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Abstract. The stock market trends are of great challenge. Even some of the mutual market's
strategies, such as traditional pair trading strategy may still be risky and are likely to suffer an
unbearable loss due to an unreasonable stop mechanism. In this paper, a novel approach of pair
trading strategy - using the logarithmic return to generate pairs and those deviations to construct
trading signals. In addition, two methods that ARIMA and Z-TEST used to construct trading signals
are compared according to their corresponding cumulative returns. In part one, the ARIMA model
has been used to identify whether there is a constant predictive power and how trading signals
should be generated to obtain the highest returns. Therefore, a stationary test has been done, and
an optimal threshold has been selected. In part two, the Z-test has been used to distribute the
preceding data, and the best threshold to construct trading signals has been found in the same
mechanism with that process of ARIMA. As a result, the Z-test method shows a better return than
that of the ARIMA model, which could be caused by a more stable forecasting accuracy from the
distribution. To conclude, this novel approach is efficacious to lower the risks from unanticipated
extreme cases and unwise designs on stopping signals. Furthermore, the Z-test method for signals
construction is more stable and profitable than the ARIMA. The research greatly maximizes profits
in stock markets by selecting the best model and an optimal threshold that models should be applied.

Keywords: component; Maximum Return Prediction; Pairs Trading Strategy; Time Series Analysis;
Cointegration; ARIMA model; Z test

1. Introduction

The various factors and individual behavior factors make the stock price variation very
complicated [1]. The stock price (or trend) prediction is a great challenge due to its characteristics of
noise and volatility [2]. Therefore, maximizing the return based on keeping low risk is a very
interesting and important problem [3]. Obviously, risk resistance (or management) for quantity
investment is the basic issue [4].

An uncertain stock market makes trading in a risky environment, which is why many investors
tend to make profits in this stock market using different investment strategies. Market-neutral
strategies are especially effective regardless of the direction of market assets movement, such as pair
trading [5-7]. By building both long and short directions of shares of a pair of highly correlated stocks
in a portfolio, pair trading is one of the effective neutralized approaches. Since the early stage, pairs-
trading has been very popular in the application of obtaining arbitrage profit [8-12]. Trading on
temporary abnormal deviations of those paired prices compared to their long-run equilibrium
relationship required a presumption that the pair of stocks are driven by virtually the same economic
forces. Therefore, their price variations are expected to be proportionated, and their direction of trend
should be the same [13].

The ARIMA model has been proposed and developed by Box and Jenkins [14]. It is also known
as the Box-Jenkins methodology composed of a series of activities for identifying the range of data
that could still be effective as a factor to influence the present, estimating the magnitude of predictive
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power from the past on the present, and diagnosing possible errors happened in the process of
prediction [15-18]. In addition, the Z test approach takes advantage of the idea of classical normal
distribution, which helps determine the dispersion degree according to the relative frequency of data
within a given standard deviation. Be more specifically, among the two methods of building trading
signals, the ARIMA models used past data to forecast that of the present. In contrast, the Z test
approach used a long-term distribution to determine how deviated from the center the present data
are [19].

However, the research on applying these two methods, ARIMA and Z test, for pair trading in
different markets to maximize return with relatively low risk and illuminate corresponding
advantages and disadvantages is still insufficient. Therefore, this paper's major interest is to construct
two distinctive methods and the more profound part is to identify the merits and drawbacks
respectively and explain the possible reasons for that outcomes.

The contributions in this paper include 1) Different from the traditional pair trading strategies,
where the stock price is used to determine the correlation between two stocks, the logaristic value is
used during the process primarily because using logaristic return instead of absolute price can avoid
some bias from a too wide range of stocks prices, like less than $1 dollar value for a share of one
stock and $10000 per share for another stock, which might cause an unstable correlation between
these two stocks. 2) On the basis on the traditional pair trading strategies, the methods introduced in
this paper constructed daily-time-range trading signals, signals only for a single day, so the expected
risk is further reduced with a relatively shorter trading period. 3) An attempt to seek out an optimal
threshold for both ARIMA and Z test approaches and corresponding validation test on that threshold
with out-of-sample data.

Section 2 introduces the details of methods; Section 3 introduces the comparison results of Arima
and Z-test; Section 4 gives the conclusion.

2. Methods

In this paper, the Arima and Z-test are used to forecast the best return by pair-trading strategy
separately. And several stocks selected from high-tech corporations are used to evaluate their
performances.

2.1 Data Preparation

In this paper, 10 stocks are derived from high-tech companies, such as "Apple, Facebook,
Microsoft, Amazon, Tencent, Sony, Alibaba, HP, Google, and Intel”. The data source is obtained
from Yahoo Finance website [20]. Since pairs trading usually concentrates on pairs of stocks from
the same sector, then the selection rule is as follows: "collect stocks that share similar price trends"
and "take a long-short position when they diverge and unwind on convergence".

Each company's daily stock price data is selected from June 6, 2016, to June 3, 2021. The data are
concentrated in the recent five years, and the study has strong timeliness, generality, and
representativeness. Besides, considering that the epidemic greatly impacted the stock price in this
period, we took before and after the outbreak of the epidemic as the boundary to divide the test set
and the training set. Therefore, the test set can effectively represent the risk resistance ability of our
model, which is of guiding significance for the study of the market shortly.

Before using data sets to train machine learning models, it is necessary to preprocess the data. The
commonly used data preprocessing methods include standardization and normalization.
Standardization, also known as Z-score normalization, first calculates the mean and standard
deviation of the data and then maps the raw data to the standard normal distribution.

2.2 Pair Trading Strategy Design

Cointegration is a robust measure of the connection between two financial quantities, and mean
reversion between financial quantities is the key concept to be included in cointegration tests. More
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specifically, if any two stocks' prices are cointegrated, it represents there is an enduring balanced
relationship between them. Many different selection methods can be used to achieve pairs trading;
however, all of them use common nonstationary factors to find deviations from a balanced asset-
pricing framework. Sharing common stochastic trends among a series of nonstationary stock prices
in level form is the foundation of the cointegration tests to analyze stock prices. The reason for using
10 high-tech companies' stock prices to do cointegration tests is that this research mainly focuses on
the trend between stocks' mean prices over time rather than the individual price changes. Therefore,
based on Engle and Granger's most familiar cointegration test, 4 stock pairs meet the requirements
(Alibaba and Facebook; Alibaba and Tencent; Facebook and Tencent; HP and Sony).

An alternative statistical measure for cointegration is a correlation, but they focus on different
concepts. Assets with high cointegration do not necessarily indicate a high correlation in prices, and
correlation tests rather than cointegration tests reflect co-movements in prices. Almost all multivariate
financial problems use correlation to do analysis. However, the results of correlation tests may not be
stable over time. Due to the instability of correlation tests and stock prices, log-returns of 10 high-
tech companies' stocks from June 7, 2016, to June 2, 2021, are calculated to test for correlation. In
addition, correlation is a second-moment calculation. Using log-returns is better, so the appropriate
results can be ensured by neglecting the higher moments calculation. Since 4 pairs are selected in the
cointegration test, it is simple for each pair of stocks to find periods of divergence, figure out why
two stock prices are separating and try to take profit through convergence, which is a mean-reversion
process. Hence, one highly correlated pair can be selected among the 4 pairs by applying correlation
tests on their logaristic returns, which are Alibaba and Tencent.

2.3 Forecasting Maximum Return Method

2.3.1 Arima-based method

The analysis of time series is based on its stationarity. Here, we chose the most commonly used
Augmented Dickey-Fuller unit root test (ADF test). ARIMA (p,d,q) may be more appropriate for
much economic time series than simple linear models. In econometrics, to verify the existence of unit
roots in the AR(p) process, the null hypothesis HO: p = 1 can be tested by formula (1)

X = ci+ fxo + X didxt —i+ e (1)
T B-1 . . .
where the ADF test statistic is . The order of the model is determined by observing ACF
JVar(B) y g

and PACF graphs based on the stable sequence of logaristic returns. Since the results of ACF and
PACF charts are not very significant, the Akaike Information Criterion (AIC) is used to measure the
good fit of the statistical model. It is assumed that K is the number of parameters, L is the likelihood
function, and N is the number of observations, SSR is the sum of squares of residual errors, then AIC
= 2K + N*In (SSR/ N). The purpose is to have good data fitting and avoid overfitting. Therefore, the
smallest AIC value model, namely ARIMA (2, 0, 1), was finally selected.

When building trading signals, the predicted values obtained from the ARIMA model above will
be used. The main idea is to compare predicted and true values. When the predicted return difference
is greater than the true value, it indicates that the difference between the two stocks is underestimated.
Therefore, it is necessary to long the stocks with high returns and short the stocks with low returns,
to return to the normal value. Similarly, when the predicted return difference is less than the true
value, it represents that the difference between the two stocks is overestimated. Consequently, long
the stocks with low returns and short the stocks with high returns should be implemented.

An optimal threshold is needed. The next step is to reduce the transaction frequency to reduce
unnecessary costs. Therefore, only when the difference reaches a certain level transactions are
executed. The value of the difference level is determined by the multiple i of the standard deviation
of the sequence. After searching through 0 to 3 (spaced by 0.1), we get the corresponding value where
i=1.1 is the maximum cumulative return.
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2.3.2 Z-test-based method

In the paper, a method for selecting the optimal threshold will be introduced. First, data is split
into two parts, one for training and another for testing. Then, cumulative returns from various
thresholds from 0.1 to 3.0 are demonstrated in the training data. Additionally, the threshold for the
highest cumulative return is selected, which is 0.4 in this paper. Finally, the chosen threshold of 0.4
is used in the testing data to see whether this threshold is still valid in out-of-sample data. The Z value
can be calculated by the formula (2)

z = = ()

As the most correlated pair of stocks, BABA and Tencent, have been selected among the most
integrated pairs, it is reasonable to conclude that the chosen pair of stocks have pretty similar trend
and moving direction. However, a distribution test for their divergence on daily return is still requisite
because only if their daily return deviations are normally distributed, it is safe to build trading signals
when the absolute value of those deviations is too big. More specifically, extremely big absolute
values indicated that they are very distant from the mean of the series of data, so they are likely to be
considered as outliers with a relatively low possibility, and that low possibility is the foundation of
how the trading signals are generated because of the expectation of that those outliers would
eventually revert back to the mean.

For the trading signal generation, the process is clear and direct. When the daily divergence of two
stocks' returns is higher than or lower than a given threshold, the signals will be triggered so that the
outperforming stock will be sold and the underperforming stock will be bought. Then it would make
a profit after the reversions of two stocks. However, an optimal selection of thresholds is always
challenging because different thresholds would have disparate trading signals and, correspondingly,
a very large gap in cumulative returns.

3. Results and Discussion

In this paper, two tests are given to evaluate the performance of the proposed method. Firstly, the
ADF test is used to evaluate the stationary of return ratio of target stocks. Secondly, the test for pair
trading is based on different methods, such as Arima and Z-test.

3.1 Results of ADF test
The results of the ADF test can be found in table 1. The scale of value is in the logarithmic domain.

Table 1. ADF test for logarithmic return
Dickey-Fuller Lag order p-value
-20.20 1.00 0.0

Table 1 shows that the p-value equals 0. According to the results in the above table, the p-value is
less than 0.01, so the existence of the unit root of the null hypothesis is rejected, which means at the
significance level of 5%, the unit root phenomenon is not considered to exist in the sequence. This
confirms our preliminary conjecture that the sequence of logaristic returns of stock prices is stable,
which is also the basis for our subsequent construction of the mean value model and volatility model.

3.2 Results of Arima and Z-test
The results of Arima for pair trading are shown in table 2.

1031



BCP Business & Management FIBA 2022
Volume 26 (2022)

Table 2. ARMA (p=2, g=1)

Name arl ar2 mal
Coefficients 0.787 -0.0248 -0.8537

s.e. 0.091 0.041 0.083

p-value 0.000 0.000 0.000

Especially, the AIC equals -3991.957, and the Prob(JB) equals 0.00.

According to the results in Table 2, most of the model coefficients' p-values are close to 0,
indicating that the model coefficient is statistically significant basically. The AIC value of the model
is -3991.957. The AIC value is very small, indicates that the model has a good fitting effect. After the
Ljung-box test, the p-value is 0.39. It can be considered that the residual difference sequence is
classified as a white noise sequence, which conforms to the hypothesis of model construction.
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Figure 1. The cumulative return rate.

Figure 1 shows the output result of the training set data, namely the graph of the cumulative return
rate from May 2016 to May 2019. As can be seen from the figure, the rate of return fluctuates
significantly and stays around 10% for most of the time. Even though it peaked at nearly 40% at the
end of 2017, it soon fell sharply to less than 10%, with a cumulative return of 15.31%. This is not
ideal when factors such as transaction costs are not taken into account.

Table 3. Different threshold (i) for Maximum Expected Return

i value cumulative return i value cumulative return
0.1 6.84% 1.6 38.18%
0.2 8.62% 1.7 39.94%
0.3 19.15% 1.8 30.13%
0.4 20.92% 1.9 33.70%
0.5 34.23% 2.0 32.82%
0.6 25.78% 2.1 28.04%
0.7 24.95% 2.2 20.80%
0.8 28.12% 2.3 16.60%
0.9 30.40% 2.4 25.66%
1.0 31.93% 2.5 24.71%
1.1 46.12% 2.6 17.16%
1.2 38.89% 2.7 17.16%
1.3 40.16% 2.8 17.16%
1.4 33.39% 2.9 11.24%
15 44.65% 3.0 11.24%
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Table 3 shows the different threshold values we have a test for exploring the maximum expected
return. The best threshold value is 1.1. After obtaining this value, the results of cumulative return can
be found in figure 2.

Cumultive Return on the Basis of Best Threshold Cumultive Return on the Basis of Best Threshold
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Figure 2. Cumulative return curves based on the best threshold.

Figure 2 shows different cumulative return curves when i changes different values. It can be seen
that eventually, accumulated return as a whole has obviously improved, and ultimately the curve of
cumulative return is higher as the frequency of transactions diminishing. Therefore, it can be sure that
there is an optimal value i lower the increase total return and return volatility. According to the output
results, when i =1.1, the cumulative return rate reaches the maximum of 46.12%. Figure 2 shows the
performance of the test set data when the i-value takes the optimal threshold in the training set, that
is, 1 =1.1. Since the test set data experienced a special period of COVID-19, the cumulative return
from December 2019 to April 2020 was inevitably affected by COVID-19. However, after April 2020,
the cumulative return began to turn back, and finally offset the losses caused by COVID-19 and
generated positive returns.

The distribution and cumulative return of data are shown in figure 3.

(a) Distribution of Resulted Cumulative Returns for Train Data
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Figure 3. The distribution results of training data and testing data.

In figure 3, subfigure (a) shows the distribution for training data from 2016.6 to 2019.6, and
subfigure (b) shows the distribution for the testing data from 2019.7 to 2021.6. The plots for either
training or testing data represent that the logaristic return differences between those two stocks are
both normally distributed with a mean of 0. Additionally, the numbers on the x-axis represent the Z
score similar to the standard deviation; a Z score of 2 means it is two standard deviations distant from
the mean, which is the 0. This zero-mean is reasonable because those two stocks, BABA and Tencent,
have a high correlation on daily logaristic returns, so their daily variations have a plausible
expectation to be very close to each other as well as a consequent very close to zero daily deviation.
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According to the fundamental property of a normal distribution, data that is more distant from the
center would be less frequent and thus less probable. For example, a Z score of 3 is much less likely
to happen than that of 1. From the plot above, in the training data, there are only two days of Z score
higher than 4 and only one day lower than negative 4, so being higher than 4 or lower than negative
4 is extremely rare and even can be considered as unlikely. Therefore, when such an extreme case
happens, a trading signal will be triggered: The overvalued stock will be sold, and the undervalued
stock will be bought. However, extreme cases being higher than 4 or lower than negative 4 only
happened no more than 5 times within 5 years, so the training outcome, though profitable, would be
insecure and unstable to apply in the future data because of this very small sample size.

(a) Z Test Results of Train Data
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(b) Z Test Results of Test Data
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Figure 4. The results of training data and testing data are based on Z-test.

Consequently, the criteria to choose an optimal Z score threshold for triggering trading signals
should consider the rarity, exactitude, if more specifically, and the trading times because the latter
directly determine whether the sample size is sufficient to render an outcome valid and stable. In this
paper, a For-Loop method is used to seek out that optimal threshold from a Z score ranged from 0.1
to 3. The Z score of 0.4 presented the highest cumulative return for the training data as the first plot
above shown, which is more than 40 percent cumulative return for 3 years and thus the annual return
is higher than 10 percent. In the second plot, the threshold of 0.4 Z score is applied in the testing data,
and the result shows a 10 percent total return at the end of June 2021.

As we can see from the return plot in the testing data, although the cumulative return at the end is
positive, there was an approximately 10 percent loss at the end of 2020. The insufficiency that caused
such a big loss could be that considering the relative relationship of two stock absolute prices is
lacking. For example, suppose that BABA is generally higher than Tencent in a relatively constant
price, such as $200 above Tencent. This $200 deviation is a relative relationship between those two
stocks' absolute prices. The consideration of this cannot be neglected, and otherwise, the trading
signals based on judging the abnormality would be pointless. Specifically, suppose the stock price of
BABA is generally $200 higher than that of Tencent and both stocks most often have the same daily
variation, according to our model. In that case, trading signals will be triggered when daily variation
deviation is higher than a given threshold, such as 2 percent: BABA rises 3 percent whereas Tencent
only rises 1 percent. Hence, our signals will be selling BABA and buying Tencent, but what if the
absolute values of those two stocks have been in a relatively extreme situation, supposing BABA is
now $200 lower instead of higher than Tencent, which is very rare based on the relative relationship
between those stocks, a high daily return of BABA thus cannot be considered as abnormal because it
is actually a quick reversion on the absolute stock price. Thus, the trading signals based on the daily
return to even sell the BABA is becoming absurd.
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4. Conclusion

In this paper, 10 high-tech companies’ stocks are examined to apply pairs trading strategies. One
reasonable stock pair (Alibaba and Tencent) is selected according to the cointegration test and
correlation test notion since they are highly cointegrated and highly correlated. Instead of traditional
pairs trading strategy that using linear regression method and considering price spread as trade signal,
this paper supplements the research on predicting maximum returns based on the pairs trading
strategy of ARIMA and Z test. It also plays a certain role in reducing risks, especially in the face of
major unexpected shocks. In addition, the introduction of the time series analysis method into pairs
trading can provide a new idea to extend the application of pairs trading in financial markets.
Forecasting financial data with the method of time series analysis can be regarded as a new way to
maximize the rate of return. The setting of stop loss signal can provide a reference for other research
on maximizing return rate, that is, to find a reasonable stop loss signal to reduce the volatility of return
rate caused by the change of market environment or reduce trading cost by limiting unnecessary trades.
Similarly, the positive cumulative return of the Z-test proves the feasibility of this approach. Since
the returns are even higher in the Z-test methods, it is reasonable to construct a Z-test method in the
future to contrast it with other models before model selection. Therefore, a pairs trading strategy
based on ARIMA and Z test can be used to not only help investors to match appropriate stocks pairs
to avoid risks but also help investors choose appropriate stop-loss signals and optimal models to
reduce possible losses in adverse market conditions. To further reinforce this research, using one
model's trading signals to confirm or at least enhance the accuracy of another trading signal may be
future works for deeper studies. Or perhaps, combining traditional pair trading strategy, using
absolute price comparison to generate trading signals, with this novel attempt in this paper to further
improve the stability and liability could also be our future topic.
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