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Abstract. In recent years, the development of communication and information tech-
nology has increased the number of participants in financial markets and the liquidity of
financial markets. As a result, many traditional trading rules obtained by financial market
factors calculate past market technical indicators and predict future market movements
based on the movements of the indicators. In this study, we analyze the market, consider
other markets’ impact on the foreign exchange market, and propose a method to select
candlestick chart time and use the appropriate data for each period. Finally, we show
by numerical experiments with real historical market data that the proposed method of
selecting the optimal time is more profitable, taking account of the effects among several
markets, and demonstrate its effectiveness.
Keywords: High frequency data, Granger causality test, Candlestick chart time

1. Introduction. Since the birth of Foreign Exchanger (FX) with the complete liberal-
ization of foreign exchange margin trading in 1996, the financial market’s size has been
expanding yearly. The development of information and communication technology and
advances in financial engineering have increased the number of participants in financial
markets by reducing the size of trading units, lowering transaction fees, and increasing the
liquidity of financial markets by simplifying and speeding up transactions. These factors
brought more liquidity and more market participants to the foreign exchange market,
transforming the initially sizeable foreign exchange market into an even larger market [1].

The large amount of financial time series data generated has analyzed using time series
analysis approaches and other methods [2]. Furthermore, the test of efficiency has dis-
cussed based on empirical studies of efficiency in the foreign exchange market [3]. With
the development of information and communication technology, it has become possible
to trade according to automatic rules by making full use of computer performance [4].
Recently, there are also researches on the introduction of artificial intelligence to obtain
price forecasts and strategies [5].
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The analysis results obtained by financial market factors are used as criteria for conven-
tional investment decisions. However, since these analyses predict future market trends
by calculating indicators based on past market movements [6], they may not match cur-
rent market movements. Technical analysis is the method of analyzing the future market
by analyzing price fluctuations and movement cycles based on information obtained from
the market. On the other hand, fundamental analysis is to predict the future market by
analyzing economic indicators released by each country, economic news, and statements
made by people who can influence the economy [7]. As the market has expanded in size,
a variety of analytical methods have appeared [8]. Although there exist studies that ana-
lyze the impact of the foreign exchange market on other markets or examine the impact
of other markets on the foreign exchange market, few studies consider such information
when trading in the foreign exchange market.
In this study, we analyze the market and consider other markets’ impact on the foreign

exchange market when trading. As a result, we propose a method that can respond not
only to analytical results obtained from internal market factors but also to fluctuations
that cannot be predicted from those factors. Previous studies have used only one type of
candlestick chart time data, representing market price movements over a certain period.
Specifically, we propose an analysis method for automated foreign exchange trading using
the Granger Causality Test, which identifies causal relationships among multiple time
series in the Vector Autoregressive Model (VAR), a representative model for time series
analysis.
First, we obtain real-time, high frequency data from exchange trading platforms and

accumulate these data to create historical data for analysis. Next, we extract the parame-
ters that give the indicator the highest evaluation value in each historical data generated,
compare the evaluation values calculated by each historical data, and select the best his-
torical data to make a buy or sell decision for the market. The same analysis is performed
for other markets, and a buy/sell decision is made for that market. By Granger causality
testing between other markets and the exchange market, we create a market forecasting
system that considers intra-market factors and extra-market influences by selecting da-
ta from other markets for trading and actual trading. The effectiveness of the proposed
method is verified by conducting real-time trading using the proposed automated trading
system with a demo account. Finally, we demonstrate the effectiveness of the proposed
method by comparing the final trading results between the proposed automated trading
system and the same period.

2. High Frequency Data Collection.

2.1. Trading platforms. The trading platform we use in this study is Meta Trader 5
(MT5). MT5 is a free application for traders who perform technical analysis and trading
operations in FX. It is currently one of the world’s most popular trading platforms,
allowing for trading operations on various markets, such as FX and stock trading. Many
FX operators also use it with users because it can display charts in various time frames to
see the movement of market fluctuations. In addition, it is loaded with technical analysis
and automated trading tools called EA used in market analysis.
MT5 can open a demo account and perform realistic trading. Using Python, one can

simulate trading on MT5 by acquiring tick data from MT5 and sending trading orders.

2.2. Technical analysis using indicators. The FX indicators are analytical methods
that predict future prices based on factors such as past prices and the amount of volume.
They are used for methods such as day trading and scalping that aim for profits in short-
term trades. In addition, historical data is often used in technical analysis because the
analysis targets factors within the market and factors by issue.
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The information used in technical analysis is the current market trend, its strength, and
the turning point of the trend. Recently, research has been conducted on neural networks
and machine learning, which can predict data, analyze from large-scale data, and calculate
optimal technical indicators for effective forecasting [9].

The FX indicator calculates information on exchange rates and uses it to make buying
and selling decisions. Using indicators makes it possible to discover information that
cannot be seen by human eyes alone. There are two types of indicators: oscillators and
trend indicators. Exchange rates tend to fall when they rise too much and rise when
they fall too little. Oscillator indicators take advantage of this property to show when an
exchange rate is rising or falling too much, either numerically or graphically.

2.3. Back test and optimization in strategy testers. The back test is the simulation
of trading rules with historical market information using a tool to confirm whether the
trading rules are effective or not. The trading rule that is currently effective may be
profitable but may be unprofitable if run for more extended period. One way to resolve
this concern is the backtest, which can confirm the validity of trading rules. Some FX
indicators used in trading rules require parameters to be set, such as the period to be used
in the calculation. Normally, the FX indicator is calculated using pre-defined parameters
and applied to the trading rules. In reality, there may be parameters that are more optimal
than those parameters. We then tune the optimal parameters by the backtest and use
the selected parameters to perform automated trading. This study uses Backtesting.py,
which performs trading simulations using collected data, and TA-Lib, which calculates
representative indicators in technical analysis.

3. Granger Causality Test and Chart Time.

3.1. Selection and utilization of market data. In this study, we use a VAR model to
analyze 9 variables: the yen-dollar exchange rate, the Nikkei Stock Average, the New York
Dow Jones Industrial Average, gold, crude oil, copper, the British pound-yen exchange
rate, the British stock index 100 and the euro-yen exchange rate.

The VAR(ρ) model assumes yt as a constant and regresses it on the past values of its
own ρ period, and is expressed as follows:

yt = c+ Φ1yt−1 + · · ·+ Φρyt−ρ + εt, εt ∼ W.N.(Σ) (1)

where c is an n × 1 constant vector and Φi is an n × n coefficient matrix. εt is the
vector white noise of the variance-covariance matrix. Specifically, a VAR model with two
variables, xt and yt, is expressed as follows:

xt = a1xt−1 + a2xt−2 + a3yt−1 + a4yt−2 + uxt (2)

yt = b1xt−1 + b2xt−2 + b3yt−1 + b4yt−2 + uyt (3)

The last order in this case is 2 and u is the disturbance term.
In this experiment, we performed a unit root test and cointegration test on 9 variables

obtained in real time (the yen-dollar exchange rate, the Nikkei Stock Average, the New
York Dow Jones Industrial Average, gold, crude oil, copper, the British pound-yen ex-
change rate, British stock index 100 and the euro-yen exchange rate). We then used these
variables to estimate a VAR model. We performed a Granger Causality Test to analyze
the relationship between real-time data to determine whether other markets can be used
to predict real-time fluctuations in the yen-dollar exchange rate.

3.2. Utilization of other markets through causal relationships. The Granger
Causality Test is performed after the necessary processing of the data to be used. The
Granger Causality Test was proposed in 1969 based on the idea that it would be useful
to have a concept that could determine the existence of causality from time series data
alone. The Granger Causality Test is defined as follows [10].
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The Granger Causality Test

One can predict future x based only on current and past x values and compare the
predicted x values based on current and past x and y. If the latter’s Mean Squared Error
(MSE) is small, then it is said there exists the Granger causality from yt to xt.
The Granger Causality Test shows that one variable x affects another variable y in a

time series model. More specifically, the past value of y has explanatory power for the
variation of x, holding other conditions. That is different from causality in the logical
sense of the term. The Granger Causality Test can also be easily extended to the general
case of multiple variables.

General Granger Causality Test

Assume that xt and yt are vector processes. Also, let Ωt denote the set of available

information at t. Then, Ω̃ is Ωt minus present and past y. At this time, the prediction of

future x based on Ω̃t and comparing the future x based on Ωt, if the MSE of the latter is
smaller than Granger causality from yt to xt is said to exist. Note that the MSEs are large
and small in the matrix sense. Next, we illustrate these multivariate Granger causality
analyses using the bivariate VAR(2) model. The bivariate VAR(2) model is expressed as
follows: {

y1t = c1 + ϕ
(1)
11 y1,t−1 + ϕ

(1)
12 y2,t−1 + ϕ

(2)
11 y1,t−2 + ϕ

(2)
12 y2,t−2 + u1t

y2t = c2 + ϕ
(1)
21 y1,t−1 + ϕ

(1)
22 y2,t−1 + ϕ

(2)
21 y1,t−2 + ϕ

(2)
22 y2,t−2 + u1t

(4)

When ϕ
(1)
12 = ϕ

(2)
12 = 0, there is no Granger causality from y2t to y1t. In general, the absence

of Granger causality means that in the VAR y1, the coefficients on y2 are all zero, and
no change can be seen in the prediction of y1 by considering past values of y2. Therefore,
in the VAR framework, the Granger Causality Test can be performed using the F test.

Specifically, to perform the Granger Causality Test, we need to test H0: ϕ
(1)
12 = ϕ

(2)
12 = 0.

That is, the following equation is estimated by Ordinary Least Squares regression (OLS)
and the residual sum of squares is SSR1.

y1t = c1 + ϕ
(1)
11 y1,t−1 + ϕ

(1)
12 y2,t−1 + ϕ

(2)
11 y1,t−2 + ϕ

(2)
12 y2,t−2 + u1t (5)

Next, the following model with constraints is then estimated by OLS and the residual
sum of squares is SSR0.

y1t = c1 + ϕ
(1)
11 y1,t−1 + ϕ

(2)
11 y1,t−2 + u1t (6)

The F statistic is defined as follows.

F ≡ SSR0 − SSR1/r

SSR1/(T − nρ− 1)
(7)

Since 2F asymptotically follows χ2(2), the value of 2F is compared to the 95% point of
χ2(2). If 2F is larger, we reject the null hypothesis that there is no Granger causality
from y2t to y1t. We can then conclude that y2t can be used to predict y1t.
In general, the flow of the Granger Causality Test on an n-variate VAR(ρ) is as follows.

Procedure for Granger Causality Test in n variable VAR(ρ)

1) The model of ykt in the VAR model is estimated by OLS, and the residual sum of
squares is SSR1.

2) The constrained model for ykt in the VAR model is estimated by OLS, and the residual
sum of squares is SSR0.

3) Compute the F statistic with F ≡ SSR0−SSR1/r
SSR1/(T−nρ−1)

, where r is the number of constraints

needed for the Granger Causality Test.
4) Comparing rF with the 95% point of χ2(r), if rF is larger, Granger causality from a

variable to ykt exists, if it is smaller, Granger causality does not exist.
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We check whether the Nikkei Stock Average, the New York Dow Jones Industrial Aver-
age, and gold were causally related to the yen-dollar exchange rate market from October
25, 2021, to October 26, 2021 (see Figure 1). As mentioned earlier, a cointegration test
was conducted after the unit root test, and a Granger causality test was conducted for
markets that were found to have no cointegration relationship with the yen-dollar market.
We also programmed variance and impulse response functions that can be analyzed using
the VAR model. Then, we check whether there is Granger causality with the yen-dollar
market.

Figure 1. Granger causality test

The results obtained from the analysis are shown in Figure 2. We confirm that the Nikkei
Stock Average and gold are the two markets with Granger causality concerning the yen-
dollar exchange rate market during this period. The analysis of variance shows that the
contribution of gold and the Nikkei Stock Average is higher than that of the New York
Dow Jones Industrial Average. Furthermore, the contribution increases in proportion to
the length of the forecast period, suggesting that it may take some time before the change
is included in the yen-dollar change. These results confirm that other markets can be used
to forecast changes in the yen-dollar exchange rate. Therefore, the Granger Causality Test
is also used in the proposed method to examine the inter-market relationship between the
yen-dollar exchange rate and other markets.

3.3. Selection of candlestick chart time. In this study, the characteristics of fluctu-
ations during market hours were extracted, and trades were conducted during the hours
when profits are likely to increase based on the obtained characteristics. In this exper-
iment, we test the effects of the day of the week and time of day using data from the
yen-dollar exchange rate from November 1, 2021, to December 1, 2021.

FX candlestick chart is an essential yardstick for observing market changes. Since each
time frame has its characteristics, multiple time-frame analysis is sometimes used to an-
alyze trends by looking at multiple time frames when trading. Long-term data such as
four-hourly, daily, and weekly data are said to have continuity and strong momentum. In
trading, when long-term data is in a downtrend, the uptrend is absorbed by the long-term
data even if the short-term data is in an uptrend, such as 1-minute or 10-second data.
Therefore, it is better to check the long-term time frame.
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Figure 2. Results of analysis performed on each market

In studies proposing conventional automated trading, these periods are predetermined.
Many studies attempt to increase profitability by selecting indicator parameters and com-
bining multiple rules. The proposed program does not automatically select the optimal
hourly data in the real-time market. This fact implies that using multiple period data may
yield better results than using single period data to predict future market movements and
obtain trading strategies. This is because it is possible to obtain the most optimal trading
strategy in the real-time market concerning the time of day. For this reason, the proposed
method prepares multiple time frames of short-term data and performs the backtest using
the optimized parameters of the indicator for each time frame. The trading rule is selected
by comparing the results by selecting the optimal time frame data for that period.

3.4. Parameter selection and causality derivation. In this study, the latest tick
data is obtained from the market moving in real time, accumulated, and then resampled
at a specified time frame. This allows historical data from recent price movements to be
used for indicator parameter selection and indicator and stock selection. The indicator
parameters are thereafter optimized using the optimized historical data. The flow from
historical data generation to indicator parameter optimization is shown below.

1) Retrieve tick data from MT5 for each tick data update
2) Store tick data only once per second and store it in a data frame
3) Resample in the form of OHLCV in the specified time interval and save to CSV file
4) Optimize indicator parameters using created historical data
5) Save optimized parameters to CSV file

The first step is to obtain tick data from MT5. The acquisition is made in Python.
The MT5 used in the experiment has a module for exchanging data using Python [11].
Indicator calculations require volume values in addition to price data. Therefore, the
volume value contained in the stored tick data is used.
There are three data frames to be saved: time, price, and volume, as shown in Table

1. Saved data frames continue accumulating as long as the program runs, but when the
program runs again, all the collected tick data are reset. To avoid this, we save each
additional tick data in a CSV file and read the CSV file at the beginning of the program
so that we can continue to use the previous data.
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Table 1. Format of stored tick data

Time Price Volume

0 2021/9/24 12:21 110.40595 1
1 2021/9/24 12:21 110.409 1
2 2021/9/24 12:21 110.4095 1
3 2021/9/24 12:22 110.4105 1
4 2021/9/24 12:22 110.413 1

The saved data set is written to be updated to the latest one each time resampling is
performed. After the historical data is generated, the data is used to optimize the indi-
cator parameters. This study uses the Backtesting.py library, which allows backtesting
in Python. In addition, the TA-Lib library, which provides historical data and numerical
values such as the period required for each indicator, is used for indicator calculations.
Combining TA-Lib with backtesting allows using each indicator for a given period and
obtaining the results of trades during such period. The parameter with the best evalu-
ation index is the optimized parameter by comparing the resulting evaluation index for
all combinations of the specified parameters. In backtest, trading rules are set for each
indicator, and orders are sent when the buy or sell timing occurs. At that time, the profit
and loss limits are sent simultaneously, and settlement is made when the price has moved
by the respective limits.

3.5. Algorithm of the proposed method. In this experiment, the optimal parameters
for each period are calculated from backtests using the three types of historical data
created and saved in a CSV file to select the optimal historical data for each period
automatically. Here, an example of the historical data generated is shown in Table 2. We
use the stored optimal parameters for each period to derive a valuation indicator. The
optimum period for each indicator can be selected by comparing the evaluated indicator
calculated for each period. The historical data for the optimal number of time charts
selected for each indicator is used as the historical data for that market. The optimal
historical data for each market and the parameters of each indicator are selected by
evaluating each market.

Table 2. Example of the generated historical data

Time Open High Low Close Vol.

9/24 12:21:30 113.672 113.682 113.671 113.678 13
9/24 12:21:40 113.6795 113.6885 113.6785 113.6885 13
9/24 12:21:50 113.691 113.699 113.688 113.691 14
9/24 12:22:00 113.6915 113.6975 113.689 113.6975 12
9/24 12:22:10 113.6985 113.742 113.6985 113.7285 16

In actual automated trading, the indicators for each market are divided according to
the conditions, as shown in Figure 3. In the chart, light gray indicates a buy signal in
the yen-dollar market, and dark gray indicates a sell signal in the yen-dollar market. The
lack of color indicates that the market does not have Granger causality for the yen-dollar
exchange rate. Otherwise, it is a case where Granger causality is present, but the value
of the correlation does not satisfy the condition. Thus, Granger causality and correlation
can be used to set the terms of the transaction and utilize causality and correlation in
the transaction.
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Figure 3. Summary of causality and correlation for each market

4. Numerical Experiments and Consideration. The numerical experiments in this
study consist of five processes as follows:

1) Data acquisition and historical data generation
2) Indicator parameter optimization
3) Granger causality test for the yen-dollar exchange rate
4) Rule selection using Granger causality on the optimal period
5) Automatic trading with the optimal rules

We assume that Model 1 is a trading method using only the indicators of the yen-
dollar market, Model 2 is a trading method using the indicators of the yen-dollar market
and other financial markets, and Model 3 is the proposed method. The effectiveness of
the proposed method is demonstrated by comparing the final evaluative indicators of the
three transaction methods and by subjecting each transaction to some tests.
The results of this experiment are as follows: The trading method using only the

indicator for the yen-dollar market had 268 trades, a 49% winning rate, and a balance
of −4135 yen. The trading method using the indicator for the yen-dollar market and
other financial markets had 162 trades, a 39% winning rate, and a balance of −2621 yen.
Finally, the proposed method had 240 trades, a 52% winning rate, and a balance of +8265
yen.
The evaluation indicators, including the amount of money traded, are shown in Table

3. The Profit Factor (PF), one of the evaluation indicators, expresses the ratio of total
profit to total loss and can be calculated as the quotient of total profit divided by the
total loss. If the total profit exceeds the total loss, the PF is greater than 1. Therefore,
the proposed method has a value of 1.1. In contrast, the trading method using only the
indicator for the yen-dollar market, and the trading method using the indicator for the
yen-dollar market and other markets have values less than 1. Therefore, as seen from the
figure, the total profit is less than or equal to the total loss. Since the PF of the proposed
method exceeds 1, we can assume that a similar program running for a similar period as
this would make a profit of 1.1 times the loss.
The Recovery Factor (RF), also called the risk-return ratio, is an evaluation indicator

that indicates the potential profit of an automated trading program, i.e., how much profit
can be expected about losses. The higher the value of RF, the greater the likelihood

Table 3. Each evaluation indicator for the same time period

Balance of payments PF RF EXP

Model 1 −4135 yen 0.96 −0.71 −16.18
Model 2 −2621 yen 0.89 −0.45 −15.43

Proposal method +8265 yen 1.1 2.04 34.44
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that a significant profit can be obtained with less risk. The RF can be calculated as the
quotient of the net profit divided by the maximum drawdown. For example, the value
of the proposed method is 2.04. Therefore, the automatic trading program based on the
proposed method can be expected to be profitable if it continues to operate in the market
in the future. On the other hand, the trading method using only the indicator for the yen-
dollar market and the indicator for the yen-dollar market and other markets had negative
values, indicating that no profit is expected in the future. A system operating for only a
short period includes the possibility of a negative value when the system is operated for
a long period. Therefore, the value of RF obtained after a short period is an evaluation
indicator that can be used to imagine the results of a more extended period. The RF
value indicates that a profit is expected when the automated trading program based on
the proposed method is run for a longer period than the current one.

Expectancy (EXP) is an evaluation index calculated as the quotient of the total profits
and losses divided by the total number of trades and represents the amount of profit
and loss that can be expected from a single trade. A comparison of the models shows
that the proposed method can expect to earn +34.44 per trade. The other two methods
will likely have a negative profit and loss per trade. As can be seen from the number of
trades, the proposed method is a system that aims to make a profit by making multiple
trades. Therefore, the fact that +125 can be expected from a single trade indicates that
the system is making optimal trades. From these indicators, it can be concluded that
the trading method of selecting the optimal period, considering the influence between
markets, is a profitable trading method.

Of the seven indicators used in this study, four were oscillators. The oscillator-type indi-
cators are characterized by the fact that they generate buy and sell signals for contrarian
trades. On the other hand, the trend-type indicator is characterized by producing buy
and sell signals for forwarding trading. The figure in the price of possession in Model 1
shows a large negative value. This was when the price showed a long uptrend, and many
oscillators gave sell signals in the contrarian market. Therefore, it may be more chal-
lenging to make a profit with the proposed method for trends formed over a long period
than in other markets. Since oscillators and trend indicators have their own merits and
demerits, changing the combination of the two may improve the performance. Further
improvement is also expected in terms of indicator combinations. Specifically, as in this
case, the most profitable combination at the time can be selected and used for trading.

5. Conclusion. Most of the trading rules used in conventional research calculate techni-
cal indicators of past markets and predict future market movements based on the move-
ments of the indicators. In addition, period data is essential in forex trading, and it is
considered better to trade by observing multiple periods, such as multiple timeframe
analysis. Therefore, previous studies used a single period and may not have looked at pe-
riods from multiple perspectives. No study created an automated trading program that
considers not only the impact between markets but also the impact on other markets.

This study used Granger causality analysis to confirm that other markets have Granger
causality to the yen-dollar exchange rate. Furthermore, by considering the relationship
between these markets, the proposed method can trade in response to market price move-
ments that cannot be predicted by using indicators based on historical data of the yen-
dollar exchange rate. The method also allows trading with a multi-frame analysis that
looks at the flow of multiple periods by having the program automatically select the best
short-term period for the period. Numerical experiments have shown the effectiveness of
the proposed method.

Future work is to improve the indicator combination. However, computer processing
time is expected to increase due to the many processes required to find the optimal
parameters. Therefore, it is necessary to devise a way to enable real-time processing.
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