
Knowledge-Based Systems 216 (2021) 106769

a

b

c

d

q
s
t
m
b
c
l
d
l
o
a
i
t
e
d
e
b
p
a

(

h
0

Contents lists available at ScienceDirect

Knowledge-Based Systems

journal homepage: www.elsevier.com/locate/knosys

Evolutionary ORB-basedmodel with protective closing strategies
Mu-En Wu a, Jia-Hao Syu b, Jerry Chun-Wei Lin c,∗, Jan-Ming Ho d

Department of Information and Finance Management, National Taipei University of Technology, Taiwan
Department of Computer Science and Information Engineering, National Taiwan University, Taiwan
Department of Computing, Mathematics, and Physics, Western Norway University of Applied Sciences, Norway
Institute of Information Science, Academia Sinica, Taiwan

a r t i c l e i n f o

Article history:
Received 17 May 2020
Received in revised form 8 December 2020
Accepted 8 January 2021
Available online 2 February 2021

Keywords:
Opening range breakout
Genetic algorithm
Evolutionary computation
Protective closing strategies
Optimization

a b s t r a c t

Opening range breakout (ORB) is a well-known intraday trading strategy via technical analysis. ORB
lacks robustness against market uncertainties (e.g., information from contradictory sources), and does
not consider all relevant market characteristics. Furthermore, the closing strategies in generic ORB
are not well defined. In this study, we developed an evolutionary ORB-based model, which utilized
historical data to optimize thresholds in order to enhance profitability, and developed protective
closing strategies aimed at to prevent unacceptable losses. Selecting appropriate thresholds and
parameters for ORB is a non-trivial task, due to the fact that the search space exceeds sixty-five
thousand options. We used evolutionary computation to derive rational strategies and parameters
for ORB. The proposed framework based on a genetic algorithm optimizes the parameters related to
threshold selection and protective closing strategies. In experiments, this resulted in annual returns
of 9.3% (representing a 2.8% improvement over the original strategy) and Sharpe ratio of 2.5 (an
improvement of 1.0), while reducing the maximum drawdown by half. The proposed scheme also
reduced computational overhead by 89% compared to a grid search.

© 2021 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).
1. Introduction

Technical analysis and fundamental analysis are two major
uantitative trading disciplines [1,2], which, unlike subjective
entiment and news-based strategies [3–5], use objective data
o quantify trading patterns and generate trading signals. Funda-
ental analysis [6] estimates the market value of a company [7]
y generating trading signals from financial statements indicating
hanges in income, cash flow, equity, and operating state. The
ow reporting frequency of financial statements means that fun-
amental analysis is best-suited to long-term investments with
ow trading frequency. Technical analysis [8] relies on analysis
f statistical data gathered from trading activities [9] to identify
nd evaluate trading opportunities in an attempt to character-
ze patterns in price movements for use trading signals. Note
hat the amount of data available for technical analysis grows
xponentially with trading frequency. Resolving difficulties in
ealing with instances of high frequency trading [10] requires
fficient algorithms based on computational intelligence [11] and
ig data [12]. In recent decades, technical analysis based on com-
utational intelligence has become a popular trading discipline
nd topic of research.
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950-7051/© 2021 The Author(s). Published by Elsevier B.V. This is an open access a
Opening range breakout (ORB) is an intraday information-
driven [13] momentum-type [14] trading strategy obtained via
technical analysis. ORB is based on the assumption that the most
dynamic period of any trading day is the first few minutes imme-
diately after the market opens, which is referred to as the opening
range. Information-driven trends that extend beyond the opening
range can cause the price to break through a predetermined
threshold. Holmberg et al. [15] reported that returns based on
ORB strategies are higher than those obtained based on a normal
distribution. In a report by Tsai et al. [16], ORB strategies achieved
annual returns exceeding 8% in all five of the futures markets.
Overall, ORB strategies have proven highly effective in theoretical
analysis as well as practical applications based on empirical data.

Syu et al. [17] pointed out that ORB strategies do not fully
account for historical data or market characteristics. This led to
the development of threshold-adjusted ORB strategies (TA_ORB),
in which prior information is used to define market character-
istics and enhance profitability. They also reported that the win
rate of TA_ORB is relatively low, due in part to the fact that
ORB strategies always close the position when the market closes.
In the event that contradictory information comes to light after
taking a position, the conventional ORB closing strategy can lead
to enormous losses. Essentially, ORB strategies lack robustness
in the face of information from multiple sources or unforeseen
market conditions. Our objective in this study was to develop
rticle under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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rotective closing strategies aimed at enhancing the robustness
f the ORB framework against uncertainties in the market.
Selecting the optimal parameters by which to formulate a

trategy under ORB is a non-trivial issue. For example, using a
rid search (i.e., exhaustive search) to derive the best param-
ters introduces the risk of overfitting [18]. Researchers have
eveloped a number of parameter optimization tools, including
imulated annealing [19], the gradient descent method [20], and
enetic algorithm (GA) [21]. Simulated annealing is a probabilis-
ic technique (inspired by the hardening process used in metal
ork) used to identify the optimal combination of objective func-
ions [19]. Gradient descent is an optimization algorithm that
teratively moves in the direction of the steepest descent as de-
ermined by a gradient [20]. However, an uneven solution space
ith multiple peaks cannot guarantee a gradient indicating the
orrect direction. GA is a heuristic approach in evolutionary com-
utation [22], which has proven highly effective in nonconvex
ulti-peak optimization problems [23]. This approach is based
n the concept of survival by natural selection [24], in which a
trong individual (a strong parameter set) has a higher likelihood
f survival. Furthermore, the process of selection, crossover, and
utation leads to a wide range of potential solutions. These
dvantages motivate us employed a GA to facilitate the selection
f parameters for our ORB-based model.
In this study, we sought to establish ORB strategies capable of

mproving trading performance and computational efficiency. The
roposed protective closing strategies alert investors of situations
equiring their attention, while stop-loss and take-profit mecha-
isms help to prevent unbearable losses and realize profit [25].
e developed a GA-based ORB framework (GAORB) to over-

ome the complexity inherent in the selection of parameters.
wo variants of the scheme based on different selection crite-
ia (respectively referred to as GAORB_Ret and GAORB_Sharpe)
llow investors to focus on different indicators, such as risk or
rofit. GAORB is applicable to many sub-algorithms used for
he selection of indicators and the development of protective
losing strategies, including GA_Ret, GA_Sharpe, GA_Ret_SL, and
A_Sharpe_SL.
In experiments, GA_Ret and GA_Sharpe improved on the orig-

nal ORB by increasing annual returns by 1.667% (to 8.068% and
.305%) and the Sharpe ratio by 0.365 (to 1.810 and 1.865),
hile reducing computational overhead by 60.9%. GA_Ret_SL and
A_Sharpe_SL improved annual returns by 2.667% (to 9.071%
nd 9.303%) and the Sharpe ratio by 0.926 (to 2.302 and 2.495),
hile reducing computational overhead by 89.1%. Overall, our
esults demonstrate that the proposed threshold adjustment can
nhance profitability, and the proposed stop-loss mechanism can
elp to stabilize performance. The GAORB framework was also
hown to improve the efficiency and rationality of parameter
election. This paper makes the following contributions as:

1. We first developed an ORB-based model that fully takes
historical data or market characteristics into account for
improving trading performance.

2. The developed a ORB-based model facilitates the selection
of parameters using the genetic algorithm to achieve good
performance.

3. Several protective closing strategies were proposed to sta-
bilize and enhance profits in the developed model.

. Literature review

.1. Original opening range breakout

Opening range breakout (ORB) is an event-driven, intraday
rading strategy based on the concept of momentum. ORB detects
2

Fig. 1. GA encodes the parameters into binary gene.

pricing trends for the generation of trading signals, while setting
upper and lower price thresholds based on the highest and lowest
prices within the opening range, which is the period shortly (15
to 30 min) after the market opens. As long as no unforeseen
events occur during that day, prices are expected to fluctuate
between the two thresholds. In the event of newsworthy changes,
price can be expected to break out of the thresholds and generate
trading signals. Based on the concept of momentum, if the price
breaks out beyond the upper threshold, then the ORB will gener-
ate a long (buy) signal. If the price breaks out beyond the lower
threshold, then the ORB will generate a short (sell) signal. As an
intraday strategy, ORB closes (clears) all positions at the close of
the market.

Holmberg et al. [15] presented an ORB strategy based on nor-
mally distributed returns, which produced returns significantly
higher than zero in conventional statistical tests. In seeking to
determine the best length for the open range in each market,
Tsai et al. [16] developed an ORB strategy that achieved annual
returns of over 8% on the DJIA, NASDAQ, S&P, HSI, and TAIEX.
Syu et al. [17] reported that the ORB strategy was profitable
when applied to the Taiwanese financial market; however, the
ORB does not take historical data or market characteristics fully
into account. ORB strategies have also been developed with ad-
justed trading thresholds to account for market characteristics
with the aim of improving profits and reducing risk. One such
model achieved annual returns of 32.25% between 2008 and 2012,
which is 2.6 times the original ORB. The ORB studies mentioned
above succeeded in generating trading signals indicating a suit-
able time to enter the stock market, but the closing mechanism
involves clearing the position when the market closes. In cases
of unreliable signals or contrary events, the ORB can lead to
enormous losses. ORB strategies clearly require a reliable closing
mechanism.

2.2. Genetic algorithm

Genetic algorithm (GA) was first introduced by Holland in
1975 [26], which is a subset of evolutionary computation [22]
that uses metaheuristic techniques for solving optimization prob-
lems [27]. GA is inspired by the theory of evolution [28] by natural
selection [24], based on the principle that the genes that give
strong individuals a higher likelihood of survival can be passed
on by parents to the next generation. The process of evolution
involves three operations: selection, crossover, and mutation [21,
29].

A chromosome (or an individual) in GA represents a set of
solutions, which can be encoded in binary format (0 and 1), as
shown in Fig. 1. The number of individuals in a generation is
referred to the population size, and each individual is evaluated
in terms of a fitness function. A chromosome with a higher
fitness value has a higher probability of surviving into the next
generation. A selection operator selects the individuals for the
next generation based on their calculated fitness values, using
methods such as Roulette Wheel Selection [26], Stochastic Uni-
versal Sampling [30], or Save-best [31]. Roulette wheel selec-
tion [32] determines survivors in terms of probability propor-
tional to the fitness value, while giving even weak individuals a
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mall chance of surviving. Save-best selection allows the survival
nly of individuals with the highest fitness values. Stochastic
niversal sampling [30] ensures a selection of novel offspring to
nhance the variety of the population. Crossover and mutation
re the evolutionary processes driving the creation of the next
eneration.
GA has proven highly effective in resolving NP-hard optimiza-

ion problems. It has been applied in many domains, such as the
raveling salesman problem [33,34], rule mining [35], energy [36,
7], and finance [38–41]. Metawa et al. [38] solved the issue of
anking decisions in credit crunch environment by adopting GA
o maximize profits and minimize the risk of default. Núñez-
etamendia [39] applied a GA-based model to deal with technical
rading systems in which the complexity exponentially grows
ith the number of technical rules and decisions. Díaz et al. [40]
ought to resolve the problem of multi-period index tracking by
eveloping a hybrid model in which the GA was used to select
tocks for the creation of an index tracking portfolio. Srinivasan
nd Kamalakannan [41] used multi-objective GA-based model to
ssist the financial risk management through the analysis of data
ertaining to credit cards and credit applications.

.3. Performance indicators

Trading strategies can be evaluated in terms of profitability
nd/or risk [42]. In measuring profitability, the total profit, annual
eturns, and the win rate are generic measures used for evalua-
ion. The commonest indicator for measuring profitability is total
rofit, which refers to the revenue attributable to a given strategy
n a given trading period. Annual returns refers to the returns
enerated by a given strategy over the period of a year [43],
hich can be calculated by dividing total profit by the average
osts during the trading period, the result of which is divided
y the number of the years. Win rate refers to the number of
ins divided by the total number of transactions, indicating the
robability that a given strategy will make a profit.
The Sharpe ratio [44–47], profit factor (PF) [48–50], and max-

mum drawdown (MDD) [51,52] are general terms used in the
valuation of risk. The Sharpe ratio is derived by dividing excess
nnual returns by the standard deviation of returns, as shown
n Eq. (1), where R is the annual returns attributable to the
trategy, rf is the risk free rate, and σ is the annualized standard
eviation of daily returns. Note that the effect of rf is usually
isregarded. The Sharpe ratio is used to indicate the trade-off
etween profitability and volatility; i.e., how much profit can be
arned under a unit of risk (volatility) [53]. Generally, a higher
harpe ratio is more attractive to investors. PF indicates the net
rofits divided by the absolute value of the net loss [48], indicat-
ng the amount of profit that can be earned for each dollar lost. A
F value exceeding 1 indicates that a given strategy is profitable,
hereas a PF value below 1 indicates that total losses exceed total
rofits MDD indicates the maximum observed loss associated
ith a given portfolio between a peak and a trough (i.e., before
new peak is attained) [54], indicating the maximum loss that
ould be incurred during trading. A smaller MDD indicates better
isk management performance.

Sharpe Ratio =
R − rf

σ
≈

R
σ

(1)

3. Proposed GAORB framework and protective closing strate-
gies

In this section, we outline the three main components of the
proposed framework, which is the threshold adjustment ORB
strategy and protected closing strategies optimized by GA. Sec-
tion 3.1 introduces the threshold adjustment ORB strategy, which
 d

3

also illustrates the trading mechanism of the proposed frame-
work. Section 3.2 presents the protected closing strategies de-
signed for ORB strategy to reduce the trading risk. With the
description of trading and protected closing strategies, the pa-
rameters of the proposed framework are listed and optimized in
Section 3.3. Details of each components of the developed GAORB
are then illustrated below.

3.1. Threshold adjusting ORB strategy (TA_ORB)

Syu et al. [17] proposed a modified ORB strategy, referred
to as threshold adjusting ORB (TA_ORB) to enable the efficient
utilization of historical information and market characteristics,
which is applied in the our framework. This involves adjusting
the upper and lower price thresholds (h and l) via ε (ε1 and
ε2) and σ to create new upper and lower bounds (Bu and Bl),
which can be formalized using Eq. (2) (see Fig. 2). σ indicates
the standard deviation of the price within the opening range,
which is a varied from day to day. ε1 and ε2 indicate the scale
of price threshold adjustments, which is a discrete parameter.
TA_ORB generates trading signals based on the new upper and
lower bounds, which means it obtains the information of h, l, ε,
nd σ within the opening range to calculate the upper and lower
ounds (Bu and Bl). After the opening range, if the price breaks

out beyond the upper (below the lower) bound, TA_ORB then
generates a long (short) signal, and buy (sell) a position of the
futures.

As shown in Fig. 3, TA_ORB uses a moving window [55] for
the parameter selection of ε with the highest returns (or highest
Sharpe ratio) in the previous two months of training data to be
applied to the testing data for the following months. For example,
as for trading in March 2018, the framework will use the data
from January 2018 to February 2018 as training data, and find
the ε1 and ε2 to optimize the trading return (Sharpe ratio) within
he training data. The selected ε1 and ε2 are implemented in
arch 2018 to define the bounds and generate trading signals.
he training and testing windows move forward by one month
t a time. To facilitate calculation, we avoided calculating the
everage of futures contracts by purchasing and selling futures at
he market price. Thus, we derived the profits from the difference
etween the purchase and selling prices with the unit of point
a point is 200 new Taiwan dollars by the futures contracts),
nstead of calculating the margin and leverage. Furthermore, we
urchased the same number (called a unit or a position) of futures
very day regardless previous profits and losses.

Bu = h + ε1 × σ

Bl = l + ε2 × σ
(2)

In this paper, the parameters used in TA_ORB (ε1 and ε2) are
ptimized in accordance with the proposed GAORB framework.
yu et al. [17] discovered ε only at coarse resolutions; however,
ach grid used in the search is likely to exceed 1, which means
hat many potential solutions must be abandoned. Thus, precision
an be improved by obtaining ε from data of higher resolution.
As shown in Fig. 4, we investigated the size distribution of σ

o determine the optimal search resolution, eventually settling
n the 99th percentile. The highest 1% of σ was 21.8 points (the
nit used in this paper); therefore, we set the jump size (search
esolution) to σ

32 (2−5σ ) in order to ensure that each jump size
was less than 1 and would cover almost all possible solutions.
The search range of ε was from -σ to σ in increments of σ

32 .
his resulted in 64 candidate values for ε, which are encoded
n 6 bits for both ε1 and ε2. The GA-based ORB with threshold
djustment is termed GAORB. We also developed two variants
ased on different selection criteria (respectively referred to as
AORB_Ret and GAORB_Sharpe), to allow investors to focus on
ifferent indicators, such as risk and profit.
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Fig. 3. The moving window mechanism.
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Fig. 4. Distribution of the σ size from 2007 to 2018; x- and y-axis represent
he probability and the size of σ (standard deviation of price in opening range).

.2. Protective closing strategies

The protective closing strategies (stop-loss and take-profit) are
ndependent mechanisms intended to prevent unbearable losses,
nd are applicable to GAORB_Ret as well as GAORB_Sharpe. Un-
er the stop-loss mechanism, all positions are immediately closed
f the unrealized loss exceeds threshold (SL). Consider the exam-
le where SL is set to 100 points, if we take a long position at
000 points and the price dropped to below 900 points, then the
top-loss mechanism would be triggered, such that the position
ould be closed immediately (i.e., the unrealized loss is greater
han SL).

Under the GAORB strategy, situations where the unrealized
oss is greater than the difference between the upper and the
ower bounds (B − B ) showed that the opposite position should
u l

4

be taken (i.e., ORB made an erroneous decision) and the current
position should be stopped-loss. Therefore, we set the stop-loss
threshold (SL) to be TSL × (Bu − Bl) in the proposed GAORB. Note
that TSL is assigned by one of four discrete values, such as 1

3 ,
2
3 ,

, and ∞, and ∞ ensures that the stop-loss mechanism is not
riggered.

The take-profit mechanism is used to ensure that a profit
s realized. If the unrealized gain is greater than or equal to
hreshold TP and the price drawdown from the highest price
xceeds the ratio of maximum unrealized gain (RDD), then all of
he positions are immediately closed. To be brief, once the gain
eaches the threshold TP , the take-profit mechanism is activated.
fter that, once the price drops below (highest price −RDD×

aximum unrealized gain), all of the positions are immediately
losed. Consider an example where RDD is set to 20% and TP is
et to 100 points. If we take a long position at 1000 points and
he price increases to 1200 points, the take-profit mechanism is
ctivated since the unrealized gain is larger than TP , 100 points.
fter 1200 points, the price began to fall. If the price drops below
o 1200 − 20% × 200 = 1160, such that the position would
mmediately be closed (i.e., drawdown from the highest price
xceeds RDD× maximum unrealized gain = 20% × 200 = 40
oints).
Also, we set the take-profit threshold (TP) to be TTP × (Bu −Bl)

n the proposed GAORB. Therefore, the take-profit mechanism
ncludes two parameters: TTP and RDD. This process is simplified
y setting TTP at the value of TSL, indicating that the unrealized
ain or loss is less than TSL, such that protective closing strategies
re not to be activated. RDD was set at discrete values of 1

3 ,
2
3 , 1,

or ∞, in which ∞ indicates that the take-profit mechanism will
never be triggered.

We also employed a moving window mechanism [17] for the
selection of parameters from training data covering the last two
months. The parameters are then applied to testing data for the
following month with the window sliding one month for each
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eriod, as shown in Fig. 3. The parameters in this paper included
1, ε2, TSL, and RDD, which resulted in 216 parameter combinations.
nder these circumstances, using the grid search approach to
ind optimal solutions would be a non-trivial task. We therefore
eveloped a GA-based framework called GAORB to optimize the
arameters used in ORB.

.3. Proposed GAORB framework

The proposed GAORB framework is illustrated in Fig. 5. GAORB
ses data from the previous two months to derive appropriate
arameters for each testing month.
First, we randomly generate individuals for the initial gener-

tion, and each generation (population size) contains 25 individ-
als . As shown in Table 1, the chromosomes of individuals are
ncoded in binary format. The 1st to 6th bits represent ε1 and

he 7th to 12th bits represent ε2; both of them include 6 digits

5

ith the range from 0 to 63. We then encode ε1 and ε2 from [−32
32 ,

−31
32 , . . . , 31

32 ] to [0, 1, . . . , 63], which covers approximately −1 to
1, increased by 1

32 . The 13th to 14th bits represent the TSL and
the 15th to 16th bits represent RDD; both of them encode [ 13 ,

2
3 , 1,

] into the binary form [0, 1, 2, 3], which are used to determine
hether the implementation of protective closing strategies is
equired. Thus, if the TSL and RDD are ∞, then no protective closing
strategy is implemented.

After the initial encoding progress, GAORB is started to run
the evolutionary process. For each iteration, individual chromo-
somes are decoded into a parameter set, and the proposed fitness
functions are then used for evaluation (i.e., trading return or
Sharpe ratio). Strategies that use the trading return as a fitness
function are referred to as GAORB_Ret, whereas strategies that
use the Sharpe ratio as a fitness function are referred to as
GAORB_Sharpe.
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Algorithm 1: Developed GAORB model
for Each testing month do

Implement GAORB model to find the optimized ORB
parameters in the past two-month training data:
Randomly generate individuals for initial generation
for Repeat Ngeneration times do

Calculate the fitness value for each individual from the
trading return or Sharpe ratio
Select individuals by fitness value
for Each individual do

if Crossover (Pcross) then
Randomly select another parent
Child gene picked from parents
Child replaces the parent

for Each gene of each individual do
if Mutate (Pmutate) then

Flip that gene (0 to 1, vice-versa)
if Termination criterion is satisfied then

Return the best individual, and terminate the progress
Trade the ORB strategies in testing data by the best
parameters from the derived final solutions (the individual)

Eqs. (3) and (4) respectively present the two sigmoid fitness
unctions for GAORB_Ret and GAORB_Sharpe (see Fig. 6), where
is the function input equal to the trading returns or Sharpe

atio. The sigmoid function [56] is monotonic and bell-shaped
n the first derivation, as it matches the distribution of returns,
hich makes it suitable for the proposed model. The output of
he fitness function is the fitness value representing the survival
robability of the individual. Thus, the probabilities of obtaining
eturns of 0% and 5% are respectively 50% and 75%, where 5% is
he expected returns based on the market trend. The probabilities
f obtaining a Sharpe ratio of 0 or 0.6 are respectively 50% and
5%, where 0.6 is the expected Sharpe ratio based on the market
rend. Using the fitness functions defined above, the survival
robability of an individual with 5% returns (Sharpe ratio of 0.6)
as half more probability than that of an individual with 0%
eturns (Sharpe ratio of 0).

FF_Ret(x) =
1

1 + e−20 ln 3×x
(3)

FF_Sharpe(x) =
1

1 + e−1.67 ln 3×x
(4)

After the evaluation progress of each individual, the selection
perator selects survivors with great fitness value for next gen-
rations. Three commonly-used methods such as roulette wheel
election [26], save-best selection, and stochastic universal sam-
ling [30] are used for the selection operation. Note that each
ethod is used to contribute one-third individuals of a popula-

ion. In addition, the crossover rate (Pcross) is initially set at 80%
or evolution. Each survivor has Pcross probability to be randomly
elected by performing the crossover operation for next genera-
ion. Furthermore, the mutation rate (Pmutate) is initially set at 5%
or evolution. Each gene of a survivor has Pmutate probability to run
he mutation operation, which is to switch the value from 0 to 1,
n vice versa. Two termination criteria for the developed GAORB
re: (1) if the number of iterations exceeds 100, the algorithm
s then terminated; or (2) if the individuals are converged for
0 generations, the algorithm is then terminated. After that, the
ndividual with the highest fitness value is considered as the
olution. This output is then decoded into a parameter set for
he ORB strategies and will be examined in the test dataset. The
seudo-code of the designed GAORB is presented in Algorithm 1.
6

Fig. 6. Fitness functions for each GAORB. The x-axis represents the trading
return and the Sharpe ratio, and the y-axis represents the fitness value of the
corresponding return for Sharpe ratio.

Table 1
Encoding the chromosomes.
1–6 bits, 7–12 bits ε1 , ε2 13–14 bits, 15–16 bits TSL , RDD

000000 −
32
32 00 1

3

000001 −
31
32 01 2

3

000010 −
30
32 10 1

000011 −
29
32 11 8

.

.

.
.
.
.

111110 30
32

111111 31
32

Table 2
The naming rules of GA-based model.
GAORB Return Sharpe ratio

Without closing strategy GA_Ret GA_Sharpe
With stop-loss GA_Ret_SL GA_Sharpe_SL
With stop-loss and take-profit GA_Ret_SLTP GA_Sharpe_SLTP

Collectively called GAORB_Ret GAORB_Sharpe

4. Experiment results

This section outlines the trading performance, time efficiency,
convergence, and effectiveness of the GAORB strategies. The naive
GA-based models without the proposed closing strategies are
referred to as GA_Ret and GA_Sharpe. GA-based models with the
stop-loss mechanism are referred to as GA_Ret_SL and
GA_Sharpe_SL. GA-based models with the stop-loss as well as
the take-profit mechanisms are referred to as GA_Ret_SLTP and
GA_Sharpe_SLTP. The naming rules of the GA-based models are
listed in Table 2, where columns indicate the fitness function,
and rows indicates the protective closing strategy. In addition, we
adopt the original ORB strategy as a benchmark to compare with
the proposed evolutionary ORB-based models. The benchmark
strategy in all of the figures and tables is the original ORB strategy,
which does not adjust the price threshold and without protective
closing strategies. All of the GA-based models are referred to as
GAORB, and the models with fitness functions based on returns
and Sharpe ratio are respectively referred to as GAORB_Ret and
GAORB_Sharpe.

From Figs. 7 to 9, the x-axis indicates the trading day and the
y-axis indicates the cumulative profits. The vertical black lines
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Fig. 7. Cumulative profit of benchmark, GA_Ret, and GA_Sharpe.

able 3
erformance of strategies.

Benchmark GA_Ret GA_Sharpe

Total profit 6579 8141 8380
Annual returns 6.520% 8.068% 8.305%
Win rate 50.475% 51.067% 51.304%
Sharpe ratio 1.473 1.810 1.865
Profit factor 1.095 1.118 1.122
MDD 2638 1824 1780

indicate the beginning and end of the year from 2007 to 2018.
The blue curve indicates the cumulative profits obtained using the
original ORB strategy (the benchmark in this paper), and the black
curve indicates the price of Taiwan Index Futures (TXF), which
is the commodity in which we invested. Note that the blue and
black curves are the same in Figs. 7 to 9 because of the same
indicator lines and benchmark. The orange curve indicates the
results obtained using GAORB_Ret and the green curve indicates
the results obtained using GAORB_Sharpe.

In the following experiments, TXF data provided by the Taiwan
utures Exchange were used as a trading dataset. The 1-minute
HLC data (opening, highest, lowest, and closing prices) covered
he period from 2007/11/1 to 2018/12/31, including bull and bear
arkets. The dataset included approximately 106 of OHLC data.

.1. Trading performance of GAORB strategies without protective
losing strategies

Table 3 lists the performance indicators used to assess GA_Ret
nd GA_Sharpe, both of which lack a protective closing strategy.
A_Ret and GA_Sharpe significantly outperformed the bench-
ark in terms of total profits (+1681.5 averagely), annual re-

urns (+1.667% averagely) and Sharpe ratio (+0.365 averagely),
ndicating they generated more profit in a more stable manner.
A_Ret and GA_Sharpe provided the best results for profit factor
nd win rate. Note that the MDDs of GA_Ret and GA_Sharpe
ere 30% lower than that of the benchmark, indicating that the
otential risk was far lower.
The cumulative profit curves in Fig. 7 show that GA_Ret and

A_Sharpe (orange and green curves) continuously grew to reach
ew heights. They also avoided the sharp decline of roughly 2000
oints in 2011, which would otherwise have consumed all of
he profits from the previous three years. Note that all three of
he strategies incurred huge losses associated with the trade war
etween the United States and China in 2018. This is a clear
7

Fig. 8. Cumulative profit of benchmark, GA_Ret_SL, and GA_Sharpe_SL.

Table 4
Performance of strategies with stop-loss mechanism.

Benchmark GA_Ret_SL GA_Sharpe_SL

Total profit 6579 9154 9388
Annual returns 6.520% 9.071% 9.303%
Win rate 50.475% 42.756% 39.017%
Sharpe ratio 1.473 2.302 2.495
Profit factor 1.095 1.158 1.177
MDD 2638 1401 1336

indication of the need for protective closing strategies to prevent
unpredictable losses.

4.2. Trading performance of GAORB strategies with protective closing
strategies

Fig. 8 and Table 4 present the cumulative profits and perform-
ance indicators for the benchmark, GA_Ret_SL, and GA_Sharpe
_SL. As shown in Table 4, GA_Ret_SL and GA_Sharpe_SL outper-
formed the benchmark in terms of annual returns (+2.667%
n average) and Sharpe ratio (+0.926 on average) with lower
isk in terms of MDD (−50% on average), which meant they
educed the risk by half and increased the profits. As shown in
ig. 8, GA_Ret_SL and GA_Sharpe_SL (orange and green curves)
rew more steadily than the curves in Fig. 7. GA_Ret_SL and
A_Sharpe_SL also prevented enormous losses in 2018, which
rovided positive returns even during the trade war. Nonetheless,
he win rate dropped to 43% and 39%, due to the fact that the
top-loss mechanism increased the likelihood that loss positions
ould be closed (i.e., the possibility of a recovery was aban-
oned). In general, stop-loss mechanisms increase the likelihood
f loss events, but significantly reduce their magnitude. Thus,
espite the fact that the stop-loss mechanism lowered the win
ate, it also produced slight increase in profitability by providing a
onsiderable improvement in stability. To overcome the negative
mpact of the stop-loss mechanism, we implemented the take-
rofit mechanism to realize profits earlier and further increase
he win rate.

Fig. 9 and Table 5 present the cumulative profits and per-
ormance indicators from the benchmark, GA_Ret_SLTP and GA_
harpe_SLTP. Overall, the implementation of a take-profit mech-
nism led to sharp drop in performance to below that of mod-
ls with only a stop-loss mechanism. Only GA_Ret_SLTP outper-
ormed the benchmark, and then only slightly in terms of annual
eturns, Sharpe ratio, and profit factor, while reducing MDD
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Fig. 9. Cumulative profit of benchmark, GA_Ret_SLTP, and GA_Sharpe_SLTP.

able 5
erformance indicators of the strategies with stop-loss and take-profit mecha-
isms.

Benchmark GA_Ret_SLTP GA_Sharpe_SLTP

Total profit 6579 6671 4089
Annual returns 6.520% 6.610% 4.051%
Sharpe ratio 1.473 1.756 1.320
Win rate 50.475% 44.444% 43.578%
Profit factor 1.095 1.118 1.09
MDD 2638 1337 1249

by half. The orange curve in Fig. 9 (GA_Ret_SLTP) is smoother
than the blue curve but ends at nearly the same point. The
performance of GA_Sharpe_SLTP was slightly worse than that
of the benchmark, resulting in far lower performance indica-
tors and MDD cut by half. The win rates of GA_Ret_SLTP and
A_Sharpe_SLTP slightly were better than those of GA_Ret_SL
nd GA_Sharpe_SL, but still below the benchmark. As shown in
ig. 9, GA_Sharpe_SLTP presented less fluctuation (greater sta-
ility); however, it eliminated the possibility of attaining large
rowth. Overall, the take-profit mechanisms slightly increased
he win rate and stability, but severely limited the profits and
liminated the possibility of a sharp rise. We do not recommend
he implementation of take-profit mechanisms with the proposed
odel.

.3. Convergence of GAORB

GA proceed through an iterative evolutionary process, which
eans that the termination criteria must be set carefully to
aximize performance and save computing power. If the criteria
ere too strict, then the GA would run too long and increase the
ost of computing. If the criteria were not strict enough, then the
A would stop too soon and in so doing fail to find an appropriate
olution. Thus, we conducted an experiment aimed at assessing
he termination criteria based on the convergence of the GA.

The termination criteria in this paper included a failure to
mprove the current individual in 50 consecutive generations, and
maximum of 100 iterations. Based on observations of conver-
ence steps (C.S.) in each trading month and each GAORB_Ret
trategy, we calculated the average and standard deviation (Std)
f the C.S., as shown in Table 6 (10 repetitions). The C.S. values
f GAORB_Ret and GAORB_Sharpe were very close, showing a
radual increase with the size of the solution space with the
pplication of more mechanisms.
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Table 6
Convergence step for GAORB strategies.
GAORB Average C.S. Std of C.S

GA_Ret 63.860 12.245
GA_Ret_SL 70.858 15.015
GA_Ret_SLTP 73.813 15.799

GA_Sharpe 64.271 12.548
GA_Sharpe_SL 71.215 14.701
GA_Sharpe_SLTP 75.307 15.690

Table 7
Time efficiency of GAORB.
GAORB Avg. C.S. Avg. searched Computation

parameter sets reduction

GA_Ret 63.860 1597 61.0%
GA_Ret_SL 70.858 1771 89.2%
GA_Ret_SLTP 73.813 1845 97.2%

GA_Sharpe 64.271 1607 60.8%
GA_Sharpe_SL 71.215 1780 89.1%
GA_Sharpe_SLTP 75.307 1883 97.1%

Fig. 10 illustrates the convergence of GAORB_Ret for Jan. 2007,
which was the first month covered by the data. The y-axis in-
dicates the trading returns, and the x-axis indicates the specific
iteration. The black spots indicate the top-5 individuals in each
generation, and the red line connects the best individuals of each
generation. As mentioned in Section 3.3, the selection function
saved the best 33% of the individuals in each generation, which
allowed for a constant increase in performance that can be ob-
served in Fig. 10. From Fig. 10, it is obvious to see that the
average convergence step is about 60 to 70 steps. Subtracting
the 50-step unchanged termination criterion, it indicates that
the proposed GA-based model can be converged within 10 to
20 steps with sufficient exploitation and at robustness result in
average. Furthermore, we found that most of the improvements
occurred within the first 10 generations. We also found that
if the best individual remained unchanged for 20 consecutive
generations, then the GA had likely reached convergence. This is
a clear indication that the termination criteria (non-improvement
for 50 consecutive generations) was sufficiently strict.

4.4. Time efficiency of GAORB

In the experiments, the chromosomes used 12, 2, and 2 bits
to represent the parameters of threshold adjustment, stop-loss
mechanism, and take-profit mechanism, respectively. The search
space included a total of approximately 216 parameter combina-
tions. Thus, we employed GAORB to speed up computation, the
time efficiency of which is shown in Table 7 (includes average
convergence steps, average searched parameter sets, and the
computation reduction).

The results in Section 4.1 show that GA_Ret converged at an
average of 63.860 steps, which means that it calculated only
63.860 × 25 = 1597 sets of parameters among the 212 sets (i.e., a
reduction of 61.0%). GA_Sharpe converged at an average of 64.271
steps, which means it calculated only 64.271 × 25 = 1607 sets
of parameters among the 212 sets (a reduction of 60.8%).

The results in Section 4.2 show that GA_Ret_SL converged at
an average of 70.858 steps, which means it calculated only 1771
sets of parameters among the 214 sets (a reduction of 89.2%).
GA_Sharpe_SL converged at an average of 71.215 steps, which
means it calculated only 1780 sets of parameters among the 214

sets (a reduction of 89.1%).
The results in Section 4.2 show that GA_Ret_SLTP converged

at an average of 73.813 steps, which means it calculated only
16
1845 sets of parameters among the 2 sets (a reduction of 97.2%).
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Fig. 10. The convergence of the GA_Ret, GA_Ret_SL, and GA_Ret_SLTP in Jan. 2007.
J
E

A_Sharpe_SLTP converged at an average of 75.307 steps, which
eans it calculated only 1883 sets of parameters among the 216

ets (a reduction of 97.1%).
Our experiment results show that computational overhead

id not increase linearly with the size of the solution space.
ompared to the generic ORB strategy, the GA_Ret and GA_Sharpe
odels reduced the computational overhead by approximately
0% (with improved profitability and stability), GA_Ret_SL and
A_Sharpe_SL models reduced the computational overhead by
pproximately 89% (with improved profitability and stability),
nd GA_Ret_SLTP and GA_Sharpe_SLTP models reduced the com-
utational overhead by approximately 97% (with a decrease in
erformance). These experimental results demonstrate the ef-
icacy of GA_Ret and GA_Sharpe with and without protective
losing strategies in terms of time efficiency and profitability.

. Conclusion

Any increase in trading frequency leads to an explosive growth
n the quantity of technical data; therefore, it is necessary to
evelop efficient algorithms based on computational intelligence
o deal with large datasets and high frequency trading. Opening
ange breakout (ORB) is a logical information-driven analysis
trategy; however, it does not take into account all of the his-
orical data or market characteristics. Furthermore, the fact that
ll positions are closed when the market closes can result in
normous losses when trading signals are unreliable or lack suf-
icient stability. Essentially, ORB lacks robustness against market
ncertainties, such as information from multiple or contradictory
ources.
In this study, we developed a GA-based framework (GAORB)

o improve trading performance, while enhancing computational
fficiency. We also developed two variants of the GAORB frame-
ork (GAORB_Ret and GAORB_Sharpe) to take into account a va-
iety of selection criteria. Finally, we developed protective closing
trategies using stop-loss and take-profit mechanisms to prevent
nbearable losses and maximize profits.
In experiments, GA_Ret and GA_Sharpe enhanced annual re-

urns and the Sharpe ratio by 1.667% (to 8.068% and 8.305%) and
.365 (to 1.810 and 1.865) over the original strategy, while reduc-
ng computational overhead by 60%. GA_Ret_SL and GA_Sharpe
SL increased the size of the solution space by 4 times; how-
ver, the proposed GA reduced computational overhead by 89%,
hile enhancing stability and profitability with annual returns
f 9.303% and Sharpe ratio of 2.495. In summary, threshold ad-
ustments via optimization were shown to enhance profitability,
nd stop-loss mechanisms were shown to stabilize profit perfor-
ance. Thus, we recommend GA_Ret_SL and GA_Sharpe_SL. In

he future, the designed ORB model will be extended to adopt
ther evolutionary algorithms (e.g., PSO, ACO) to see whether
he performance can be further improved. Moreover, the multi-
bjective models could be an alternative way that can be incor-
orated with the designed ORB model for further research and

iscussion.
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