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Introduction

Pair trading is a type of statistical arbitrage strategy and a hedging strategy widely used
in foreign securities markets. Looking back at the development of the pair trading
strategy, the pair trading strategy originated in the 1920s when Wall Street trader Jesse
Livermore adopted the Sister Stocks trading strategy in actual investment. In 1985,
Nunzio Tartaglia, an astrophysicist at the Wall Street investment bank Morgan Stanley,
formed a quantitative analysis team composed of famous physicists, computer scientists,
and mathematicians. The team used mathematical models to calculate stock trading
portfolios and used computer-automated trading programs to achieve immense success
in actual investment. The trading portfolio strategy they used was the pair trading
strategy. Different from traditional subjective analysis, Morgan Stanley's trading
program adopts quantitative analysis methods for stock pair selection, trading
parameter setting, and trading rules formulation and is automatically completed by
computer programs. Since then, this quantitative investment strategy has been widely
known and spread among traders. Today, pair trading is the basis of many models and

trading rules used by various hedge funds and stock investors.

Pair trading is an excellent quantitative investment strategy as well as a relative
value investment strategy. It selects long-term stable price differences and finds stocks
that have been overvalued or undervalued recently, and obtains volatility returns from
spread expansion and then convergence. The long-short, paired investment portfolio
effectively avoids the uncertain market risk of the overall stock market in the future and
can still obtain stable and considerable returns even during the period when the overall
market is down. In recent years, the pair trading strategies have been applied to the

Chinese stock market by a large number of quantitative investment practitioners.

As we all know, most of the time series of stock prices in stock trading decisions
do not obey the stationary condition. Therefore, verifying whether there is a stable
linear combination between variables that do not have a long-term stable and balanced
relationship has become a hot research topic. Due to the characteristics of simultaneous
short and long positions, a pair trading strategy can better avoid market risks, thus it
becomes a favored strategy by investors in the quantitative investment field. China's
research on pair trading started relatively late. Since the Chinese stock market officially

launched the margin trading and securities lending business on March 31, 2010, the
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Chinese stock market has had a short-selling mechanism since then. It makes the pair
trading strategy becomes a viable practical method in the Chinese stock market. The
Chinese scholars have begun to refer to foreign practices to study and improve the

application of pair trading strategies in the Chinese market.

In that context, the paper compares the feasibility and effectiveness of the use
of correlation-based pair trading strategy, cointegration-based pair trading strategy, and
distance-based pair trading strategy in the Hong Kong stock market through the study
of pair trading strategies. The paper addresses two main hypotheses: (RH1) Is the pair
trading strategy based on the distance, correlation, and cointegration method
profitable in the Hong Kong stock market? and (RH2) Which method is a superior pair
selection model for pair trading among three methods? Additionally, based on these
main research hypotheses, a few research questions are constructed: (RQ1) Is the result
obtained robust to the varying number of pairs selected? (RQ2) Is the result obtained
robust to varying rebalancing periods? (RQ3) Is the result obtained robust to varying

degree of financial leverage?

In order to refer to the main hypotheses and answer the research questions
mentioned above, empirical research is conducted based on 50 stocks listed in the Hang
Seng index. The period of this dataset is ranging from 07/01/2013 to 07/01/2020. The
data is collected daily. The pairs are formed from the pool of 50 stocks and then we try
to apply those three different methods to select pairs. For examining distance, the
process of price standardization is implemented. For examining correlation, the Pearson
correlation coefficient is employed and for examining cointegration, the Engle-Granger
two-step method is implemented. Furthermore, the technique to generate a buy/sell
signal when we apply a pair trading strategy on each pair of stocks is the breakout
volatility model (BVM). The upper and lower thresholds for BVM are calculated based
on the exponential moving average and rolling standard deviation of the price spread
for each pair. The performance of our strategy is evaluated based on six criteria:
absolute return, annualized return, annualized standard deviation, maximum drawdown,

Sharpe ratio, and information ratio.

The paper is structured as follows, the first section is an overview of literature about
correlation, cointegration, and distance methods. The second section describes all the

details concerning the data set. The third section explains the methodology of how the
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pair trading strategy is constructed and the technique to generate buy/sell signals for
such a strategy. The fourth section discusses the empirical results. The fifth section
conducts some sensitivity analysis to determine whether the result is robust to changes

in initial assumptions. The sixth section draws conclusions.
1 Literature review
1.1 Correlation

Correlation, in the finance and investment industries, is a statistic that measures the
degree to which two securities move in relation to each other. Correlations are used in
a wide range of investment strategies, one of them is portfolio management, computed
as the correlation coefficient, which has a value that must fall between -1.0 and +1.0.
Correlation shows the strength of a relationship between two variables and is expressed
numerically by the correlation coefficient. A perfect positive correlation means that the
correlation coefficient is exactly 1. This implies that as one security moves, either up
or down, the other security moves in lockstep, in the same direction. A perfect negative
correlation means that two assets move in opposite directions, while a zero correlation

implies no linear relationship at all.

One advantage of the correlation coefficient is that it is easy to use. The
correlation technique is quite simple. All standard software packages can calculate the
correlation coefficient. Thus, Correlations are also used in pairs trading. Wang et. al
(2009) analyzed the relative performance of different correlation measures of high-
frequency pairs trading by backtesting three diverse types of measures over as many
pairs as possible. Their most important conclusion is that different statistical correlation
measures do show significant differences in terms of risk and return. Hauke and
Kossowski (2011) pointed that the Pearson coefficient is particularly useful when the
relationship between the two variables is described by a monotonous function and does
not assume any particular distribution of the variables. Chen et. al (2012) suggest
monitoring the co-movement of stock pairs by computing the Pearson correlation
coefficient. High values indicate the most suitable pairs to trade in the future. Ramos
et. al (2017) pointed out an issue about correlation-based pairs trading that is the data
frequency on which to use correlation measures. They pointed that correlation is

intrinsically a short-run measure because it is based on returns, which is a short memory



Ma, B. and Slepaczuk, R. /WORKING PAPERS 2/2022 (378) 4

process. This fact implies that the higher the trading frequency, the more likely
a correlation-based pairs trading strategy will work and thus the more potential for

profits.
1.2 Cointegration

Engle and Granger (1987) proposed the cointegration theory. The cointegration
approach is an econometric technique for testing the relationship between non-
stationary time series variables. If two or more series have a unit root, that is I(1), but
a linear combination of them is stationary, I(0), then the series are said to be

cointegrated.

There are many studies on pairs trading based on the cointegration method in
the international stock market. Lin et. al (2007) applied the cointegration method to the
Australian stock market. They added a minimum profit constraint and used two
Australian bank stocks for research. Puspaningrum et. al (2010) proposed an
assumption that when the residual items of the cointegration test obey the AR(1)
process, how to set the paired transaction trigger points and optimal boundaries. They
also propose a numerical algorithm for estimating the trading range and average trading
period. Caldeira and Moura (2013) use a cointegration-based trading strategy on the
Sao Paolo exchange. They find that the strategy generates a 16.4% excess return per
annum with a Sharpe ratio of 1.3 from 2005 to 2012. Afawubo (2015) used the S&P500
index constituents to conduct research and chose different methods of stock pairs
selection. He shows that after controlling costs and risks, using the distance method to
obtain extremely low excess returns, and the cointegration method can provide stable
and reliable returns. Bui and Slepaczuk (2020) study the performance of three different
pair trading strategies. Generalized Hurst Exponent, Correlation, and Cointegration are
implemented and tested on the 103 stocks listed in NASDAQ-100 index from 2000 to
2018. The study concludes that the results of all three trading strategies are quite
sensitive to varying number of pairs traded and rebalancing period and much less
sensitive to financial leverage degree. Moreover, the Hurst method is better than the
cointegration method but is not superior as compared to the correlation method. Liew
and Wu (2013) believe that the asset returns do not follow a normal distribution, thus
the linear assumptions implicit in the minimum distance method and cointegration

method are not valid. They get the conclusion that the copulas method is more suitable
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for simulating the linear relationship between two time series. Rad et. al (2016) further
examine the profitability of pairs trading strategies based on distance, cointegration,
and copula methods. They find that all strategies show positive and significant alphas
after accounting for various risk factors. In addition, all strategies perform better during
periods of significant volatility, and the cointegration method is the superior strategy

during turbulent market conditions.
1.3 The Distance Method

The distance technique was developed and revised by Gatev et. al (2006). Their study
is performed on all liquid US stocks from the CRSP daily files from 1962 to 2002. they
set the formation period of 12 months, the trading period of 6 months, and a fixed
trading threshold in the pairs trading strategy. Their research found that the distance
method pairing trading strategy achieved extremely high excess returns, that strategy
has a higher Jensen alpha value, lower risk, and reasonable transaction costs after risk
adjustment. They also found that the profitability of pairs trading strategies declined
over time Their work is considered by many authors as the best-known work devoted
to pairs trading. Do and Faff (2010, 2012) further examine the distance method strategy
of Gatev et. al (2006) to investigate the source of its profits and the effects of trading
costs on its profitability using CRSP data from 1962 to 2009. They confirm declining
profitability in pairs trading, due to an increasing share of nonconverging pairs. With
the inclusion of trading costs, pairs trading according to Gatev’s baseline methodology

becomes largely unprofitable.

Huck (2013) studied the sensitivity of pairs trading strategy parameters based on
the minimum distance method. He found that the minimum distance method is
extremely sensitive to changes in the length of the formation period, so a reasonable
adjustment of trading parameters may produce excess returns. Smith and Xu (2017)
studied the methods of selecting stock pairs in the pair trading strategy from 1980 to
2014. Their research considers two methods: the minimum distance method and the
cointegration method, and the trading parameters involved in the trading system. The
empirical results show that the trading parameters in the trading system are related to
the profitability of pairs trading. In addition, they found that the cointegration method
only produced significant gains in the 1980s. The distance method performs well,

However, if the transaction costs are considered, both of the methods basically
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impossible to obtain a stable rate of return. Rad et. al (2016) used 50 years of long-term
comprehensive data to evaluate distance, cointegration, and copula methods. They
found that the performance of the copula method is weaker than the distance method
and the cointegration method in terms of excess returns and various risk adjustment

indicators.

Fernando et. al (2017) proposed a pairs trading method of Archimedes copulas
and applied it to the constituent stocks of the S&P500 index from 1990 to 2015. The
empirical results show that although the pairs trading strategy based on the minimum
distance has greater volatility than the copula-based pairs trading strategy, it can obtain
more trading opportunities. When paired stocks are under different weight structures,
trading imbalance occurs, the copula-based pair trading strategy produces higher risk-
adjusted excess returns than the distance-based pair trading strategy, which reduces the
trading risk. Liu et. al (2016) selected the data of the oil companies listed on the New
York Stock Exchange in 2008 and the 5-minute interval from June 2013 to April 2015
as the research objects. They used the double mean response process to Model the
mispricing in a more dynamic way, then they compared it with the minimum distance
method and the cointegration method, the result shows that the pairs trading strategy of
the new model obtained better returns. Bowen et. al (2010) used the minimum distance
method to analyze the 60-minute data of FTSE100 index stocks from January 2007 to
December 2009. They found that the return of a pair’s trading strategy is very sensitive
to transaction costs and execution speed. When the transaction costs are increased by

15 points, the pairs trading strategy cannot make a profit.
2 Data

We selected our data set from the Hang Seng index constituents listed in the document
titled: Hang Seng Indexes Announces Index Review Results which was released usually
in May from 2013 to 2020 by Hang Seng Indexes Company Limited. 'We also selected
the Hang Seng index itself which was used as the benchmark for our strategy. After the
data processing and collection, there are 50 stocks included in our data set. The data
frequency was daily. The data onto each stock was carefully investigated by graph and

cleaned for outliers if any. Basic statistics of all the stocks were also gathered for

' Available at: https://www.hsi.com.hk/eng/newsroom/press-releases
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cleaning data purposes. According to our trading strategy, the entire pair trading process
is divided into a matching phase and a trading phase. The literature generally sets the
matching period as 1 year and the trading period as 6 months. In this study, we use the

same matching period as 1 year, but the trading period was also as 1 year. The research

period was from 07/01/2013 to 07/01/2020. As shown in Table 1

Table 1. Summary of trading intervals

Matching period

Trading period

2012-07-01~2013-07-01
2013-07-01~2014~07-01
2014-07-01~2015-07-01
2015-07-01~2016-07-01
2016-07-01~2017-07-01
2017-07-01~2018-07-01

2013-07-01~2014-07-01
2014-07-01~2015-07-01
2015-07-01~2016-07-01
2016-07-01~2017-07-01
2017-07-01~2018-07-01
2018-07-01~2019-07-01

2018-07-01~2019-07-01 2019-07-01~2020-07-01

Note: The trading intervals used for the purpose of this study. The matching phase and a trading phase
lasted 1 year.

3 Methodology
3.1 Pair selection based on Correlation

In this work, we will use the Spearman correlation coefficient to gain the correlation
for the two series of log returns. The Spearman correlation coefficient for a sample 4;,
B; of size n can be described as follows: first, consider the ranks of the samples gy ;,

rggi, then the Spearman correlation coefficient 75 is calculated as:

cov(rgargs)
Ts = Prgargs = o9 *AO'g_BB (1)

where p denotes the Pearson correlation coefficient, applied to the rank variables,
cov(rgA,rgB) is the covariance of the rank variables, g, and o gy are the standard

deviations of the rank variables.

Given paired data {(A1, B1), ..., (An, Bn)} consisting of n pairs, we can rewrite the

formula for r, by replacing the estimates of sample covariances and variances as below:
(A=A + (B, - B)

T, =
(Eia A - A58, - By

(2)

where A and B are the mean of paired data (A, B).
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In this context, we would like to use the correlation formula for the sample. we
will conduct a calculation of correlation based on the data of the past one year at the
beginning of each 1 year during the period 2013 — 2020. The 10 pairs that have the

highest correlation would be used in pair trading strategy during that 1 year.
3.2 Pair selection based on Cointegration

We employ the Engle-Granger two-step approach to test for cointegration. Usually, on
the first step, we check whether two time series are integrated with the same order d using
the Augmented Dickey-Fuller test. The basic idea of the Engle-Granger two-step test
method is assuming that two time series have a cointegration relationship, then there is
a stable equilibrium relationship between these two time series, their specific
composition of linear combination sequence is also stationary. Therefore, by using the
Augmented Dickey-Fuller test to evaluate whether the residual sequence of the
regression equation is stationary, we can know whether there is a cointegration
relationship between the two time series. Generally speaking, in order to simplify the
testing process, most scholars directly use standard OLS regression and testing whether
residuals obtained in the regression are stationary using the ADF test to determine
whether the two time series have a cointegration relationship. According to the research
of Bui and Slepaczuk (2020), for the second step, we use the KPSS test instead of the
ADF test. The pair selection is conducted every 1 year and 10 pairs with the lowest KPSS
test statistics, which indicates a higher chance of cointegration between two time series,

would be used to trade during that lyear. The Engle-Granger approach is as follows:

Step 1: check whether two time series are integrated with the same order d using the
Augmented Dickey-Fuller test. For stock prices, they are normally integrated at order

1.
X, Y~I(d) (3)

Step2: Estimation of the cointegrating vector using standard OLS regression and

testing whether residuals obtained in the regression are stationary using the KPSS test.
Yt=a+ﬁxt+£t (4.)
gt = Yt - a— ﬁXt (5.)

Check ,~1(0)
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KPSS stationary test is quite similar to the ADF test but more powerful. The
most crucial difference between KPSS and ADF test stays in the null hypothesis. For
the KPSS test, the null hypothesis is that the series is stationary, and the alternative
hypothesis is that the series is non-stationary. Hence, it is an upper-tail test, and we
reject the null when our test statistic is higher than the critical value, which is normally

0.463 for a 5% significance level.
3.3 Pair selection based on the Distance Method

Similar to Correlation and cointegration, we select pairs based on the distance

method between 2 time series of prices. The distance between each pair of assets s is

D:Z /(PAi_Pbi)z (6.)

where P4; and Py; are the standardized price of assets A and B at moment i. D is the

determined by:

distance between both assets. The standardized price of an asset is determined by:

P,—P;
Pit = tO'L- : (7)

where P;; is the standardized price of asset i at moment t, P, is the price of the asset at

moment t, P, is the mean value of asset I, and g; is the standard deviation of asset i.

The pair selection is conducted every 1 year, and 10 pairs were that had the least
distance between them, which indicates that the more consistent the price trend of

stocks is, the more suitable it is as a stock pair.
3.4 Trading strategies description

For each possible pair, we calculate the spread according to the formula:
spread = In(P,) — h *In(Pg) (8)
where P, and Py are the prices of stock 4 and B, 4 is the weight factor.

There are many ways to calculate the weight factor h. For example, we can use the
equal weight method. In this case, h = 1 and this is the way used in most of the literature.
In this case, the position in the pair is market neutral. This method was used by Gatev

et. al (2006), and since then, it has become the most popular procedure to fix h. In this
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study, we use the Volatility method to calculate h, it is based on the idea that both stocks
are normalized if they have the same volatility. This approach was used by Ramos et.
al (2017), and Bui and Slepaczuk (2020). Then, the weight factor 4 can be calculated
as:

B std(In(ret,))
~ std(In(retp)) (9)

where std is the standard deviation ret, and rety are the log-returns of stock A and B.

When we buy the pair, it means that for each share of A that we buy, we short sell h
shares of B. According to the above formula to estimate h, we will have the same

volatility for both the position in A and in B.

After calculating the spread, we use breakout volatility for each series of spreads
to generate a signal to go long or short the pair. The upper and lower threshold is

calculated as follow:
upper threshold = EMA, (spread) + m * std, (spread) (10.)

lower threshold = EMA,,(spread) — m * std, (spread) (11.)

where EMA,, is the rolling Exponential Moving Averages of the spread of each pair
with certain window size n ranging from 10 to 180 (days), std, is the rolling standard
deviation of the spread with certain window size k ranging from 10 to 120 (days),
multiplier m takes a certain value ranging from 0.5 to 3. These parameters will be
optimized during our study. we will use the data available up to the moment of selection

to optimize parameters.

For pair trading strategy, we will short the recent winners (the price was
increasing before) and long the recent losers (the price was decreasing before) as we
believe that their prices will behave according to the mean-reverting pattern. It means
that the current high price will go down and the current low price will go up in the

future. In general, the rule for the entry and exit is as follow:

(a) if our position is being flat at time t-1, we will short the pair if the spread reaches
the upper threshold or long the pair if the spread reaches a lower threshold at

time t.

(b) if our position is being long at time t — 1, we only switch to the short position if
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the spread reaches the upper threshold at time t.

(c) if our position is being short at time t — 1, we only switch to the long position if
the spread reaches the lower threshold at time t. This trading strategy refers to

Bui and Slepaczuk (2021).

The initial investment is assumed to be 10000 HKS$ at the beginning of the
rebalancing period. This investment is divided equally for N pairs, so each pair takes
up HK$10000/N. In our case, we have 10 pairs, so the amount of 1000 HKS is invested
in each pair. Due to the rule in the Hong Kong stock market, when we buy a stock, we
have to pay the Handling Fee, the Securities Management Fee, the stamp duty, and so
on. In that case, our total transaction percentage fee is assumed to be 0.02% of the value
of the pair. So, the transaction cost for trading 1 pair is 0.02% * (P4 + h*Pg). Moreover,
we can also take advantage of financial leverage to improve the returns of the pair
trading strategy. So, instead of investing $10 000/N, we can invest $10 000/(N/2) or
$10 000/(N/3) in each pair by borrowing money. The financial leverage can help us
magnify the positive returns, but it also magnifies the negative returns if we make a loss.
For the benchmark, we just use the Buy&Hold strategy on the Hang Seng index in the

period 2013 — 2020 and compare our strategy’s performance with this benchmark.

Table 2. The list of initial assumptions and optimized parameters
Parameters Assumptions/parameters

Window size of EMA
Window size of rolling std
Multiplier m

Rebalancing period
Number of pairs

Initial investment

Degree of Financial
Leverage
Spread of each pair

Transaction cost

To be optimized: {10, 20, 45, 60, 90, 120, 150, 180}
To be optimized: {10, 20, 45, 60, 90, 120}

To be optimized: {0.5, 1, 1.5, 2, 2.5, 3}

1 year

10 pairs

HKS$ 10 000

100% (investment in each pair = Initial
investment/N with N = no. of pairs)
In(P,) — h*In(Pg)

0.02% * (P4 +h * Pg) for trading 1 pair

Note: All optimized parameters were set on in-sample window.

Before investigating the result, we would like to describe the list of assumptions

made in our methodology section. Table 2 gives us a clear picture of the factors that
may have an impact on our result and based on that we can then evaluate the sensitivity

of our results against the change of these factors.
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3.5Performance metrics

The following measures were used to provide descriptive statistics for the data and
further these measures were applied in the evaluation of strategies’ efficiency. These

metrics were based on Kos¢ et al. (2019) and Kijewski and Slepaczuk (2020).
The Absolute return is expressed as a percentage (%) and calculated as:

P - P
Absolute return = p = -S4t __end (12)

Pstart

where Pg. ¢ 1 the total value of stocks and cash held at the beginning of a portfolio
transaction, P, 1s the total value of stocks and cash held at the end of a portfolio

transaction.

The Annualized return (ARC) is expressed as a percentage (%) and calculated as:

252
ARC=(1+P)n —1 (13)

where P is the Absolute return, » is the sample size.

The Annualized standard deviation is expressed as a percentage (%) and

calculated as:

ASD =252 = \/var(R) (14.)
where R is the percentage rate of return.

The Sharpe Ratio is calculated as:

SR 15D (15.)

where Ty is the risk-free rate.?

The Maximum Drawdown (MD) is expressed as a percentage (%) and

calculated as:

_ Px=Py
MD = maX(x,y)e{(tl‘tz)Z:xSy} Py (16)

where the P; is the price level.

? The value of risk-free rate was set as 1.49% in the formula (15). It was calculated by the yearly

HIBOR rate from 2013 to 2020. It is available at:
https://www.hkab.org.hk/DisplaylnterestSettlementRatesAction.do
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The information ratio (IR) is simply the ratio of annualized return (ARC) and

annualized standard deviation:

ARC
IR =—=% (17.)

4. Empirical Results and Discussion

The performance of each method for pair trading strategy and benchmark are presented
in Table 3. Looking at the result, we can see that the cointegration method perform the
best among the three tested methods, and even better than the benchmark strategy. It
generates the highest Absolute return (AR) with 20.95%, the highest Annualized Return
(ARC) with 2.81%, the highest Sharpe ratio (SP) with 0.439 and the highest
information ratio (IR) with 0.934. All of these are better than the benchmark strategy
generates. Although the Annualized Standard Deviation (ASD) with 3.01% and the
Maximum Drawdown (MD) with 4.11% for the cointegration method are not the best,
they are still better than for benchmark strategy characterized by ASD on the level of
17.89% and MD equal to 35.67%. The correlation method generates the lowest ASD
with 1.71%, and MD equal to 4.11% and IR equal to 0.830 which is better than for the
benchmark strategy. AR for the correlation method equal to 10.13% and ARC equal to
1.42% are lower than the benchmark strategy’s AR equal to 17.89% and ARC equal to
2.07%. The distance method does not perform well, although it generates the lowest
MD with 4.03%. Its AR, ARC, SR, and IR are the worst among 3 methods. All three

tested methods generate a much lower ASD and MD compared to the benchmark.

Table 3. Performance of all methods and benchmark

Method AR (%) ASD (%) ARC (%) SP MD (%) IR
Correlation 10.13 1.71 1.42 -0.043 4.12 0.830
Cointegration 20.95 3.01 2.81 0.439 4.11 0.934
Distance 2.10 2.69 0.30 -0.442 4.03 0.113
Benchmark 15.05 17.89 2.07 0.032 35.67 0.115

Note: AR: Absolute return; ASD: Annualized Standard Deviation; ARC: Annualized Return; SP:
Sharpe Ratio; MD: Maximum Drawdown; IR = ARC/ASD: Information Ratio. Bold font indicates the
best results in case of each performance statistics.

In general, the results implies that the three methods applied in pair trading
strategy are profitable in Hong Kong stock market. In addition, the pair trading strategy
based on the cointegration method significantly outperform the benchmark strategy.

Moreover, comparing the performance of three tested methods, we can see that the
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correlation method cannot outperform the cointegration method but performs better
than distance and benchmark methods. The equity curves of all 3 methods and

benchmark are illustrated in Figure 1.

Figure 1 gives us more information on how each strategy performs in different
market conditions. We can see that in the bear market condition (market downturn), the
benchmark performs worse than all methods, while in the bull market condition, the
benchmark performs the best, while correlation and cointegration methods perform
better than the distance method though still lower than the benchmark. Besides, we can
see that during the whole rebalancing period, pair trading strategies in general generate

much lower volatility of returns compared to the benchmark.

Figure 1. Equity curve of all methods and benchmark

Equity Curve of all methods 2013-07-02 / 2020-06-30
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Note: The result of pair trading strategy with signals based on correlation, cointegration and distance
methods compared with the results of Buy&Hold strategy for Hang Seng Index. The trading period
started on 07/01/2013 and ended on 07/01/2020. The number of pairs traded was 10. The rebalancing
period was 1 year. Degree of financial leverage = 100%.

5. Sensitive Analysis

In this section, we would verify how the result we obtained above is robust to the
varying number of pairs traded, varying rebalancing periods, and varying degree of
financial leverage. In the result above, we trade 10 pairs during the period of 1 year
with the initial investment of HSK $10000. To check the sensitivity of this result, we

change the number of pairs traded to 5 and 20 pairs, the rebalancing period to 6 months
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and the financial leverage degree to 200% and 300% in each pair.
5.1 Varying number of pairs traded

Table 4 presents the performance of all three methods with 5 pairs, 10 pairs, and 20
pairs. As we can see in Table 4, with 5 pairs, the performance of all three methods is
worse than before (with 10 pairs), The distance method even lead to negative profit
with AR 0f-0.94%; ARC of -0.14%; SP 0f-0.416; and IR of -0.150, while cointegration
method still performs the best among 3 methods. Although its AR of 12.13% and the
ARC of 1.68% is now lower than the benchmark strategy. It still can beat the market
with SP 0f 0.048 and IR of 0.416. The correlation method performs similarly but a little
lower than before. It still outperforms the distance method. With 20 pairs, the
performance of the correlation and the cointegration methods are still worse than the
performance with 10 pairs but still better than the benchmark with IR of 0.217 and
0.797 respectively. We can observe that the performance of the distance method
improves more compared to other number of pairs. It works well with IR of 0.688,
which outperforms the correlation method and the market but is still lower than the

cointegration method.

Table 4. Performance of all methods and benchmark for 5, 10 and 20 pairs

Method No. of AR ASD ARC SP MD IR
pairs (%0) (%) (%) (%0)
Correlation 5 8.70 1.83 1.22 -0.145 3.84 0.668
Cointegration 5 12.13 4.05 1.68 0.048 6.28 0.416
Distance 5 -0.94 3.91 -0.14  -0.416 9.12 -0.035
Correlation 10 10.13 1.71 1.42 -0.043 4.12 0.830
Cointegration 10 20.95 3.01 2.81 0.439 4.11 0.934
Distance 10 2.10 2.69 0.30 -0.442 4.03 0.113
Correlation 20 2.84 1.88 0.41 -0.575 4.29 0.217
Cointegration 20 12.17 2.12 1.69 0.094 4.24 0.797
Distance 20 9.53 1.94 1.34 -0.079 2.12 0.688
Benchmark - 15.05 17.89 2.07 0.032  35.67  0.115

Note: AR: Absolute return; ASD: Annualized Standard Deviation; ARC: Annualized Return; SP: Sharpe
Ratio; MD: Maximum Drawdown; IR = ARC/ASD: Information Ratio. Bold font indicates the best
results in case of each performance statistics.

Based on these results, we can conclude that all three methods seem to be
sensitive to the number of pairs traded. The performance of distance methods can be

improved with the greater number of pairs. We can see that the distance method works
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well with 20 pairs and is quite poor with 5 and 10 pairs. However, it is not clear whether
the performance of correlation and cointegration methods improves with the greater
number of pairs. As we can see, the correlation and the cointegration methods perform

better with 10 pairs and worse with 5 and 20 pairs.

The result confirms that pair trading strategy performs well and better than the
market in the period of market crash but not only, and confirms the market-neutral

characteristics of pair trading strategy.
The equity curves of all methods and the benchmark with 5 and 20 pairs are plotted

in Figures 2 and 3 respectively.

Figure 2. Equity curve of all methods and benchmark - 5 pairs

Equity Curve of all methods (5pairs) 2013-07-02 / 2020-06-30
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Note: The result of pair trading strategy with signals based on correlation, cointegration and distance
methods compared with the results of Buy&Hold strategy for Hang Seng Index. The trading period
started on 07/01/2013 and ended on 07/01/2020. The number of pairs traded was 5. The rebalancing
period was 1 year. Degree of financial leverage = 100%.

In general, they all show that pair trading strategies with all methods (correlation,
cointegration, and distance) work roughly the same or higher compared to the
benchmark in the market downturn. Besides, the cointegration method’s performance
seems to be outstanding compared to the correlation and the distance method for any
number of pairs. With 5 pairs, the distance method seems to perform poorer than the
other two methods. With 20 pairs, the distance method seems to perform better than the

correlation method but still poorer than the cointegration method.
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Figure 3. Equity curve of all methods and benchmark - 20 pairs

Equity Curve of all methods (20pairs) 2013-07-02 / 2020-06-30
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Note: The result of pair trading strategy with signals based on correlation, cointegration and distance
methods compared with the results of Buy&Hold strategy for Hang Seng Index. The trading period
started on 07/01/2013 and ended on 07/01/2020. The number of pairs traded was 20. The rebalancing
period was 1 year. Degree of financial leverage = 100%.

5.2 Varying rebalancing period

Table 5 shows the performance of all three methods with a rebalancing period of 6
months and 1 year (the original rebalancing period), and the number of pairs traded is
fixed at 10 pairs for all 3 methods. As we can see in Table 5, with 6 months rebalancing
period, the distance method generates the highest AR and ARC with 14.21% and 1.95%
but it also generates the highest ASD with 2.65% among the 3 tested methods. Thus,
the correlation method has the highest performance based on IR = 0.794, while the
distance method has the highest SP = 0.175, and the cointegration method has lowest
performance with SP = 0.048 and IR = 0.588. Hence, we can see that all these methods
are profitable in the Hong Kong stock market and can beat the market (with SP = 0.032
and IR = 0.115) with 6 months rebalancing period.

Based on these results, we can observe that all three methods are quite sensitive
to different rebalancing periods, but the correlation method is more stable than the other
two as it keeps earning positive profit with different rebalancing periods, The

performance of the cointegration method drops significantly with 6 months rebalancing
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period as compared to 1 year period. For the distance method, the 6-month rebalancing

period earns much better positive profit than the 1-year period.

Table 5. Performance of all methods and benchmark - 6 months and 1 year

Method Rebalancing AR (%) ASD (%) ARC SP MD IR
period (%) (%)

Correlation 6 months 9.10 1.61 1.28 0.132 2.65 0.794
Cointegration | 6 months 9.84 2.34 1.38  0.048 3.87 0.588
Distance 6 months 14.21 2.65 1.95 0.175 4.10 0.737
Correlation 1 year 10.13 1.71 1.42  0.043 4.12  0.830
Cointegration 1 year 20.95 3.01 2.81 0.439 411 0.934
Distance 1 year 2.10 2.69 0.30 0.442 4.03 0.113
benchmark - 15.05 17.89 2.07 0.032  35.67 0.115

Note: AR: Absolute return; ASD: Annualized Standard Deviation; ARC: Annualized Return; SP: Sharpe
Ratio; MD: Maximum Drawdown; IR = ARC/ASD: Information Ratio; Bold font indicates the best
results in case of each performance statistics.

Figure 4 illustrates the equity curves of all strategies and the benchmark with 6

months rebalancing period.

Figure 4. Equity curve of all methods and benchmark - 6 months

Equity Curve of all methods (6months) 2013-07-02 / 2020-06-30
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Note: The result of pair trading strategy with signals based on correlation, cointegration and distance
methods compared with the results of Buy&Hold strategy for Hang Seng Index. The trading period
started on 07/01/2013 and ended on 07/01/2020. The number of pairs traded was 10. The rebalancing
period was 6 months. Degree of financial leverage = 100%.

We can see all three methods outperform the benchmark in bear market

conditions, but not only. In the bull market condition, no method can beat the market.
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However, in general, the distance method seems to perform better than the other two

methods in all market conditions.
5.3 Varying degree of financial leverage

Table 6 shows the result for varying degree of financial leverage, so instead of the
investment of HK$10000/N in each pair, we try to invest HK$10000/(N/2) and
HK$10000/(N/3) in each pair, considering that we can earn a higher return with
a reasonable level of volatility. The number of pairs is fixed at 10 and the rebalancing
period is fixed at 1 year. With the degree of Financial Leverage at 200%
(HKS$10000/(N/2)), the SP of correlation and cointegration methods improves with
0.353 and 0.726 respectively, which can beat the market with SP = 0.032. The reason
for this is that with a double degree of financial leverage, we gain almost double AR
and ARC for correlation and cointegration methods (20.03% and 2.70% for Correlation,
and 48.13% and 5.90% for Cointegration) which was much better than the benchmark
strategy. Though we also get almost double ASD (3.42% for Correlation and 6.03% for
Cointegration), in total it enables our SR to improve as well. In terms of IR, we get
almost double ARC but also double ASD and MD for each method, overall making IR
better only for the correlation and the distance methods. The results are similar with the
degree of Financial Leverage at 100%, only distance method cannot beat the market
with IR = 0.098, both correlation and cointegration method with IR of 0.788 and 0.972

can beat the market. The cointegration method performs the best.

With the degree of Financial Leverage at 300% (HK$10000/(N/3)), The
cointegration method performs much better than the benchmark strategy as it earns
more than 4 times ARC (9.17%) compared to the market. Information Ratio (IR) of the
correlation method can outperform the market with 0.763, which is mainly because the
correlation method can earn higher ARC with lower ASD compared to the market. For
the distance method, the IR of 0.083 still cannot beat the market and is also lower than
the original performance (without financial leverage) as it earns less than 3 times ARC
(0.66%) but also has almost 3 times ASD (7.95%). We can see the cointegration method
still performs the best.

From the analysis of the result in Table 6, we can see that the return of all

methods improves significantly with a higher degree of financial leverage, but it also
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results in higher standard deviation and maximum drawdown. Overall, only the distance
method cannot outperform the market while the correlation and the cointegration
methods perform well. Hence, we can say that the result we gain is less sensitive to the
degree of financial leverage than to the number of pairs or rebalancing period as we

discussed above.

Table 6. Performance of all methods and benchmark for N, N/2 and N/3
Method Financial Leverage AR ASD ARC SP MD IR
(%) () (%) (%)
Correlation HK$10000/N(100%) 1013  1.71 142 -0.043 4.12 0.830
Cointegration | HK$10000/N (100%) 2095 3.01 281 0439 411 0934

Distance HKS$10000/N (100%) 210 269 030 -0.442 4.03 0.113

Correlation |HK$10000/(N/2) (200%) 20.03 3.42 270 0353 844 0.788
Cointegration |HK$10000/(N/2) (200%) 48.13 6.07 590 0.726 7.65 0.972
Distance HK$10000/(N/2) (200%) 3.63 533 0.52 -0.182 7.78 0.098

Correlation |HK$10000/(N/3) (300%) 30.28 5.15 393 0474 12.6 0.763
Cointegration |[HK$10000/(N/3) (300%) 82.55 923 9.17 0.833 11.1 0.994
Distance HKS$10000/(N/3) (300%) 4.61 795 0.66 -0.104 11.5 0.083

Benchmark - 15.05 17.89 2.07 0.032 357 0.115

Note: AR: Absolute return; ASD: Annualized Standard Deviation; ARC: Annualized Return; SP: Sharpe
Ratio; MD: Maximum Drawdown; IR = ARC/ASD: Information Ratio. Bold font indicates the best
results in case of each performance statistics.

Figures 5 and 6 plots the equity curves of all three methods and the benchmark
for the double degree of financial leverage and triple degree of financial leverage,
respectively. Both graphs show that in the recession period, the correlation and the
cointegration methods perform better than the benchmark while the distance method
performs poorer. The distance method cannot outperform the other two methods in all
market conditions. As we indicated above, their equity curves are characterized by

much higher volatility, which is shown clearly in Figure 6.
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Figure 5. Equity curve of all methods and benchmark — N/2
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Note: The result of pair trading strategy with signals based on correlation, cointegration and distance
methods compared with the results of Buy&Hold strategy for Hang Seng Index. The trading period
started on 07/01/2013 and ended on 07/01/2020. The number of pairs traded was 10. The rebalancing
period was 1 year. Degree of financial leverage = 200%.

Figure 6. Equity curve of all methods and benchmark — N/3
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Note: The result of pair trading strategy with signals based on correlation, cointegration and distance
methods compared with the results of Buy&Hold strategy for Hang Seng Index. The trading period
started on 07/01/2013 and ended on 07/01/2020. The number of pairs traded was 10. The rebalancing
period was 1 year. Degree of financial leverage = 300%.
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Conclusion

This paper aims to test the profitability of the approach to pair selection for the purpose
of pair trading strategy in the Hong Kong stock market. The main hypotheses of this
paper are (RH1) Is the pair trading strategy based on the distance, correlation, and
cointegration method profitable in the Hong Kong stock market? and (RH2) Which
method is a superior pair selection model for pair trading among three methods? Based
on these two hypotheses, the additional questions are constructed as follows: Whether
our results are robust to (RQ1) varying number of pairs selected; (RQ2) varying
rebalancing period; and (RQ3) varying degree of financial leverage?

The dataset used for this empirical research consisted of 50 Hang Seng index
constituents listed in the document titled: Hang Seng Indexes Announces Index Review
Results which was released usually in May from 2013 to 2020 by Hang Seng Indexes
Company Limited. We also selected the Hang Seng index itself which was used as the
benchmark for our strategy. The data is collected daily over the period from 07/01/2013
to 07/01/2020. The pairs are established from the pool of these 50 stocks. For the
correlation method, we apply the Pearson correlation coefficient to estimate the
correlation between 2 series of log returns, for the cointegration method, we employ
Engle—Granger two-step approach to test for cointegration between 2 time series of
prices, for the distance method, we first standardize the prices and then calculate the
distance between 2 time series of prices. To generate buy and sell signals for pair trading
strategy, we refer to Bui and Slepaczuk (2020)’s approach, the volatility breakout model
is applied with upper and lower thresholds calculated based on the exponential moving
average and rolling standard deviation of the time series. The window size of the
exponential moving average, the window size of rolling standard deviation, and
multiplier m are parameters to be optimized. The performance of the distance method
is compared with the benchmark (buy and hold Hang Seng index) as well as with the
correlation and the cointegration methods in terms of absolute return, annualized return,
annualized standard deviation, maximum drawdown, Sharpe Ratio, and Information

Ratio.

Overall, the result shows that in the Hong Kong stock market, the pair trading
strategy based on the distance, the correlation, and the cointegration method can obtain

positive profits, “beating the benchmark” which indicates all three methods are
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effective. Among them, the cointegration method performs the best. The performance
of the correlation method is superior as compared to the distance method. Moreover,
pair trading strategy in case of all methods can outperform the market in recession stage,
cannot in the expansion stage, but once again can in the longer term consisting of bull
and bear markets periods, which confirms the market neutrality of pair trading strategy.
However, our result is quite sensitive to the different number of pairs traded and
rebalancing period and less sensitive to the financial leverage degree. For example, with
6 months rebalancing period, the distance method performs the best among the three
methods evaluated. In specific, it is not clear whether the cointegration and the
correlation method’s performance improves with the greater number of pairs. On the
other hand, all methods’ returns and volatility are greater with a higher degree of
financial leverage, hence the information ratio does not improve, except for the

cointegration method.

To conclude, from the obtained result, we can state that the pair trading strategy
based on the distance, correlation, and cointegration method is still profitable in the
Hong Kong stock market (first research hypothesis) and the cointegration method of
pair selection is superior as compared to the correlation method and the distance method
(second research hypothesis). Furthermore, the obtained result is sensitive to varying
number of pairs (first research question) and varying rebalancing periods (second
research question) and less sensitive to varying degree of financial leverage (third

research question).
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