sell more of LBTI. There was also a
single trade possible for LWHL-LSAB pair. This means that
an investor had a good opportunity of buying more units of
LWHL and selling more units of LSAB. Therefore, there is a
possibility of making profit from the traded pairs. The study
successfully implemented statistical arbitrage strategy to
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retail sector trading on JSE using correlation analysis and
cointegration approach.
The study recommends that a similar study could be
reproduced using the proposed methodology to high
frequency data in order to provide more accurate results.
Using high frequency data may help increase possible trade
in a given day and may lead to having increased number of
trades.Further study could also make use of the copula
approach in implementing pairs trading strategy. The
strategy may help in examining the dependency between the
stock prices in order to increase the possibilities of trade.
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