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Abstract

Original scientific paper
Software that enables realtime buy and sell transactions in financial markets according to predetermined conditions is called algorithmic
trading. When developing algorithmic trading robots, indicators used in technical analysis are generally used. For the strategy selection of
the robot, a process called Backtest is performed on the historical time series. The purpose of the Backtest process is the process of obtaining
and interpreting values such as the number of successful/unsuccessful trades, the portfolio cash value after the commission to be paid to
the intermediary institution, the profit factor and the sharpe ratio. The biggest disadvantage in this process is the selection of the appropriate
stock, period, indicator and their parameters. Linear programming approaches are mostly used in the selection of these parameters that
optimize the Backtest process optimally. However, according to the strategy to be used, the coding of these algorithms can have a linear,
quadratic or polynomial complexity. This requires more long testing times for investors and algorithmic robot developers. Genetic
algorithm-based approaches inspired by nature, on the other hand, converge to the optimal solution with much less iteration and require
less processing power and time. In this study, a genetic programming-based approach is proposed for the selection of optimal conditions
in algorithmic trading. In the experimental studies section, it has been seen that the use of traditional and genetic algorithm-based
approaches in algorithmic trading operations has advantages when comparing complexity.
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FINANSAL PiYASALARDA ALGORITMiK TICARET iGIN GENETIK ALGORITMA TEMELI
YAKLASIM

Ozet
Orijinal bilimsel makale

Finansal piyasalarda 6nceden belirlenmis kosullara gore anlik al sat islemlerinin yapilmasini saglayan yazilimlara algoritmik ticaret
denilmektedir. Algoritmik islem robotlar gelistirilirken genellikle teknik analizde kullanilan gostergeler kullanilmaktadir. Robotun strateji
secimi igin ge¢mis veriler {lizerinde Backtest adi verilen islem gergeklestirilmektedir. Backtest isleminin amaci gerceklestirilen
basarili/basarisiz ticaret sayisi, araci kuruma 6denecek komisyon sonrasi portfoy kasa degeri, kar faktorii ve sharpe orani gibi degerlerin
elde edilerek yorumlanmasi iglemidir. Bu siiregte en bilyiik dezavantaj uygun stok, periyot, indikator ve bunlara ait parametrelerin
secimidir. Backtest islemini optimal olarak en iyileyen bu parametrelerin se¢iminde ¢ogunlukla dogrusal programlama yaklasimlari
kullanilmaktadir. Ancak kullanilacak stratejiye gore bu algoritmalarin kodlanmasi lineer bir karmasikliktan, quadratic veya polynomial
karmasikliga sahip olabilmektedir. Bu durum yatirimcilar ve algoritmik robot gelistiriciler i¢in uzun test siireleri gerektirmektedir. Dogadan
esinlenerek gelistirilen genetik algoritma tabanli yaklagimlar ise ¢ok daha az iterasyon ile optimal ¢dziime yakinsayarak, daha az iglem
giicli ve zaman gerektirmektedir. Bu ¢alismada algoritmik ticarette optimal kosullarin se¢imi igin genetik programlama tabanli bir yaklagim
oOnerilmistir. Deneysel ¢alismalar boliimiinde, geleneksel ve genetik algoritma tabanli yaklagimlarin karmagiklik, benchmark ve Backtest
sonuglar karsilagtirildiginda algoritmik ticaret islemlerinde kullanilmasinin avantajlara sahip oldugu goriilmiistiir.

Keywords: Algoritmik ticaret, genetik programlama, optimizasyon.

1 Introduction investment, short and long-term investments in line with
company/sector expectations. It is known that mostly

Transactions in stocks, crypto-assets and futures manual operations are performed around the world.
markets are handled in two classes as manual and robotic. However, it is known that the number of investors making
Manual transactions include dividend investing, long-term algorithmic transactions has increased in recent years. A
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significant size of the transaction volume in financial
markets is performed by algorithmic robots. Unlike manual
operations, algorithmic operations are performed
automatically by software that reads news/text and/or uses
technical analysis indicators on temporal series [1-5].
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Figure 1. Financial time series data a) OHLC notation in financial time
series b) Financial time series and volume.

It is known that there are hundreds of indicators that
have entered the literature in technical analysis and have
been developed as open or close sourced.

These indicators are obtained by using the open, close,
low, high and transaction volume information of the
financial asset within the relevant period. In the Figure 1,
the time series of the financial asset is shown by using the
Volume amount as a bar chart in the lower part of the price
chart, and the candle charts consolidating the O:Open,
C:Close, L:Low and H:High price values in a single visual
at the top. While creating candlestick charts, a single image
can be obtained from the OHLC data, which are the four
values mentioned [6].

Eq.(1) is used when naming candlestick charts.
Although they express Bullish or Bearish in the simplest
terms, pattern recognition and the development of pattern-
based approaches in the literature is a separate study.
Because it is known that there are more than 100 candle
patterns. Dozens of different patterns are formed by the
ratio of body and shadows, and the combination of these
patterns in pairs and triples [7].

In Figure 2, the most known and widely used
indicators obtained from time series are given. The
formulas for these and the Buy/Sell strategies that can be
created are given in Table 1. The indicators in Table 1 are
expressed as : Simple moving average (SMA), Exponential
Moving Average (EMA), Moving Average
Convergence/Divergence (MACD), Relative Strength
Index (RSI) and Momentum (Mom), respectively [8] .

The SMA given in Eq.(2) represents the moving
average of the selected n periods. It is assumed, above the
selected period trend is bullish, below the selected period
trend is bearish. In the equation, C represents the closing
values, but any of the OHLC can be chosen according to

Bullish, if Close > Open (1) the strategy.
candle = . .
Bearish, otherwise
Table 1. Commonly used indicators and trading strategies.

Indicator formula Strategy Eq.
SMA e  The price cuts the average up (2)
SMA = ) Ci/n e  The shorter of the averages of two different periods cuts

the longer one up.
EMA EMA; (3)
T la+ (1 —a)EMA;_,,if t >0
MACD MACD;n, = EMA(12) — EMA(26) e MACD value cuts up Signal value 4)
Signalyjne = EMA(MACD)jpe ,9)
RSI RSI = 100 — 100 e Intersection of RSI value with 30/70 threshold values (5)
1+ “G“i”/ﬂLOSS e RSl value cutting its average up
C; i i i
mom MOM = 100 » —t . I:Izemtersectlon of the MOM value with the threshold (6)
i-n

The EMA given in Eqg. (3), unlike the SMA, does not
weight the bars equally, it is calculated recursively
according to the values of the previous bars. Thus, it is
more sensitive to recent price movements. The MACD
given in Eq. (4) was used for the Japanese markets in the
early years. It takes the difference of the EMA value in two
different periods, which is also used in the SMA and EMA

strategy, while Signal provides the smoothing value in the
default 9 periods. Since the Japanese markets are open Six
days a week, the strategy is formed by calculating the
difference of the 2-week buying momentum (12) to the
one-month buying momentum (26) and its intersection
with its 9-day softened value. Although the default period
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is calculated based on daily values, different periods can be
selected.

The RSI given in Eq.(5) is a common indicator used
for excess, normalized to the 0-100 range. Below 30 means
oversold and over 70 means overbought. As a general
acceptance, a position is taken assuming that if it goes
above 30 again, it is bullish, and if it goes below 70 when
it is above 70, it will be a bearish trend.

Another strategy is to use the intersection of the RSI
value with its average according to the n periods to be
selected, as a common option. The Mom given in Eq. (6)
represents the percentage change according to the selected
n periods. The main motivation of the strategy used in the
Mom indicator is to avoid horizontal market noise.

Technical Analysis

T

Figure 2. Technical analysis indicators.

2 Materials and Methods

In this study, a genetic algorithm-based approach is
proposed for the parameter selection of indicators, periods
and indicators in the algorithmic robot development
process. The data terminals used in this area handle the
parameter selection optimization process with linear
programming by using time series data in the backtest
process. For example, the MACD indicator takes 3
parameter data as input. Considering the selection of
periods such as day, 4-hour, hourly, combining with other
indicators and stock selection, optimizing with nested
loops has quadratic or polynomial complexity. This
situation causes a disadvantage in the selection of
hundreds of stocks, the period to be selected, the indicator
to be used and the periods of the indicators. Genetic
algorithms inspired by nature offer a much more effective
solution to the optimization problem. In the continuation
of the article, information about the data set and the
proposed approach, data and experimental studies are
presented.

2.1 Dataset

In the study, data sets of financial assets given in
Table.2 were obtained from Yahoo finance platform and
used [9].

Table 2. Commonly used indicators and trading strategies.
Data set Explanation Date range
Bist100 Borsa Istanbul  27.08.2020

national 100 index  22.08.2022

Yahoo finance platform provides OHLCV (OHLC +
V:Volume) data for almost all financial assets in the
desired period and date range free of charge in .csv format.
The screenshot obtained from the raw data set in the
application environment is shown in Figure 3.

Open i Low Close

2022-06-29

2.2 Backtest Optimization.

Stock, period and the code structure of the traditional
approach used in data terminals for parameter selection of
indicators is given in Figure 4. In this approach, nested
iterations are performed for the selected range as much as
the total number of parameters.

Outer loop condition

false

—— Inner loop condition +—

true l

false statement

statement +——mm——

Figure 4. Optimizing with nested loops.

This approach increases the Big-O complexity
exponentially according to the number of parameters to be
selected [10]. Although this complexity increases, since
almost all of the transactions performed are simple
conventional (statistical) calculations, the processing
computations required is mostly simple. However, the
main problem here is the occurrence of overfitting as a
result of optimization. Financial time series are chaotic
and cannot be expected to fluctuate in the same way in the
future. Therefore, it cannot be guaranteed that the values
that provide the best optimization will yield good returns
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in the future. For this reason, the optimization phase is
also supported by Walk Forward Analysis (WFA) or
Monte Carlo simulation (MCS). All these are the main
disadvantages of traditional Backtest optimization [11,
12].

2.3 Genetic Algorithm Based Backtest Parameter
Selector

Genetic algorithms are approaches that are developed
by observing nature and realize the optimization with an
evolutionary mechanism [13-15]. Genetic algorithms are
suitable for Backtest optimization by their nature. It is an
effective method that can provide convergence to the most

optimal parameters without the need for process
complexity and later approaches such as WFA, MCS and
without overfitting.

The proposed approach in this study is given in Figure
5. The approach, which takes the time series as input,
makes the parameter selections that optimize the loss
function of the network for the selected indicators
adaptive. The proposed method can be considered
recursively, as well as selecting the most appropriate
parameter, combining the most appropriate input value
(Open, Close, Low, High) values, the most appropriate
period (daily, hourly, weekly) and the most compatible
indicators.

Fittest parents

Figure 5. Proposed method.

3 Experiments and Results

Experimental studies consist of 500 pieces of data
consisting of daily closing values of approximately 2
years in the Bist100 index. Backtest procedure was used
to compare the results [16, 17]. Experimental studies were
carried out using Python programming language and
pandas, backtrader libraries [18-20]. In the backtest
process, slippage and commission are taken into account
as (1/10000). In all studies, the initial safe value was
assumed to be 10,000. Buy/sell signals obtained at bar
Slosings are shown in Figure 6.

- . . 1

..l“ IJIL - III.L 1 llli

R s o Dol . sl
Figure 6. Buy/sell signals.

el L

In the aggregated results given in Table 2, better
results were obtained with genetic algorithms for all

indicators. With the proposed approach, it was observed
that the portfolio value increased by 28%. Another finding
is that the MACD, EMA and RSI indicators work better.
When the proposed approach and conventional-based
approaches are compared, the portfolio returns increased
between 2% and 30% thanks to the proposed approach.

All strategies are designed in two ways. In other
words, when the Long signal occurs, if there is a Short
position, it buys by taking profit or by closing it with a
stop loss, and on the contrary, it closes the Long positions
and takes a Short position. For this purpose, positions are
opened twice as much as the previous one each time. In
the executed Backtest strategy, it can be assumed that 1
lot is purchased at a time or that a cumulative purchase is
made at the ratio of the portfolio. In this study, the second
one, the cumulative portfolio, was preferred. Better results
are shown as bold in Table 2.

In Figure 7 below, the trades and portfolio gains
obtained with the conventional and proposed approach for
MACD, EMA and RSI in conventional Table 3 from the
backtester library are shown collectively.
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Table 3. Experimental studies.

Indicator Conventional Approach Recommended approach
Default Portfolio return Obtained Portfolio return Strategy
parameters (%) parameters (%)
MACD 12-26-9 -1.9% 3-41-2 28% Long trade when MACD crosses above signal
line up
C-EMA 1-8 16% 3-34 18% Long trade when close cross above 8-ema
EMA 5-22 6% 3-34 18% Long trade when the fastest EMA crosses
above slowest EMA
RSI 5-14 13% 7-14 19% Long trade when RSI recursively cross above
its moving average up
Mom 1.0 15% .94 17% Long trade when Mom exceeds percentile
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Figure 7. Backtest results

In Figure 8, the average and optimum suitability :
values typically obtained in experimental studies are ’ —
shown graphically. When nested loops are used in the
optimization process based on the backtest process, much
more iterations work. Genetic algorithms, on the other
hand, are very suitable for this problem by their nature,
they can converge to the optimum solution by exploring
the problem space with much less iteration.

Figure 8. Average and best fitness functions.
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4 Conclusions

In this study, an approach is proposed to perform
optimization of backtest that based on indicators
commonly used in technical analysis, on genetic
algorithm. The parameters of the indicators used in
technical analysis are chosen empirically or according to
a certain rule. For example, since the parameters 12, 26 of
the MACD indicator are applied in the Japanese markets,
which are traded 6 days a week, they correspond to the
number of 2-week and monthly bars. For algorithmic or
manual transactions, these parameters vary for each
market, financial asset and the monitored period.
Traditionally, choosing the one that gives the best results
on the historical data with the conventional approach can
cause overfitting problems. In order to prevent this,
verification with WFA and/or MCS after Backtest
optimization creates a disadvantage. In this article, a
genetic algorithm-based approach that converges to the
best result is proposed, and in experimental studies, the
proposed approach in all 5 different strategies outweighs
conventional approaches.
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