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Dimitrios Vezeris (Greece), Themistoklis Kyrgos (Greece),
Ioannis Karkanis (Greece), Vasiliki Bizergianidou (Greece)

AUTOMATED TRADING
SYSTEMS EVALUATION USING
D-BACKTEST PS METHOD
AND WM RANKING

IN FINANCIAL MARKETS

Abstract

Given the popularity and propagation of automated trading systems in financial mar-
kets among institutional and individual traders in recent decades, this work attempts
to compare and evaluate such ten systems based on different popular technical indica-
tors in combination - for the first time - with the d-Backtest PS method for parameter
selection. The systems use the technical indicators of Moving Averages (MA), Average
Directional Index (ADX), Ichimoku Kinko Hyo, Moving Average Convergence/
Divergence (MACD), Parabolic Stop and Reverse (SAR), Pivot, Turtle and Bollinger
Bands (BB), and are enhanced by Stop Loss Strategies based on the Average True
Range (ATR) indicator. Improvements in the speed of the back-testing computations
used by the d-Backtest PS method over weekly intervals allowed examining all systems
on a 3.5 years trading period for 7 assets in financial markets, namely EUR/USD, GBP/
USD, USD/JPY, USD/CHE XAU/USD, WTI, and BTC/USD. To evaluate the systems
more holistically, a weighted metric is introduced and examined, which, apart from
profit, takes into account more factors after normalization like the Sharpe Ratio, the
Maximum Drawdown and the Expected Payoft, as well as a newly introduced Extended
Profit Margin factor. Among the automated systems examined and evaluated using the
weighted metric, the Adaptive Double Moving Average (Ad2MA) system stands out,
followed by the Adaptive Pivot (AdPivot), and the Adaptive Average Directional Index
(AdADX) systems.

Keywords algorithmic trading, d-Backtest PS method, FOREX,
weighted metrics, extended profit margin
JEL Classification F31, G17

INTRODUCTION

In the past couple of decades, the scientific and financial community
has tackled an ever-increasing amount of work to develop software
systems that trade automatically in the financial and stock markets
around the world. Thus, these systems have become ubiquitous in the
global trading scene, and a need to evaluate them becomes apparent.

The current research examines and attempts to evaluate ten automat-
ed trading systems that are based on widely used technical indicators.
For this purpose, the d-Backtest PS method is used to select the sys-
tems’ parameters, and a weighted metric based on five factors regard-
ing the consistency, risk efficiency, and profitability of the systems is
introduced.

Taking the above into consideration and in order to evaluate the sys-

tems, weekly backtests were conducted on 7 assets of financial markets
for a total period of 3.5 years. Along with the d-Backtest PS method, a
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more traditional constant-period backtesting method was also used for parameter selection. The results
of each backtesting method were compared using a range of weights for each factor of the weighted met-
ric, that produced a classification of the automated trading systems performance.

1. LITERATURE REVIEW

As financial data became more accessible and con-
sistent, and information technology tools became
more capable, automated trading systems could
utilize various techniques and indicators. Some
systems use machine learning techniques to pro-
cess the time series data of an asset and decide on
trading actions (Henrique, Sobreiro, & Kimura,
2018; Booth, Gerding, & McGroarty, 2014), while
other systems use the help of technical indicators
and rules based on these technical indicators to
make decisions when trading an asset (Chong &
Ng, 2008; Wilder, 1978). There are also more com-
plex systems that combine two or more technical
indicators, including artificial neural networks,
fuzzy logic, or other advanced machine learning
techniques (Silva et al., 2014; Osunbor & Egwalli,
2016). Apart from technical data and indicators,
automated trading systems can also utilize in-
formation from outside the financial markets
captured in news articles or social media trends
(Azhikodan, Bhat, & Jadhav, 2019).

In parallel with the development of automated
trading system, there has been a search for bet-
ter means for evaluating such systems. The most
commonly used criterion for evaluating the trad-
ing strategies has been the return on investment or
the similar growth rate and profit rate (Y.-H. Chou,
Kuo, Chen, & H.-C. Chao, 2014). These metrics re-
garding profits have usually been accompanied by
other metrics such as Drawdown ratio and Sharpe
ratio (Wang, Lee, Xiang, Liu, Lei, & Chau, 2019;
Liu, Yu, & Han, 2002). Other metrics used in the
evaluation of trading systems can include the prof-
it factor, the expected payoft, and the profit mar-
gin (Yong, Rozaini, & Abdullah, 2017; Wu, Tseng,
Chan, Huang, Chu, & Chen, 2012). Apart from
the profitability, the combination of these metrics
can give valuable insights regarding the overall
behavior of an automated trading system, such
as the risk taken, or the consistency of its returns.
Different metrics can be weighted and combined
to form a single metric for evaluating an automat-
ed trading system (Svoboda, 2012) who created a
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5F metric using 5 metrics with equal weights. In
the current work, 5 different metrics were com-
bined into a new metric, examining the use of dif-
ferent weights for each one to compare and rank
several automated trading systems, continuing on
the work done by Vezeris and Schinas (2018).

Since most of the automated trading systems uti-
lize rules and components with various parame-
ters, choosing optimal values for each parameter
is of great importance. One of the simplest ways
to determine an optimal value for a parameter
is to test an automated trading system for differ-
ent values of each parameter for a set period and
then use the best values for a future period. This
forward testing technique has been employed by
Marcus (2013). Automated trading systems that
use neural networks, or other components that
have to be trained, usually allow for a training pe-
riod for training and configuring the system and
an evaluation period for evaluating the system
(Silva, Castilho, Pereira, & Brandao, 2014; Trippi
& Desieno, 1991). Another approach is to choose a
variable period of time to use as a back-testing pe-
riod (Vezeris, Schinas, & Papaschinopoulos, 2016)
with the introduction of the d-Backtest PS meth-
od. In the current work, both a constant back-test-
ing period and the d-Backtest PS method at week-
ly intervals are used (Vezeris, Kyrgos, & Schinas,
2018a) to optimize the parameters for all the sys-
tems studied, having refined its back-testing phase,
rendering it less computationally intensive.

With this work, a weighted metricisintroduced and
examined that can be used for evaluating the trad-
ing systems, as well as a new factor, the Extended
Profit Margin, which is used in the weighted met-
ric mentioned above. Another contribution con-
sists of the improvement of the back-testing phase
of the d-Backtest PS method so that it becomes
much less computationally demanding, without
loss of the d-Backtest’s edge, which provided us
with data on time, for all 10 systems and 7 assets
of financial markets over a trading period of 3.5
years. To the best of our knowledge, this is the first
time that the d-Backtest PS method has been used
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to effectively compare different automated trading
systems, paired with a newly introduced metric
for their evaluation.

2. METHODS

2.1. Trading systems
assessment factors

When it comes to evaluating the performance of
the automated trading systems, some qualities
such as return, volatility, and risk are important
(Ili¢ & Brtka, 2011; Kumiega & Vliet, 2012). Some
metrics that are related to the net profit, the con-
sistency, and the security of the trading strate-
gy will be described in the following sections.
Because the available data from the methods used
are weekly results, to summarize the data of 183
weeks into a single value, some metrics had to be
revised.

The total net profit is calculated by subtracting the
gross loss of all losing trades from the gross profit
of all winning trades.

While certainly a valuable metric, the metric alone
can be deceptive as it cannot determine if a trad-
ing system is performing efficiently, nor can it nor-
malize the results of a trading system based on the
sustained amount of risk. Total net profit should
be viewed in concert with other performance met-
rics. Henceforth, Total Net Profit will be referred
to as Profit.

The extended Profit Margin (xPM ) is a variant
of profit margin. Profit margin indicates the prof-
itability of a product, service, or business. It is
expressed as a percentage; the higher the number,
the more profitable the business.

In foreign exchange (FOREX) trading, profit mar-
gin is equal to the ratio of the final net profit divid-
ed by the gross profit during the examined period.

As discussed in Kim et al. (2010), although profit
margin hedging is not the optimal rule for mean
reversion, it can still be profitable if prices are
mean-reverting. The need for a measure, which
will represent both profit and loss, has led us to
an extended equation. When the final net Profit
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is negative, the ratio of the net profit divided by
the Gross loss is calculated. When the net profit
amounts to zero, then xPM is also zero. So the
following equation can describe xPM :

NetProfit
GrossProfit
0, Profit=0 ,
NetProfit
GrossLoss

, Profit >0

1
xPM = D

, Profit <0

extended Profit Margin (xPM ) could express the
weekly profit margin for both negative and posi-
tive values. It also has values within the range of

[-L1].

SharpeRatio (SR) is a popular tool that investors
and fund managers use to calculate the risk-ad-
justed return in stocks, and it was first introduced
by Sharpe (1975). Otherwise, SR is referred to as
reward-to-variability ratio. Essentially, the ratio
shows how much excess return one receives in re-
turn for the extra volatility endured as the ‘price’
for holding a riskier asset:

SharpeRatio =
AHPR —(1-RFR)

— ()
Standard Deviation (HPRS) ’

where RFR is the risk-free rate, which is nor-
mally assumed as 0% in FOREX trading, AHPR

is the average holding period return on invest-
ment or, simply put, an arithmetic mean of a
relative gain per trade. Calculated as the sum of
HPR divided by HPR total, HPR is calculated
as a ratio between balance after out or in-out op-
eration and previous balance (after balance/pre-
vious balance).

In general, the higher the SR, the more risk-effi-
cient is the trading system and the smoother its
return over time. A negative SR either means that
the risk-free rate is greater than the portfolio’s re-
turn, or that the expected return is likely to be
negative.

To evaluate the performance of the systems, the

SR of the weekly data was calculated using the
following formula:

http://dx.doi.org/10.21511/imfi.17(2).2020.16
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profit +10000j .
10000

average(

SR = 3

standard deviation (W"'IOOOOJ

10000

where at the start of each week - the balance is
$10,000, so Profit + $10,000 is the balance at the
end of the week. As the data for each individual
trade were not available, it was considered that
one week is one trade to summarize the metric for
the data.

A maximum drawdown (MDD) is the maximum
observed loss from a peak to a trough of a portfo-
lio before a new peak is attained. MDD is an indi-
cator of downside risk over a specified time peri-
od. It is an important measure of risk for a trading
strategy (Pardo, 2012). The formula for MDD is
as follows:

@

TroughValue — PeakValue
PeakValue '

MDD =

It is important to note that it only measures the
size of the largest loss without considering the fre-
quency of large losses.

MDD is an indicator used to assess the relative
riskiness of one strategy versus another as it focus-
es on capital preservation, which is a key concern
for most investors. A low maximum drawdown
is preferable, as this indicates that losses from in-
vestment were minimal.

The expected payoff (EP) is a statistically calculat-
ed index representing the average profit/loss factor
of a trade. It can also be considered when it comes
to displaying the expected return of the next trade.
It is calculated as total net profit divided by total
trades.

All the measures above are useful, and each of
them shows something different about the auto-
mated trading systems. To evaluate all factors si-
multaneously, it was decided to examine a weight-
ed metric for five factors. A similar effort was made
by Svoboda (2012) who integrated five indices into
one index with equal weights. Their sub-indices
represent yield, liquidity, success factor, stability,
financial default. In our version of the weighted

http://dx.doi.org/10.21511/imfi.17(2).2020.16

metric, each factor used in the equation can have a
different weight. The following basic assumptions
were used as the starting point that can help min-
imize the space of the weights combinations to be
examined:

o Profit and Extended Profit Margin are the
most important because they represent the
profitability of the system and its safety, so
their weights should be greater than those of
other factors.

o Drawdown is the next most important be-
cause it represents the risk of a strategy, but
its weight must be negative as lower values are
more desirable.

« Given the correlation of the Expected Payoff
metric with the Profit metric, its weight has
to be relatively small, smaller than the weights
for the other metrics, and smaller than the
Sharpe Ratio’s weight, which is a measure of
the consistency of a system’s returns.

o Normalization must take place for high-
er quality results because of the wide range
of values between the different metrics of
each system, which allows for the sum of the
Weights to be equal to 1.

For the normalization of each metric, each value
was divided by the sum of the absolute values of
the measure:

X

Zn:abs(xi)’
1

®)

normalized x, =

where x, is the value of a measure and # is the
number of the trading systems being evaluated.

Using the normalized metrics, the value of the
combined Weighted Metric was examined:

W = Wp,,.. - Profit + w,p,, - xPM +

(6)
+We - SR+w,, o+ DD+ wy, - EP,

where each measure is normalized as described
above. To avoid arbitrary weight setting and to ex-
amine the robustness of the Weighted Metric as a
method of systems’ classification, the classification
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of each system was examined and summarized us-
ing all the possible combinations of weights that
tulfill the criteria mentioned in the above bullet
points, using a value space of [0,1] with a step of
0.02 for each of the weights.

2.2. Automated trading strategies

For this research, 10 popular automated trading
strategies were implemented based on well-known
indicators and examined their efficiency using the
metrics described in sub-section 2.1. Each auto-
mated trading system (ATS) is enhanced with an
ATR based stop-loss strategy, as it was introduced
by Vezeris et al. (2019).

The Adaptive single Moving Average (AdIMA)
ATS employs a simple strategy of a single moving
average.

When the close price passes over the MA, it is an
indication to buy the asset. So, all opposite posi-
tions are being secured, and the system opens a
long position. If the close price passes under the
MA, it is an indication to sell the asset. So, all op-
posite positions are being secured, and the system
opens a short position.

The Adaptive double Moving Average (Ad2MA)
ATS uses two moving averages to enter a position:
the fast-MA with a short period and the slow-MA
with a longer period.

When the fast-MA line crosses above the slow-
MA line, it is an indication to buy the asset. So, all
opposite positions are being secured, and the sys-
tem opens a long position. When the fast-MA line
crosses below the slow-MA line, it is an indication
to sell the asset. So, all opposite positions are being
secured, and the system opens a short position.

The Adaptive triple Moving Average (Ad3MA)
ATS uses three exponential moving averages
(EMA) to enter a position. The moving average
with the smallest period is called the fast-EMA,
the one with the medium period is called the me-
dium-EMA and the other with the biggest period
is called the slow-EMA.

When the fast-EMA line is above the medi-
um-EMA line and the medium-EMA line above
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the slow-EMA line, this constitutes a buy signal,
and any short positions are closed, and a long po-
sition is opened. When the fast-EMA line is below
the medium-EMA line and the medium-EMA line
below the slow-EMA line, this constitutes a sell sig-
nal, and any long positions are closed, and a short
position is opened. When the hierarchies described
above cease to exist, any open positions are closed.

The Adaptive Average Directional Index (AdADX)
ATS uses the well-known ADX indicator, created by
Wilder (1978). ADX shows the strength of a trend.
The direction of the trend is shown by two accompa-
nying indicators, the Negative Directional Indicator
—DI and the positive Directional Indicator +DI.

When the +DI line is above the —DI/ line and
the ADX line crosses above a certain threshold,
this constitutes a buy signal, and a long position is
opened. When the —DI line is above the + DI line
and the ADX line crosses above a certain threshold,
this constitutes a sell signal, and a short position is
opened.

As the trend is ongoing and a position is open, it
would be valuable to calculate the decline of the
ADX line as a drawdown percentage of the ADX
value to grasp the weakening of the trend early on
and exit the position.

So, when the ADX line crosses below an exit thresh-
old, or its value drops below the ADX drawdown
value, exit signals are triggered, and any open posi-
tions are closed.

The Adaptive Ichimoku (AdIchimoku) ATS uses the
well-known Ichimoku indicator (Elliott, 2007). The
indicator comprises five lines called the tenkan-sen,
kijun-sen, chikou span and lastly senkou span A
and senkou span B which — when combined - form
the “kumo cloud”.

When the tenkan-sen line is above the kijun-sen
line, the price is above the kumo cloud, the kumo
cloud’s width is not zero and the chikou span is
above the equivalent price of the past, these condi-
tions constitute a buy signal, and a long position is
opened.

When the tenkan-sen line is below the kijun-sen
line, the price is below the kumo cloud, the kumo

http://dx.doi.org/10.21511/imfi.17(2).2020.16
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cloud’s width is not zero and the chikou span is
below the equivalent price of the past, these con-
ditions constitute a sell signal, and a short position
is opened.

When the price breaks above the kumo cloud, this
constitutes an exit signal and any short positions
are closed. Similarly, when the price breaks below
the kumo cloud, this constitutes another exit sig-
nal, and any long positions are closed.

The Adaptive Moving Average Convergence
Divergence (AdMACD) ATS uses the well-known
MACD indicator, created by Appel (2005). The
indicator comprises two lines: the MACD and a
moving average of the MACD called the Signal or
Trigger line.

If the MACD passes over the Trigger line, it is an
indication to buy the asset. So, all opposite posi-
tions are being closed, and the system opens a long
position. If the MACD passes under the Trigger
line, it is an indication to sell the asset. So, all op-
posite positions are being closed, and the system
opens a short position.

The Adaptive Parabolic Stop and Reverse
(AdParSAR) ATS uses the Parabolic SAR indica-
tor, created by Wilder (1978).

When the close price crosses above the SAR val-
ue, this constitutes a buy signal, and any short
positions are closed, and a long position is
opened. When the close price crosses below the
SAR value, this constitutes a sell signal, and any
long positions are closed, and a short position
is opened.

To confirm that a trend has really reached its end
and a reversal is underway, the system can delay
the exit of a position before entering a new one.

The Adaptive Pivot (AdPivot) ATS uses as an in-
dicator, Support and Resistance levels created
around Pivot Points.

When the close price crosses above a chosen
Resistance level, this constitutes a buy signal, and
a long position is opened. When the closing price
crosses below a chosen Support level, this consti-
tutes a sell signal, and a short position is opened.

http://dx.doi.org/10.21511/imfi.17(2).2020.16

The Take Profit can be set either on the next
Support level for short positions or the level after
that. Similarly, for the long positions, it can be ei-
ther set on the next Resistance level or the level
after that. There is also an option, where instead of
closing the whole position on the Take Profit level,
only half is closed. Like this, one manages to se-
cure a portion of the profits, and the rest of the vol-
ume that continues to ride on the potential trend,
closing only by the trailing Stop Loss.

The Adaptive Turtle (AdTurtle) ATS uses various
Donchian Channels and is formulated based on
the strategy described in Curtis (2007). This ver-
sion is a revision of the one implemented in the
research of Vezeris et al. (2019). There are four (4)
different periods for each Donchian Channel:

o aperiod x for opening positions;
« aperiod x, = x/n for closing positions;
o aperiod y for opening delayed positions;

« a period y =y/m for closing delayed
positions.

Typically, x<y and n=m =2.

When the price crosses above the x,,., upper
band, this constitutes a buy signal, and a long po-
sition is opened, and when the price crosses be-
low the x, period lower band, this constitutes an
exit long signal, and any long positions are closed.
When the price crosses below the x,,., lower
band, this constitutes a sell signal, and a short po-
sition is opened, and when the price crosses above
the x, ,,.,q upper band, this constitutes an exit

short signal, and any short positions are closed.

In times of volatile periods, the y ., upper and
lower bands are used to re-open a position when
the previous position was not closed by a stop loss
signal and it was profitable. To close these posi-
tions, the y, ., upper and lower bands are
used.

In addition to these rules, the AdTurtle ATS keeps
on adding volume to the initial open position
as the price moves to more profitable levels. The
maximum permitted additions to the initial po-
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sition are five, and each time it invests less than it
previously did.

The Adaptive Bollinger Bands Anti-trend
(AdBBAntiTrend) ATS, uses the well-known
Bollinger Bands indicator, created by Bollinger
(2001). The indicator consists of 3 bands, the mid-
dle band is a simple moving average, while the
upper and lower bands are typically two standard
deviations.

When the close price first breakouts the upper
band and then closes below it, this constitutes a
sell signal, and any long positions are closed, and a
short position is opened. When the close price first
breakouts the lower band and then closes above it,
this constitutes a buy signal, and any short posi-
tions are closed, and a buy position is opened.

An example of each strategy is shown in Appendix
A. Each figure shows the EUR/USD time series —
from Metatrader 5 trading terminal - along with
the respective indicator of each ATS. The horizon-
tal axis represents time, while the vertical axis the
price of EUR/USD. Finally, the red downward ar-
rows indicate sell signals, while the blue upward
ones, buy signals. A green dot indicates an exit
signal.

2.3. Back-testing

The Metatrader 5 trading platform by MetaQuotes
was utilized to carry out the backtests to exam-
ine the automated trading systems. Besides, the

Microsoft SQL Server was used to collect and han-
dle the findings.

Backtests were carried out on 7 assets of finan-
cial markets, specifically on EUR/USD, GBP/USD,
USD/CHF, USD/JPY, XAU/USD, WTI, and BTC/
USD, with weekly tests over a three and a half-year
period, from 24/01/2016 to 27/07/2019 with data
from the ForexTime, FxPro, and Alpari brokers.
The authors refrained from choosing assets from
categories such as equities or rates because their
trading sessions are brief in comparison.

The initial capital for each test is set at $10,000.
Each ATS risks losing 20% of the equity with every
trade over a 1% movement of price on every asset
apart from WTI and BTC/USD. These two assets
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are highly more volatile than the rest. Therefore,
the percentage was adjusted to 3% and 20% price
movement for WTT and BTCUSD, respectively.

Backtesting processes are widely used today in
forecasting experiment tests. The d-Backtest PS
method dynamically finds the best back-testing
period that will be considered for the following
week.

The d-Backtest PS method requires several back-
tests, typically 30; it has to choose parameters for
each week. This means that many backtests have
to be run in to have enough input for the d-Back-
test PS method over a long period of trading time,
which makes this first phase the most computa-
tionally expensive one. In this research, the au-
thors have devised a new way to shorten the back-
tests’ phase by running only the backtests for the
one-week periods instead of all the back periods
until 30 weeks. Using the data from the one-week
tests, a backtest of any number of consecutive
weeks can then be extracted by combining the re-
sulted metrics from each combination of param-
eters throughout the consecutive one-week back-
tests, using the techniques described in sub-sec-
tion 2.1. The tradeofs of this technique are those
not considered the compounding effects in the
back-testing periods but can examine larger com-
binations of parameters for each system over a
much larger period. The comparison of this new
version of the d-Backtest PS method with the best
BTs and the 6-month back-testing methods de-
scribed next offers an assessment of the new meth-
odology’s performance.

An artifact of the d-Backtest PS method is the fact
that one had to run tests and collect enough da-
ta for a few weeks before the examined period, in
order for the d-Backtest PS method to initialize
the different methods it uses for classifying the
back-testing periods.

The best back-testing periods, which will be
mentioned as best BTs, are the ideal version of
the d-Backtest PS method. The best BTs are de-
termined using ex post-computed historical da-
ta to select the optimal back-testing period and
presented in this work to show the absolute limit
that the d-Backtest PS method could theoretical-
ly achieve.

http://dx.doi.org/10.21511/imfi.17(2).2020.16
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To compare the d-Backtest PS method with more

traditional and used methods, a simple back-testing

method was also examined, which uses a constant
back-testing period of 6 months (26 weeks). By that
simple method, each system selects the best param-
eters of the previous period of 26 continuous weeks

and uses them in the next adjacent week.

3. RESULTS

The results for each system can be presented now
that the automated trading systems and the meas-
ures used to evaluate them are described. Apart
from the data resulting from the d-Backtest PS,
the results of the best back-testing periods that the
d-Backtest PS method could have chosen are also
presented. Besides, the data of a simple 6-month
back-testing method are presented.

If excluding the results from best BTs method,
which was expected to outperform the other two
methods, the results from the d-Backtest PS meth-
od far exceed the results from the simple 6-month
back-testing method, which suffers losses in all
systems. The detailed results can be found in
Appendix.

3.1. Weighted metric classification

The WM metric was calculated for all the combi-
nations of weights with values from 0 to 1 with a

step of 0.02 fulfilling the requirements in para-
graph 2.6, and the ranking of each system in all
of these combinations (a total of 224,956 combina-
tions) was examined.

The following tables summarize the classifica-
tion occurrences of each system for every dif-
ferent weight combination examined. The
d-Backtest PS method’s results can be seen in
Table 1, while the results for the best BTs and
the 6-month constant BT can be seen in Tables 2
and 3, respectively. For the d-Backtest PS meth-
od, the Ad2MA stands out clearly as the best sys-
tem in any of the WM used, with the AdPivot
and AdADX coming next. For the Best BTs, the
first 3 systems remain the same, but this time
AdPivot comes first with Ad2MA and AdADX
following. For the 6-month constant BT, there
is a different ranking with the AdBBAntiTrend
coming first, followed by the AdTurtle, with the
AdPivot in the third place.

3.2. Compounding capital diagrams

One key technique for stock trading is also the
portfolio management (Petropoulos et al., 2017;
Yao et al.,, 2007). In the testing round, each system
started each week with $10.000 for each asset. But
there could be value in examining what a system
would have done when investing its profits from
the previous week to the next, compounding its
capital. To examine this, the authors started with

Table 1. Classification occurrences for all systems based on the WM values for d-Backtest PS method

ATS 1st 2nd 3rd 4th : 5th : 6th 7th 8th 9th 10th
place place place place place place place place place place

Ad2MA %100.0%% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
AdPWOt00%616%404%06%00%00%00%OO%OO%OO%
AdADXOO%SSl% 478%101%00%00%00% OO%OO%OO%
AdTtle 0% | 02% | 117%  894% | 00% | 00% | 00%  00% | 00%  00%
AdSBAnTrend | 00% | 00%  00% | 00%  1000%  00% | 00%  00% | 00%  00%
AdParSAROO%OO%00%00%00%1000%00%OO%OO%OO%
dichimoks  00% | 00% | 00% | 00% | 00% | 00%  1000%  00% | 00% | 00%
AdMACDOO%OO%OO%00%00%00%00%997%06%00%
AdlMAOO%OO%OO%OO%OO%OO%OO%03%994%00%
AdMA 00% | 00% | 00% | 00%  00%  00%  00%  00%  00%  1000%
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Table 2. Classification occurrences for all systems based on the WM values for best BTs

st | 2nd | 3rd  4th  S5th  6th . 7th  8h  9th  10th

ATS i i i i i i H H H
place : place | place : place : place ; place : place ; place : place : place

32.0% 4.3% 0.0% 0.0% 0.0% 0.0%

12% 0%

AdPivot 72.6%

Ad1IMA
AdTurtle

Ad3MA

4h | S5th  6th . 7th  8th = 9th  10th

st | 2nd | 3rd :
place | place | place | place | place @ place | place

place | place | place

ATS

AdBBAntiTrend | 73.7% : 250% : 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
AdTurtle 26.3% | 73.4% 2.3% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
AdPivot 0.0% 1.6% 97.7% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
AdADX 0.0% 0.0% 0.0% 80.6% 4.3% 14.9% 0.0% 0.2% 0.0% 0.0%
Adichimoku 0.0% 0.0% 0.0% 19.4% | 79.6% 0.3% 0.0% 0.0% 0.0% 0.0%
Ad3MA 0.0% 0.0% 0.0% 0.0% 157%  81.0% 4.4% 0.0% 0.0% 0.0%
Ad2MA 0.0% 0.0% 0.0% 0.0% 0.3% 3.6% 92.2% 0.7% 2.3% 0.5%
Ad1IMA 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 54.8% | 217% | 24.2%
AdParSAR 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 2.6% 41.8% | 52.5% 0.0%
AdMACD . 00% . 00% : 00% : 00% . 00% : 02% . 08% . 25% : 235% . 753%
$90.000 initial capital. Each week, the starting bal- . _

) EstimatedProfit =
ance for every asset amounts to one ninth of the (7)

total capital and the remaining two ninths of the _ StartingBalance - ActualProfit

capital are reserved in case of a shortage of capi- 10000

tal. The net profit was estimated for each week for

every asset if trading with the final balance of the Thus, a full picture of the 3.5-year testing period
previous week instead of the $10.000 starting bal- using parameters generated by the d-Backtest PS
ance was continued: method can be observed in Figure 1.
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Figure 1. Systems’ 3.5-year balance graph (January 2016 — July 2019) with compounding capital using
the d-Backtest PS method for parameter selection
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CONCLUSION

With the current research, the study regarding the comparison of high-frequency algorithmic trading
systems in financial markets is broadened by implementing ten such automated trading systems, based
on a widely used technical indicator. To evaluate these systems, the d-Backtest PS method was used at
weekly intervals, the best BTs periods, which provide the ideal outcome of the d-Backtest PS method
and a 6-month constant back-testing strategy. To assess the results, consistency and low risk were also
taken into consideration. Typical metrics provided by Metatrader 5 were used. Instead of profit factor,
the more robust xPM metric was devised, which is an extended version of Profit Margin, and its values
range is [-1, 1]. Because of the importance of every metric, a weighted metric aggregation was created
to evaluate the systems, and the evaluation results of different weights for every metric were examined.

Eventually, from all the automated trading systems, Ad2MA, along with AdPivot, excel both in the
d-Backtest PS method and the best BT periods. Especially in the d-Backtest PS method, the difference
between Ad2MA and the rest of the systems was obvious. The simple 6-month constant back-testing
strategy does not yield profitable results for any of the systems. Moreover, an attempt of primary port-
folio management was made, using seven selected symbols, and Ad2MA was the only one who had an
overall upward tendency.

In the future, we plan to study more closely the two automated trading systems that stood out in the
current research - Ad2MA and AdPivot - and examine whether variations of them could perform prof-
itably with less dependence on their parameters’ values.
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APPENDIX A
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Figure A9. EUR/USD chart with signals from the AdTurtle strategy
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Figure A10. EUR/USD chart with signals from the AdBBAntiTrend strategy
APPENDIX B
Table B1. Total results for Extended Profit Margin (xPM)
. d-Backtest Best BTs 6-m BT
ATS XPM ATS XPM ATS xPM
Ad2MA o 0.2646 : AdPivot 09726 AdTurtle ¢ —0.0024
AdADX 0.9636 AdBBAntiTrend -0.0238
“AdPivot 09422 AdPivot ~0.0431
AdBBANtiTrend 0505t agchmos . loossr
AdTurtle 0.7536 Ad3MA -0.0547
AdParsAR 0.0247 AdParSAR 07208 adADX 00960
“A'dlchimokuu 0.6872 AdParSAR ) -0.0990
AdMACD 0.5987 AdMACD —0.1149
TS NS B stteosser T aowalouse
Ad3MA f 00417 Ad3MA 0.4922 ; AdIMA ; —0.1598
Table B2. Total results for Sharpe ratio
ATS d-Backtes't ATS Best BTs. ATS 6-m BT '
i Sharperatio i Sharperatio i Sharpe ratio
Ad2MA : 0.0852 : ‘ 1.1163 : AdTurtle ‘ -0.0024
AdADX_ 00298 10597 AdBBAntiTrend —0.0238
AdTurtle 0.0254 1.0403 AdPivot —0.0431
AdPlvot 0.0056 0.9207 Adlchimoku —0.0497
AdBBAntiTrend -0.0179 0.7232 Ad3MA -0.0547
AdParSAR -0.0310 AdIMA 0.6881 AdADX —0.0960
Tl e oste T hvesas
AdMACD -0.0461 Adichimoku 0.5845 AdMACD -0.1149
Ad3MA  ~0.0565 0.4749 Ad2MA ~0.1284
AJIMA C T 0.0704 ; Ad3MA : 0.3089 ; AdIMA ; -0.1598
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Table B3. Total results for Drawdown

d-Backtest Best BTs 6-m BT
ATS Drawdown ATS Drawdown ATS Drawdown
Adlurtle 629 AGADX 636 Adlurtle T 378
AdBBANtiTrend 42.93 AdTurtle 31.31 AdADX 35.04
AdADX e A3 AdPivOL 3222 ... AdBBAntiTrend . 3635
Ad2mA 4707 4 AdBBA'ntiTrendH 33.08 i "AdPivo; .......... 49.31
AdIchimoku 51.46 Ad2MA 34.77 Adichimoku 49.39
AdPivot 5254 Adichimoku 4414 AdIMA 55.62
AdIMA 5951 AIMA 4764 Ad2MA 56.21
T S Y TS Y 520 s e
Ad3MA 70.15 AdMACD 58.86 Ad3MA 68.11
AdMACD 7205 Ad3MA 6294 AdMACD 70.66
Table B4. Total results for Expected Payoff
d-Backtest Best BTs 6-m BT
ATS Expected Payoff ATS . Expected Payoff ' ATS . Expected Payoff
Ad2MA 143.42 Ad2MA ‘ 1099.16 : AdTurtle ‘ -0.86
AdPivot 42.56 991.14 -39.15
AdADX 3725 897@7 -39.44
AdBBAntiTrend 28.68 873.00 -49.75
AdTurtle 9.19 604.78 -50.60
AdParSAR 8.13 424.19 -55.13
AdlIchimoku 0.63 294.13 -56.11
AdMAcb —:{1:.:93 287#4 -57.30
AdIMA -5.15 277.31 -123.02
Ad3MA -17.09 AdTurtle 139.52 -152.72
Table B5. Total results for Profit
d-Backtest Best BTs 6-m BT
ATS Profit ATS Profit ATS Profit
....... 144,137.97  ©  AdParSAR 1,798,997.18  AdTurtle -3816.48
63,931.84 AdMACD 1,701,561.30 AdBBANtiTrend —7320.40
- T acimorassoras T adwer
rSAR . 4168197 ¢ AdIMA 1,167,757.11 AdADX
ntiTrend Ad2MA 1,114,543.18 Ad2MA
................ AdPivot 1,:099,933.99 Adlc:himokL:J:
................ AdBBAntiTrend 958,428.21 Ad3MA
ACD AdTurtle 868,538.09 Ad1MA
MA 3360662 | A<:::ISI\/IA 3100,542.72 AdI:::’arSAR:: ‘
AdADX 733,323.78 AdMACD —299852.51
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