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a b s t r a c t 

This work focuses on the development of a technical breakout trading strategy based on the Donchian 

Channel approach, aiming to the construction of profitable portfolios. In this direction, the Modified 

Renko Bars (MRBs) were developed first; that proved to be a useful trading tool that responses more 

accurately than the normal candle sticks to the nature and characteristics of the FOREX market. Subse- 

quently, the parameters of the trading strategy (or system) are calibrated for eight currency pairs, over 

a period of four years (20 06–20 09), by comparing the performance of three global search derivative-free 

optimization algorithms. Then, the returns of the developed system are tested for the next seven years 

(2010–2016) for each pair and two types of portfolios are constructed; an equal weighted one and a 

portfolio based on the Kelly criterion. The ultimate objective of this paper is to create currency portfolios 

based on a novel optimized trading strategy, which could beat constantly the main investors’ benchmarks 

(i.e. S&P500, Barclay CTA Index). 

© 2018 The Authors. Published by Elsevier Ltd. 

This is an open access article under the CC BY license. ( http://creativecommons.org/licenses/by/4.0/ ) 
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1. Introduction 

The ultimate objective of any investor, trader or manager is to

speculate, to generate profits in a consistent basis. Simsek [27] as-

sumed that any financial innovation on portfolio risks is likely to

lead to speculation rather than risk sharing due to the motives of

the participants in market. An approach that can be implemented

in order to maximize profits and simultaneously to minimize the

risk of loss, is to define specific rules for buying and selling securi-

ties; rules that will be able to predict accurately the future move-

ments of the market. These rules formulate the so-called trading

strategy or system. The most common trading strategies are based

on fundamental or technical analysis; this work is focused on tech-

nical trading strategies that rely on the assumption that historical

data can create patterns that repeat themselves in the future. 

According to a top technical analyst (Ping [ [25] , p.2]) the techni-

cal analysis is defined as follows: “The technical approach to invest-

ment is essentially a reflection of the idea that prices move in trends

that are determined by the changing attitudes of investors toward a

variety of economic, monetary, political, and psychological forces. The

art of technical analysis, for it is an art, is to identify a trend reversal
∗ Corresponding author. 
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t a relatively early stage and ride on that trend until the weight of

he evidence shows or proves that the trend has reversed.”

The prediction of market’s future movements became an impor-

ant research topic for academicians into a theoretical basis and a

hallenging task for investors in practical level. One of the earli-

st empirical studies in this field is the one by Donchian [7] who

resented the movement of the market as a channel approach fo-

using on the breakouts of these channels. Apart from this ap-

roach, there is a plethora of technical strategy types. Among oth-

rs, trading systems that include filters were introduced (Fama and

lume [8] ; Sweeney [29] ), strategies that focus on the moving av-

rages were presented (Cootner [4] ; Dale and Workman [6] ) and

trategies based on the relative strength were studied (Jensen and

enington [13] ). One of the most significant studies on this field

as carried out by Brock et al. [3] , who strongly supported the

fficiency of technical strategies. They tested two simple technical

trategies (moving average and range breakout) in Dow Jones Index

n their study and using the model-based bootstrap approach they

onducted statistical tests on the trading returns. A few years later,

essembinder and Chan [2] confirmed the research outcomes pre-

ented by Brock et al. [3] and provided further support to the tech-

ical rules, indicating that they can predict the movement of the

arket and particularly those of the US Equity Index. In another

esearch, Taylor [30] indicated that technical trading approach and

pecifically the channel style when applied to currencies can lead
nder the CC BY license. ( http://creativecommons.org/licenses/by/4.0/ ) 
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o profits, having also remarkable forecasting ability when the mar-

et follows almost random walk. Menkhoff and Taylor [21] tried

o explain the continuously rising use of technical analysis and

ts apparent profitability. Among their arguments, they sustained

hat technical analysis could fit to the foreign exchange market

ue to not-fully-rational behaviour of the market and it might

rovide information on foreign exchange movements that cannot

e explained through fundamental analysis. Gehrig and Menkhoff

11] also underlined the importance of technical analysis into the

orld of investment; especially they mentioned that it is by far

he most important tool when dealing with FX and is rated sec-

nd in the field of fund management. Later, Osler [23] showed that

echnical trading strategies can represent rational long run balance

iven the structure of the currency markets and traders’ motiva-

ions. Relying also on the relationship between technical analysis

nd the FOReign EXchange (FOREX) market, in a recent study by

mith et al. [28] it was found that during high-sentiment peri-

ds, the use of technical analysis provided an edge to the hedge

unds that helped them to succeed higher performance with supe-

ior market-timing ability and at the same time achieve lower risk

o their investments. Another study that focused on FOREX market

as by Novotný et al. [22] . They investigated a strategy based on

rice jump and indicated how price jumps carry a tradable signal

or all currencies. 

Back to real life, the experiment performed by Richard Dennis

s considered as a unique example representative of the obsession

elated to trading and the feverish effort to generate profits. Covel

5] described in his book entitled “The Complete Turtle Trader ” that

n mid-1983, the famous commodity trader Richard Dennis con-

ucted an experiment aiming to prove that he could teach people

ow to become great traders. In order to prove his belief, he pub-

ished an advertisement in Barron’s, the Wall Street Journal and

he New York Times seeking to recruit and train people (Michael

. Covel, was one of them). According to the experiment Richard

ennis provided the trainee traders with real accounts in order

o trade. These trainee traders were called as “Turtles ” and Den-

is taught them a trend-followed system based on a channel ap-

roach. The “Turtles ” succeeded to earn an aggregate sum of over

100 million dollars in the next four years and became the most

amous experiment in trading history. 

Another actual example is the one by Professor Josef Lakon-

shok [18] , who supported that value strategies can beat the mar-

et. Based on his study, Lakonishok decided to apply his theoretical

esearch in real-world trading practice and turn it to an almost $70

illion dollars practice. His strategy is focused on identifying val-

ed shares before the market recognize them. To succeed that, he

roposed a system that uses valuation ratios such as price-to-book

r price-to-sales and searches for companies with ratios relatively

ower than their peers. Then, his system tries to identify possible

ntry points based on the price momentum of the last six-month

eriod. 

As Pardo [24] indicated in his book “The Evaluation and Opti-

ization of Trading Strategies ” the first step into trading strategy

esign process is the formulation of the trading strategy while an-

ther extremely crucial step is the optimization of that strategy.

ptimizing the trading rules is extremely important, since actual

raders are likely to choose the best-performing rules in advance.

he work by Jensen and Benington [13] is considered as the fore-

unner study in this direction, they followed an optimization and

ut-of-sample validation procedure for improving the performance

f relative strength index based strategies. Later, Marshall et al.

20] tried to answer if commodity futures can be traded profitably

ith quantitative timing strategies and to find the most suitable

rading rules for each commodity in order to provide statistically

ignificant profits. Fisher [9] in his book “The logical trader ” intro-

uced the ACD Rules and Pivot Point System, that provided specific
ntry levels for buying and selling based on the opening range of

irtually any security. Tian et al. [31] attempted to optimize the

ules of ACD system in an intraday basis in order to ameliorate its

erformance in Chinese future market. Foltice and Langer [10] fo-

used on the creation of a momentum strategy, which could be

ound appropriate for an individual investor. They developed and

alibrated a simple strategy, which succeeded to outperform its

enchmark and it required a small initial capital. 

The main objective of this study is to develop an empirical

echnical trading strategy, which could be applicable to the fi-

ancial markets and lead to the construction of profitable portfo-

ios. This strategy follows a channel breakout approach based on

he study by Donchian [7] . The portfolios that are formed in this

ork are based on the currency market. Barroso and Santa-Clara

1] proved that the exposure to currency can lead to portfolios

ith significant higher Sharpe ratio. The strategy developed in the

urrent study is combined with the Modified Renko Bars (MRBs); a

rading tool which responses more accurately than the normal can-

le sticks to the nature and characteristics of the FOREX market.

iming to create an edge to the investor and to develop a prof-

table portfolio, an optimization problem is formulated and solu-

ions are carried out. The optimization stage focuses on the cal-

bration of the system for eight FOREX pairs (GBP/USD, USD/JPY,

ZD/USD, AUD/USD, EUR/USD, USD/CAD, GBP/JPY and EUR/JPY) us-

ng three global search derivative-free optimization algorithms; a

warm Optimization one called Pity Beetle Algorithm (PBA) along

ith the DIvide a hyperRECTangle (DIRECT) and Multilevel Coor-

inate Search (MCS) algorithms. Then, optimized strategy is tested

o the specific pairs and based on the returns obtained two kinds

f portfolios were constructed; an equally weighted portfolio and

 portfolio based on Kelly Criterion. Finally, the performance of the

ortfolios is assessed based on common and widespread evalua-

ion measures (arithmetic mean, geometric return and sharpe ra-

io) and then they are compared with well-known benchmarks

S&P500, Barclay CTA Index). Thus, the proper question that can

e stated is “how can a profitable currency portfolio be made based

n a specific trading system? ” This is the question that is answered

n this study. 

. Creation of an adaptable to market conditions strategy 

In order to answer the question of how a trading strategy can

e mostly profitable, it is required to comprehend what makes a

trategy not profitable in the long run. Creating a strategy that

ould be profitable for a small time horizon is rather easy to im-

lement, if not needless. The objective of this study is to develop a

rading tool, which will be proved efficient and reliable in the long

un. Through a preliminary research and common trading sense,

wo are the factors that affect mostly the performance of a trad-

ng system. The first one is related to the amount of risk that a

pecific trade involves. The risk itself cannot be meaningful; how-

ver, it can become useful to answer the question of how deter-

ining if a strategy or better the trades that a strategy generates

re valuable to be followed or not. In order to measure the risk

f a trade effectively, it needs to be correlated to the potential re-

ard that this trade can generate. In other words, the first factor

hat is used in the current study is the so-called Risk/Reward Ra-

io (RRR) where risk and reward are associated. This ratio is cal-

ulated by dividing the amount the trader consents to lose if the

arket moves in the opposite direction of his position (risk) by

he amount the trader expects to earn if the price moves in the

ame to his position (reward) direction. Thus, if a strategy gen-

rally generates trades that risk more units and return less, then

he chances are not with the trader. In this specific example, the

inning trades should be far more than the losing ones in order

or the outcome to be positive. This phenomenon might be easily



34 S.K. Chandrinos, N.D. Lagaros / Operations Research Perspectives 5 (2018) 32–44 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1. The transformation of normal candlestick chart into a renko chart with 10 

pips bricks based on closed price. 
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identified at a trending market, however, when the market is flat,

that is encountered in most of the cases, then it is extremely dif-

ficult to succeed a high number of winning trades (greater than

50%). Therefore, this kind of strategy cannot be characterized as

“mostly profitable ” as it was discussed previously. Consequently, a

threshold (edge) needs to be recognized, likewise to a gambler that

wonders, “Where is my edge? ” in order to participate to a game or

not. The development of the strategy was initiated with low, less

than one RRR values (i.e. for every x units it risks, more units than

x should be expected as a profit). Consequently, even for a flat mar-

ket, when the amount of the winning trades is reduced, the low

RRR would guarantee that the strategy would continue to be prof-

itable or at least not detrimental. For instance, a strategy having

a 35% probability to win and the corresponding RRR ratio is equal

to 0.4, it creates an edge for the trader that is expressed by the

following calculation: 

35% × 1 . 0 

0 . 4 

− 65% × 1 . 0 = 22 . 5% . 

The second parameter is based on the same assumption, i.e.

that the market is mostly flat and therefore the probability of a

strategy to have positive outcome is becoming smaller. Contrary to

Toshchakov [32] who supports in his book entitled “Beat the odds

in FOREX trading ” that the market has two directions, we believe

that the market has two conditions, the trending condition and the

flat condition. During the trending condition, the market indeed

moves up or down. When it comes however to the flat condition,

the market presents a neutral direction, which is characterized by

plenty of fluctuations. Therefore, the objective is to create a mech-

anism that diminishes the trades when the market does not move.

In this direction, a strategy needs to be developed that would be

activated only by the movement of the market, independently of

the time. This approach targets to increase the amount of the win-

ning trades meaning the win/loss ratio. Already, there are trading

tools that are focused mainly on the movement of the price, the

renko bars is one of these tools. 

2.1. Why not using candlesticks 

Trading techniques that are focused on the price action suffer

from the disadvantage of market’s noise. The common candlesticks

contain a lot of information that most of it, is contradictory. For

example, one candlestick might provide a long signal and the next

one a short one. This kind of noise that comes from the interaction

between traders and institutions trying to establish their opinion

for the market. In order for the traders to stay focused on the main

trend, many tools have been created to support this approach; i.e.

to smooth the movement of the market and to provide only the

essential information, Heikin-Ashi and Renko charts are the most

common ones. Both aim to remove or reduce the noise through

proper manipulation of the simple candlestick. The main differ-

ence between Heikin-Ashi and Renko approaches is that the first

one formulates bars relying on the time just like the common can-

dlesticks. On the other hand, Renko bars are based on the price

movement only, without taking into account the time. This is the

main reason that this study will focus on Renko charts, since time

represents a major contributor on noise creation. 

2.2. How Renko chart works 

According to the Renko bars trading tool the common candle-

stick chart is transformed into a chart where the bars are formed

based on the range that the security covers, independent of the

time. Renko charts use price “bricks” that represent a fixed price

move. As it is seen in Fig. 1 , the new chart is formed up or down

in 45 ° lines with one brick per vertical column. For example, in a
ne-hour chart, each renko bar can represent different numbers of

andlesticks depending on the size of the renko bar (or brick). If

he brick value is set to 10 points, a move of 10 points or more

s required to draw another brick. Price movements less than 10

oints will be ignored and the renko chart will remain unchanged.

ut what “a move of 10 points ” does it mean? Renko charts can

e either closing prices or high-low range based ones. In the case

f a close price based renko bar, a brick is formed only when the

andlestick close price covers the 10 points (for the above men-

ioned example), in contrary to a high-low range based renko bar

here a brick is formed when the price approaches the 10 points

gnoring where the candlestick will close. The most common mode

s the closed price based renko bars since they fluctuate less than

he high-low range based ones. 

Based on empirical tests on both renko charts it was observed

hat they have different advantages and disadvantages. Specifically,

n a same, for instance, uptrend movement, less close-renko bars

ould be formed than high-low range renko bars because as it is

entioned before they require from the price to close above to a

pecific price level and just to reach this level. So in this situa-

ion, for a long trade the renko bars based on high-low range are

uperior creating larger margin for profit. But when the direction

f the market changes, the high-low range renko bars become too

ensitive giving wrong signals to the real shift of the direction and

aking the trader to close earlier the trade. In the other hand, the

lose-renko bars, moving slower, give more accurate changing of

irection points. So, it become clear to us that any kind of renko

ar by itself creates difficulties on the low RRR approach. To over-

ome this difficulty an alternative algorithm of a modified renko

pproach was developed herein. The key point of the proposed

ew concept is that the bricks of the same direction are formed

ased on the high-low range logic and the bricks when the direc-

ion changes are formed based on the closing price logic. The pro-

osed new renko style (labelled as Modified Renko Bars - MRBs)

reates more accurate representation of the market’s true move-

ent. 

Following the development of the MRB charts that represent a

eliable trading tool, a trading strategy will be formulated aiming

o achieve stable performance. The proposed strategy is a break-

ut style system applied to the modified renko chart based on the

hannel Breakout systems taught by Donchian [7] . 
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Fig. 2. Example of a long trade based on System 1. Also this is how a MRB chart 

looks like. The tails represent the actual price of the time of the formulation of a 

MRB. 

Fig. 3. Example of a long trade based on System 2. 
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.3. The trading system 

The system consists of two different but related breakout sys-

ems: (i) System 1 - A long-term system based on a X-MRB break-

ut which is shown in Fig. 2 and (ii) System 2 - A short-term sys-

em based on a Y-MRB breakout, where X > Y, which can be seen in

ig. 3 . System 2 is complementary to System 1; more specifically,

ystem 2 aims to catch the continuation of a price movement that

riggers the exit of System 2. 

System 1 Entry - Trader enters a position when the price ex-

eeds by one MRB the previous high or the low value of the pre-

eding X MRBs. If the price exceeds the previous X-MRB high, then

rader buys one unit to initiate a long position in the correspond-

ng commodity. If the price drops by one MRB below the previous

-MRB low, trader sells one unit to initiate a short position. 

System 2 Entry - The system 2 is activated only when the trade

rom System 1 has closed. Trader enters position when the price

s exceeded by one MRB the previous high or the low of the pre-

eding Y MRBs. If the price exceeds the previous Y-MRB high and

t the same time the price is over the previous X-MRB high, then

rader buys one unit to initiate a long position in the correspond-

ng commodity. If the price drops one MRB below the previous low

f the last Y MRBs and is below the previous X-MRB low, trader

ells one unit to initiate a short position. 
System 1 Exit - The exit signal is the Y-MRB low for long posi-

ions and the Y-MRB high for short positions. The unit in the po-

ition will be exited if the price goes against the position for a

-MRB breakout. 

System 2 Exit - which is identical with that of system 1. Where

he exit signal is the Y-MRB low for long positions and the Y-MRB

igh for short positions. A long position would be closed if the

rice drops on MRB below the previous Y-MRB low. Respectively,

he trader would be exited from a short position if the price ex-

eeds the previous Y-MRB high by one MRB. 

The two systems are constructed in such a way that their en-

ry signals do not affect each other. Although their philosophy is

omplementary, their execution is completely independent. 

An advantage of the proposed trading system is the range of its

pplicability, where input data from any kind of financial asset can

e used (i.e. stocks, indexes, interest rates, commodities and cur-

encies). In order to achieve the highest possible accuracy for the

imulation, the results of the back-testing process and the actual

rading, traders should apply the system mainly to the most liquid

arkets such as futures markets (commodities, indexes, currencies,

tc.); otherwise it will be too difficult under real market conditions

o enter and to exit positions without taking large losses. Futures

arkets have several features that make them a more attractive

arket for active trading strategies than stock markets. Specifically,

ransaction costs are lower and it is easier to short-sell. All the data

hat are employed in this study represents spot FX rates (the most

iquid financial asset) of different currency pairs. 

Finally, worth mentioning that in order for the strategy devel-

ped in this study to be available under real market conditions, it

ill be applied based on spot FX market. The average commission

er trade of this instrument is about 0.2 pips (based on the com-

ission section of Interactive Brokers for FOREX). For each FX pair,

he developed strategy generates about 100 trades per year. Hence,

he transaction costs for the total trades of a year for a FX pair

ould be approximately 1.5% of the initial capital. This issue would

ot make any significant different in the obtained results, for this

eason it was decided to make the calculation with no transaction

osts in order to emphasize mainly to the more precise develop-

ent of the proposed strategy. 

. Optimized strategy problem formulation 

A major importance problem that is addressed in this study

orresponds to the mathematical formulation of an optimization

roblem that can be expressed in standard mathematical terms as

 non-linear programming problem, that in general form can be

tated as follows: 
 

 

 

opt 
x ∈ R n 

F (x ) : R 

n → R 

s.t. 

{
g j (x ) ≤ 0 , j = 1 , 2 , . . . , m 

L i ≤ x i ≤ U i , i = 1 , 2 , . . . , n 

(1) 

here F : R n → R is a real-valued objective function to be optimized,

 ∈ R n is the design variables vector of dimension n, g j ( x ) is the j th

onstraint function imposed to the problem while L i and U i are the

ower and upper bounds of the i th design variable. 

The problem that is formulated mathematically is related to the

dentification of the best possible conditions in order for the de-

eloped strategy to fit smoothly to different currency pairs; i.e.

ntry and exit rules of the strategy, described previously, are ex-

ressed in mathematical terms. The problem at hand is formu-

ated as a maximization problem, where the total return represents

he objective function F( x ) that depends on four design variables:

 i , i = 1 , 2 , . . . , 4 , while a threshold value on the maximum draw-

own is implemented as a constraint function. The four design

ariables are: (i) x corresponds to the size of the brick (in pips),
1 
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(ii) x 2 is the value of parameter X , (iii) x 3 is the value of parameter

Y and (iv) x 4 denotes the number of bricks that corresponds to 1%

of the initial capital. 

Concerning the fourth design variable, although, the observa-

tion that the smaller the size of the brick is, the higher the to-

tal return will be, is obvious; it is not able to check in advance if

the drawdown (in pips) will be lower than the total initial capi-

tal. If this is not the case, then the optimized parameters resulted

from the optimization of Eq. (1) will not be valuable. In order to

deal with this issue, the fourth parameter was expressed as the

percentage of the capital that each brick corresponds to. For this

reason, the total return, that is the objective function of the opti-

mization process to be maximized and the maximum drawdown

that will be treated as a constraint are calculated at percentages. 

The assessment of the trading strategy over a set of data is

carried out in two phases: the strategy optimization and portfolio

construction ones, which are described in detail bellow. 

3.1. Data used for the calibration 

The constructed portfolios are assessed over a set of data com-

posed by one-hour time frames corresponding to the period of

2006 to 2016 for each currency pair employed for the needs of the

current study. The full data is composed by 65,0 0 0 candlesticks,

and they are divided into years’ periods, thus each year period con-

tains 60 0 0 candlesticks. 

In order to achieve increased accuracy concerning the actual

representation of the candlestick chart into MRB charts one-hour

data are employed. Aiming to minimize the effect of the gaps and

the closing prices one-hour data are used. Although, the MRB chart

depends on the range, if for the same security data from a small

time frame and from a higher one are used, the results will not

be the same. This is because part of the modified renko algorith-

mic formulation (the change direction part) depends on the clos-

ing price of the candlesticks. Thus, the spread between the clos-

ing price of the MRB and the actual closing price is smaller when

short time frames are used and consequently the representation of

movement of the market from the modified renko chart is more

normalized. 

3.2. Optimization phase 

Through a parametric study the optimization phase was de-

cided to rely on the first 36% part of the data (24,0 0 0 candle-

sticks = 4 years) as a whole, aiming to achieve the highest total re-

turn and at the same time to keep the maximum drawdown lower

than 100% for each currency pair so that the result to be realistic

for any starting time. The main objective of this parametric study

was to create the largest testing margin (i.e. reduce the part of the

data required for the optimization phase). According to the para-

metric study, the optimization phase initially was based on the

first 60% part of the data and gradually this percentage was re-

duced. It was observed that the minimum percentage of the data

that is required in order for the optimization phase to converge to

the optimal values of four variables is equal to 36%. 

The optimization phase is performed using the three optimiza-

tion algorithms that are described in the following section. Relying

on the first 36% part of the data (i.e. 24,0 0 0 elements), for each

currency pair, optimized values for the four variables are obtained

implementing each of the three algorithms. Out of the three algo-

rithms the variables corresponding the highest total return are se-

lected in order to be used in the testing phase. On the next phase,

the calibrated strategy was tested and its performance was calcu-

lated over the remaining part of the data (i.e. elements 24,001 to

65,0 0 0 corresponding to 7 years) on a yearly basis. 
.3. Construction of the portfolio phase 

Based on the optimized results obtained for each pair, two port-

olios are constructed composed by these currency pairs. The first

orresponds to a simple average portfolio where all pairs have the

ame weight coefficient. The second one is rather more advanced

hile different weight coefficients are assigned to the various cur-

ency pairs. Kelly [16] introduced a formula in order to determine

he ideal size of a series of bets. This formula was called Kelly Cri-

erion (KC) and it has been applied in numerous fields such as

sset allocation, etc. In addition, Kelly Criterion was also used in

rder to determinate the weight coefficients assigned to currency

airs for the next year. In the money management sector, KC is

sed as a measure in order to determine the proportion of the cap-

tal that an investor should invest at a risky security. 

el l y % = W −
[

(1 − W ) 

R 

]
(2)

here, W is the win probability that is calculated by dividing the

umber of last period trades that returned a positive amount by

he total number of trades and R is the win/loss ratio that is cal-

ulated by dividing the average gain of the positive trades of the

ast period by the average loss of the negative trades. Then the

C’s proportion calculated for each currency pair is normalized for

dentifying their weight coefficients of the built portfolio for the

ext year. 

.4. Evaluation 

Aiming to evaluate the constructed portfolios their arithmetic

ean, geometric return and sharpe ratio are calculated. The arith-

etic mean , or simple average, treats each year’s return as an iso-

ated event and excludes the impact of compounding. The geomet-

ic average treats returns as part of a continuous, single experience

nd takes into account the impact of compounding. The geometric

r time-weighted return is measured by linking periodic returns

hrough multiplication. The geometric average reflects the actual

rowth or reduction of capital in a portfolio more accurately than

he arithmetic mean. 

 

(1 + r 1 ) · (1 + r 2 ) · · · (1 + r n ) ] − 1 (3)

The sharpe ratio measures the efficiency of a portfolio. It quan-

ifies the return received in exchange for risk assumed. It is calcu-

ated using the return of a portfolio above a risk-free rate divided

y the portfolio standard deviation. The efficiency of the portfo-

io, defined as the return net of cash per unit of volatility around

 portfolio’s average return. Sharpe ratio helps equalize returns of

anagers within the same asset class so they can be compared on

 risk-adjusted basis. 

( R p − R f ) 

σ
(4)

here R p is the arithmetic mean of the returns of the portfolio, R f 
s the free-risk rate and σ is the standard deviation of the returns

f the portfolio. 

. Search algorithms 

As it will be described subsequently, the derivative of the ob-

ective function F used in Eq. (1) is not analytically available, thus

his type of problems is generally referred as Derivative-Free Opti-

ization (DFO). We further refer to any algorithm applied to type

f problems as a Derivative-Free Algorithm, which are classified as

irect and model-based ones. Direct algorithms determine search

irections by computing values of the function F directly, whereas

odel-based algorithms construct and utilize a surrogate model of
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he objective F to guide the search process. Algorithms are further

lassified as local or global, with the latter having the ability to re-

ne the search domain arbitrarily. Finally, algorithms are classified

s stochastic or deterministic, depending upon whether they re-

uire random search steps or not. In the framework of the present

tudy three DFO global search algorithms are considered. The first

ne is called Pity Beetle Algorithm (PBA) which is metaheuristic

lgorithm belonging to the type of Particle Swarm Optimization

lgorithms that is also a global stochastic search algorithm, along

ith the DIvide a hyperRECTangle (DIRECT) and Multilevel Coordi-

ate Search (MCS) algorithms that belong to the category of global

eterministic search algorithms. A short description of all three of

hem is provided below. 

.1. Pity beetle algorithm 

Swarm optimization characterize a stochastic, population-based

roup of algorithms inspired by the social behaviour of birds flock-

ng, fish schooling etc., PBA proposed by the authors (Kallioras

t al. [15] ) belongs to this class of algorithms and its efficiency

as found superior to other well established metaheuristic algo-

ithms according to the CEC 2014 benchmark test, this is why was

hosen as a representative of metaheuristics for the purposes of

his study. It was inspired by the aggregation behaviour, searching

or nest and food, of the beetle named Pityogenes chalcographus,

lso known as six-toothed spruce bark beetle. This beetle has the

bility to locate and harvest on the bark of weakened trees into

 forest, while when its population exceeds a specific threshold it

an infest healthy and robust trees as well. PBA consists of three

asic steps: initialization, host selection pattern and update loca-

ion of broods, while a population consists of males and females;

ome males act as pioneer beetles that search for the most suitable

weakened) host. 

The random selection of the initial population is a common

ractice of the application of the metaheuristics. In this imple-

entation the initial population is generated by means of Random

ampling Technique (RST) (Kallioras et al. [15] ). In this step of the

lgorithm, the first beetle brood (gallery/colony) is generated ran-

omly into the search space (first generation). In general, three to

ix broods are created (composed of N pop pioneer beetles each).

nce all new broods are created, a host selection pattern is de-

ided for each new brood. 

All newly-emerged beetles will fly inside the search space look-

ng for a better solution (host tree, preferably a weakened one)

n order to create their own brood. Based on the behaviour of

he beetle described previously, five types of host selection pat-

ern are implemented into the proposed algorithm: (i) neighbour-

ng search flight, (ii) mid-scale search flight, (iii) large-scale search

ight, (iv) global-scale search flight and (v) memory consideration

earch flight where the best positions found so far are used. The

nalytical description of their algorithmic implementation can be

ound in (Kallioras et al. [15] ). According to the host selection pat-

ern chosen, a search area is created around the birth position of

he beetles. For each pattern the definition of this area is imple-

ented using a properly selected pattern factor ( f pat ) and repre-

ents a parameter of PBA. According to every pattern, N pop new

ioneer beetles are randomly positioned into this search area by

eans of RST. In the last step the location of the broods (location

f mating males and females) are updated and the past ones are

ropped, except those stored in memory. In particular, all previous

roods are extinct and the new locations become birth-places for

he new generations. Flight patterns are selected for the newborns.

his procedure is repeated until the termination criterion of PBA is

atisfied. 
.2. Divide a hyper-rectangle algorithm 

The DIvide a hyperRECTangle optimization algorithm (Jones

t al. [14] ) was presented as an extension of Lipschitzian opti-

ization [26] to derivative-free optimization problems. The DI-

ECT sampling algorithm consists of three basic steps: initializa-

ion, identify and divide potentially optimal hyper-rectangles. Ini-

ially a transformation of the problem’s search domain into a nor-

alized unit hyper-cube space is performed. Reference to the orig-

nal search space is required only when function evaluation calls

re performed. 

The main idea of the DIRECT algorithm is to choose among the

urrent hyper-rectangles the one that (a) has the best objective

unction value and (b) is associate with a large potential rate of

bjective function value improvement. If c 1 is the centre of the

ormalized space, the value of F(c 1 ) is calculated first. Aiming to

dentifying potentially optimal hyper-rectangles, dividing appropri-

tely these rectangles, and sampling among their centres. Thus, the

ext step is to divide the unit hyper-cube and to perform function

valuations for the points c 1 ± δe j , j = 1 , 2 , . . . , N, where δ is one-

hird the side-length of the hyper-cube, and e i is the j th unit vector

or the case of N -dimensional problems. The division of the dimen-

ions of the hyper-rectangle is based on the value of the factor w j 

hat is calculated as: 

 j = min 

[
F ( c 1 + δe j ) , F ( c 1 − δe j ) 

]
, j = 1 , 2 , . . . , N (5)

nd the dimension with the smallest w j is divided into thirds, so

hat c 1 ± δe j are the centres of the new hyper-rectangles. This pat-

ern is repeated for all dimensions on the central hyper-rectangle,

hoosing the next dimension by determining the next smallest w j .

nce a hyper-rectangle has been identified as potentially optimal,

he algorithm divides this hyper rectangle in to smaller ones. This

rocedure is repeated until the convergence criteria are satisfied. 

.3. Multilevel coordinate search algorithm 

Multilevel coordinate search algorithm (Huyer and Neumaier

12] ) was inspired by the DIRECT algorithm and based on mul-

ilevel coordinate search partitions the search space into hyper-

ectangles with one evaluated base point . Contrary to DIRECT, MCS

lgorithm allows base points anywhere in the hyper-rectangles.

lobal-local search based on balanced multilevel approach is per-

ormed, where a level s is assigned to every hyper-rectangle de-

ned as an increasing function of the number of times the hyper-

ectangle has been split. Those with level s equal to s max are con-

idered too small to be further split. 

In every iteration of the algorithm, for each level value the

yper-rectangles with the lowest objective value are selected and

re marked as candidates for splitting. Let the number n j be the

imes coordinate j has been split in the course of the algorithm,

here are two cases when a hyper-rectangle of level s < s max is a

andidate for splitting: Splitting by rank case : If s > 2 n [ min ( n j ) + 1 ] ,

he hyper-rectangle is always split, and the splitting index of a

oordinate i is chosen such that n i = min( n j ), and Splitting by ex-

ected gain case: Otherwise, the hyper-rectangle may be split along

 coordinate where the splitting index and coordinate value are

elected by optimizing a local separable quadratic model using

reviously evaluated points. However, if the expected gain is not

arge enough, the hyper-rectangle is not split at all but its level

s increased by one. MCS be means of local search performs lo-

al searches over hyper-rectangles with level s max , provided that

he corresponding base points are not near previously investigated

oints. As s max approaches infinity, the base points of MCS form a

ense subset of the search space and the algorithm converges to a

lobal minimum. 
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5. Numerical tests 

The numerical investigation is composed by four parts, in the

first one the trading strategy is calibrated based on three search

algorithms, all belonging to the derivative-free optimization type

of algorithms. In the second part the optimized strategies resulted

from the first part are tested. In the third part invest portfolios are

built while in the last one the constructed portfolios are compared

with Benchmarks. 

5.1. Calibration – optimization of the trading model 

The main objective for this part of the study is to identify the

most suitable values of the four parameters, in order to calibrate

the proposed trading strategy model for each pair of currencies.

The calibration of the trading strategy model is performed over the

first 24,0 0 0 elements for each currency pair, aiming to find the val-

ues of the parameters that produce the highest total return. The

design bounds of the four parameters were set as follow: 

- Size ∈ [5, 25] 

- X ∈ [50, 200] 

- Y ∈ [1, 49] 

- D ∈ [1, 25] 

Thus, the proposed optimization problem is formulated as fol-

lows: ⎧ ⎪ ⎪ ⎪ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎪ ⎪ ⎪ ⎩ 

max 
x =[ Size,X,Y,D ] 

T R (x ) : R 

n → R 

s.t. 

⎧ ⎪ ⎪ ⎨ 

⎪ ⎪ ⎩ 

5 ≤ Size ≤ 25 

50 ≤ X ≤ 200 

1 ≤ Y ≤ 49 

1 ≤ D ≤ 25 

Dr D max ≤ 40% 

(6)

where TR( x ) stands for the total return value and DrD max ( x ) for the

maximum drawdown. The partial derivatives of the calculation for-

mulas of both TR( x ) and DrD max ( x ) with respect to the four design

variables cannot be defined thus the use of derivative-free search

algorithms was decided. For solving the optimization problem of

Eq. (6) PBA, DIRECT, and MCS algorithms are employed. This should

not been considered as an implication related to the efficiency of

other algorithms; based on user’s experience, any numerical search

algorithm capable of dealing with this type of problems can be im-

plemented for solving the optimization problem. 

According to the formulation of Eq. (6) , further to the four

box constraints imposed to the parameters of the trading strategy

model, a single constraint related to the maximum drawdown that

should be lower than 100% is implemented. Specifically in the tests

performed, from money management approach, it is not accepted

maximum drawdown greater than 40%. For comparative reasons

the method adopted for handling the constraints was the same

for all search algorithms examined in the current study. In particu-

lar, the simple yet effective, multiple linear segment penalty func-

tion (Lagaros and Papadrakakis [17] ) was adopted for handling the

constraints. According to this technique if no violation is detected,

then no penalty is imposed on the objective function. If any of the

constraints is violated, a penalty, relative to the maximum degree

of constraints’ violation, is applied to the objective function. More

specifically for the problem of Eq. (6) the objective function is pe-

nalized according to the formula: 

T R = 

⎧ ⎨ 

⎩ 

T R = 

T R [ 
1+ 

(Dr D max − 40) 

10 

] i f Dr D max > 40 

T R otherwise 

(7)

The performance of the search algorithms is influenced by the

values of their control parameters; however, their selection is not
 straightforward procedure. In the current study the values pro-

osed by the developers of the three algorithms are used. More

pecifically for the case of PBA search algorithm, although it is

ot possible to define specific values for its algorithmic parame-

ers that will be the proper ones for all test examples considered,

he values that were used in the current study were found to be

he proper ones as a balance between robustness and computa-

ional efficiency out of multiple numerical tests performed by the

uthors (Kallioras et al. [15] ). 

The results obtained using the three optimization algorithms for

ach currency pair are depicted in Table 1 . As it can be observed,

he total returns of the currency pairs in the optimization level are

ignificantly high. This fact provides a first evidence of the value

he proposed trading strategy. 

The parameters corresponding to the highest total return for

ach pair will be the ones that will be used for the testing pe-

iod of the 7 next years. Indicatively, for the GBP/USD pair among

he three optimization algorithms the highest total return was ob-

ained by PBA. The best total return that was achieved is equal to

80.84% with maximum drawdown equal to 35.83% and the cor-

esponding parameters were: Size = 12 (pips), X = 138, Y = 13 and

 = 2. Accordingly, for the USD/JPY pair among the three optimiza-

ion algorithms the highest total return was achieved by DIRECT.

he optimum total return achieved for this pair is equal to 226.59%

ith maximum drawdown equal to 30.00% and the corresponding

arameters were: Size = 9 (pips), X = 178, Y = 17 and D = 2. Sum-

arizing the results, although MCS achieved the best total return

or four out of eight currency pairs, DIRECT for three out of eight

nes and PBA for one out of eight ones, as shown in Table 1 all

hree algorithms achieved rather similar results concerning the

alue of the total return, establishing that the research is statis-

ically significant. 

In previous section, it was stated that a strategy in order to

e mostly profitable and valuable in a long-term basis should be

dapted to the market conditions. In this direction, the MRB were

eveloped that aim to make the proposed trading strategy more

ustainable. To check if the proposed trading tool succeeded its

urpose, at the optimization process we follow the exact same

rocedure to the same channel breakout strategy but without this

ime the application of the MRB. If the optimum performance of

ach pair for the 4 years (optimization period data) is better when

he channel strategy is applied to the MRB than it does not, then

he importance of the developed trading tool is confirmed. 

As it can be observed in Table 2 , the MRB-based channel strat-

gy provides steadily higher performance for the most of the FX

airs than the strategy without the use of the MRB. Specifically, the

se of MRBs provides an edge in all the cases apart from USD/CAD.

orth mentioning also that the improvement of the total return in

he cases of GBP/JPY, AUD/USD and GBP/USD is outstanding high.

dditionally, it can be observed through Table 3 that with refer-

nce to the total return of the FX pairs, the average improvement

chieved when applying the trading tool of MRBs was about 30%. 

.2. Testing of the trading model 

The values of the design parameters that were identified in the

rst part of the numerical investigation are subsequently used in

rder to check the quality of the optimization process and the

rofitability of the developed strategy in the future (i.e. during

he next seven years). Table 4 represents the testing results for

ach currency pair based on the calibration of the trading strat-

gy model achieved through the optimization stage. In particular,

able 4 provides the total return and the maximum drawdown for

ach of the eight pairs. The tests were conducted at a yearly ba-

is for the period 2010 to 2016 and each raw denotes the values
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Table 1 

Optimization process to the channel strategy with the use of MRBs. 

Optimization Algorithms Total return (%) Max Drawdown (%) Size (pips) X Y D 

GBP/USD 

PBA 280.84 35.83 12 138 13 2 

DIRECT 197.1 40.95 7 162 23 3 

MCS 229.5 39.65 5 50 33 5 

USD/JPY 

PBA 213.57 31.28 8 200 16 2 

DIRECT 226.59 30 9 178 17 2 

MCS 195.8 39.47 5 50 38 3 

NZD/USD 

PBA 101.54 38.23 5 103 23 4 

DIRECT 79.5 42.75 8 178 16 2 

MCS 128.2 36.4 5 85 33 4 

AUD/USD 

PBA 178.2 38.26 7 70 14 3 

DIRECT 152.24 30.5 12 121 9 2 

MCS 209.9 34.35 5 125 28 4 

EUR/USD 

PBA 268.94 37.76 22 147 6 1 

DIRECT 273.2 28.63 6 89 26 3 

MCS 303.33 31.35 20 138 2 1 

USD/CAD 

PBA 168.62 39.37 12 102 24 2 

DIRECT 199.41 39.38 12 108 25 2 

MCS 175.8 39.37 8 199 36 3 

GBP/JPY 

PBA 471.25 36.71 6 63 28 7 

DIRECT 326.17 36.86 7 75 25 6 

MCS 480.4 40.22 5 75 34 8 

EUR/JPY 

PBA 295.95 31.96 9 69 6 3 

DIRECT 302.4 41.09 7 102 9 3 

MCS 286.9 41.03 5 58 22 6 

Table 2 

Optimization process to the channel strategy without the use of MRBs. 

Optimization Algorithms Total return (%) Max Drawdown (%) Size (pips) X Y D 

GBP/USD 

PBA 152.40 45.30 5.00 59 14 5 

DIRECT 173.10 39.17 7.00 65 42 6 

MCS 168.60 37.56 5.00 55 42 9 

USD/JPY 

PBA 189.41 40.23 11.00 150 16 2 

DIRECT 208.65 36.70 8.00 192 17 3 

MCS 188.00 36.75 6.00 199 18 4 

NZD/USD 

PBA 104.31 32.63 8.00 64 48 3 

DIRECT 122.15 39.43 7.00 128 46 3 

MCS 121.30 39.43 7.00 126 46 3 

AUD/USD 

PBA 143.02 37.28 9.00 128 12 2 

DIRECT 89.22 400.19 6.00 117 26 6 

MCS 83.18 37.13 5.00 117 25 8 

EUR/USD 

PBA 204.77 28.76 5.00 111 8 5 

DIRECT 296.87 35.11 6.00 108 6 3 

MCS 124.90 36.65 5.00 50 49 8 

USD/CAD 

PBA 144.27 35.75 14.00 97 25 2 

DIRECT 162.13 40.00 7.00 57 48 5 

MCS 220.90 37.88 5.00 69 19 5 

GBP/JPY 

PBA 218.97 37.77 6.00 198 9 8 

DIRECT 223.14 38.90 7.00 62 9 6 

MCS 164.00 39.51 5.00 62 17 15 

EUR/JPY 

PBA 220.42 38.23 14.00 86 19 2 

DIRECT 248.13 39.52 5.00 83 3 5 

MCS 230.10 39.70 9.00 84 19 3 
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Table 3 

Comparison of the optimum performance of the channel strategy with and without the use of MRBs. 

Total Return GBP/USD USD/JPY NZD/USD AUD/USD EUR/USD USD/CAD GBP/JPY EUR/JPY 

No MRB (%) 173.10 208.65 122.15 143.02 296.87 220.90 223.14 248.13 

MRB (%) 280.84 226.59 128.20 209.90 303.33 199.41 480.40 302.40 

Change based on no MRB (%) 62.24 8.60 4.95 46.76 2.18 (9.73) 115.29 21.87 

Table 4 

Annual performance of the currency pairs over the 7-year period. 

Year Period GBP/USD USD/JPY NZD/USD AUD/USD 

Total 

Return (%) 

Max 

Drawdown 

(%) 

Total 

Return (%) 

Max 

Drawdown 

(%) 

Total 

Return (%) 

Max 

Drawdown 

(%) 

Total 

Return (%) 

Max 

Drawdown 

(%) 

2010 (2.97) 24.15 (51.89) 20.43 41.11 21.70 (20.29) 23.75 

2011 (29.98) 20.00 (22.72) 34.35 (31.18) 29.56 (4.85) 24.80 

2012 17.00 15.77 39.96 36.21 20.63 17.92 11.11 23.73 

2013 (31.20) 17.70 17.42 25.42 (27.18) 17.50 (13.75) 17.79 

2014 (11.64) 22.40 42.34 34.41 (40.99) 23.79 (59.33) 13.80 

2015 12.51 19.00 9.73 36.46 (27.77) 19.00 (11.60) 13.98 

2016 97.30 42.50 40.02 38.78 (13.37) 12.54 (35.91) 17.00 

Year Period EUR/USD USD/CAD GBP/JPY EUR/JPY 

Total 

Return (%) 

Max 

Drawdown 

(%) 

Total 

Return (%) 

Max 

Drawdown 

(%) 

Total 

Return (%) 

Max 

Drawdown 

(%) 

Total 

Return (%) 

Max 

Drawdown 

(%) 

2010 104.24 21.29 (33.05) 13.53 35.43 14.32 77.89 23.49 

2011 (2.41) 26.02 (8.87) 18.67 17.08 12.56 77.18 22.44 

2012 (13.57) 28.31 (7.92) 18.52 36.46 13.74 62.35 27.39 

2013 0.11 23.15 (8.45) 20.55 10.83 10.90 (20.43) 17.80 

2014 69.89 30.63 4.22 23.88 68.19 20.92 34.60 16.25 

2015 15.23 16.28 52.10 27.87 (29.14) 19.41 (49.95) 21.00 

2016 (17.70) 15.27 (27.13) 12.22 78.74 50.67 27.10 34.41 

Table 5 

Evaluation measures of the currency pairs over the 7-year period. 

Metrics GBP/USD USD/JPY NZD/USD AUD/USD EUR/USD USD/CAD GBP/JPY EUR/JPY 

Total Sum (%) 51.02 74.86 (78.75) (134.62) 155.79 (29.10) 217.59 208.74 

Arithmetic Average (%) 7.29 10.69 (11.25) (19.23) 22.26 (4.16) 31.08 29.82 

Geometric Return (%) 1.01 4.23 (15.21) (22.53) 15.72 (7.17) 26.24 19.53 

Standard Deviation (%) 43.89 36.05 30.47 22.74 46.58 27.85 36.35 49.21 

Sharpe Ratio 0.11 0.23 (0.45) (0.96) 0.42 (0.24) 0.79 0.56 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

o  

m  

t  

r  

c

 

w  

a  

p  

f  

c  

t  

C  

p  

b  

T  

i  

p  

t  

b  

K  

t  

a  

e  
of the total return and the maximum drawdown for the particular

pair for a specific year. 

Table 5 shows the evaluation measures that are used to assess

the total quality of the testing process for each FX pair; specifically,

Total Sum, Arithmetic average, Geometric return, Standard devia-

tion and Sharpe ratio are employed. For example, for the USD/JPY

pair the total return observed for the 7-year period is equal to

74.86% with an arithmetic average of 10.69%, but the relatively high

standard deviation of 36.05 provides geometric return of 4.23% and

sharpe ratio of 0.23. For the USD/CAD also a negative total return

is observed for the 7-year period that is equal to −29.10% with an

arithmetic average of −4.16%, the relatively high standard devia-

tion of 27.85 results into a geometric return of −7.17% and a nega-

tive sharpe ratio of −0.24. Moreover, for the GBP/JPY an extremely

high total return was attained for the 7-year period that is equal

to 217.59% with an arithmetic average of 31.08%. The high stan-

dard deviation of 36.35 provides a geometric return of 26.24% and

a very positive sharpe ratio of 0.79. 

5.3. Construction of portfolios based on the trading model 

Table 5 depicts the values of total sum (%), arithmetic average,

geometric return, standard deviation and sharpe ratio for each cur-

rency pair. As it can be observed from this comparative study some
f the pairs performed very well and some had rather poor perfor-

ance. As a first attempt, in order to eliminate poor performances

hat were related to the nature of each pair and to minimize the

isk, it was decided to construct a portfolio formed by the eight

urrency pairs contributing with equal percentages. 

It was mentioned previously this is a simple average portfolio,

here all currency pairs have exactly the same percentage in the

llocation chosen that is equal to 1/8 (i.e. participation of every

air by 12.50%) and will be referenced as “Equally Weighted” port-

olio and denoted below as EWP1. In order to further improve the

onstructed portfolio’s statistics, it was decided to rely mainly on

he pairs that performed better. In order to succeed that, the Kelly

riterion was used in order to evaluate the quality of the annual

erformance of each currency pair, the formulated portfolio is la-

elled as “Kelly Criterion” one and will denoted below as KCP1.

able 6 shows the percentages that each currency pair constitutes

n Kelly Criterion portfolio for every particular year. All other pro-

ortions emerge from the data of the precious year. Specifically,

he percentage of a pair in the given year is equal to its Kelly num-

er obtained from the previous year divided by the sum of the

elly numbers of all currency pairs for the previous year. In case

hat during the previous year a currency pair resulted into a neg-

tive Kelly number, then its percentage for the next year becomes

qual to zero. Furthermore, the weight coefficients of each pair of
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Table 6 

Allocation of the eight pairs in the Kelly Criterion Portfolio-KCP1. 

Year Period Kelly Criterion Portfolio-KCP1 (%) 

GBP/USD USD/JPY NZD/USD AUD/USD EUR/USD USD/CAD GBP/JPY EUR/JPY 

2010 12.50 12.50 12.50 12.50 12.50 12.50 12.50 12.50 

2011 0.00 0.00 13.44 6.19 39.13 0.00 26.92 14.32 

2012 9.61 9.27 0.00 18.31 0.00 0.00 32.66 30.16 

2013 4.20 18.78 23.55 22.68 0.00 0.00 17.27 13.52 

2014 0.00 85.31 0.00 9.25 5.44 0.00 0.00 0.00 

2015 0.00 31.63 0.00 0.00 25.52 14.11 17.09 11.66 

2016 23.57 10.47 0.00 8.45 21.87 34.83 0.00 0.81 

Table 7 

Annual returns of EWP1 and KCP1 portfolios. 

Year Period Portfolios 

EWP1 KCP1 

Total Return (%) 

2010 18.81 18.81 

2011 (0.72) 10.22 

2012 20.75 38.08 

2013 (9.08) (8.45) 

2014 13.41 34.44 

2015 (3.61) 3.51 

2016 18.63 10.99 

Table 8 

Evaluation measures of EWP1 and KCP1 portfolios. 

Metrics Portfolios 

EWP1 KCP1 

Total Sum (%) 58.19 107.60 

Arithmetic Average (%) 8.31 15.37 

Geometric Return (%) 7.69 14.35 

Standard Deviation (%) 12.41 16.56 

Sharpe Ratio 0.47 0.79 
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Table 9 

Allocation of the five pairs in the improved Kelly Criterion Portfolio-KCP2. 

Year Period Kelly Criterion Portfolio-KCP2 (%) 

GBP/USD USD/JPY EUR/USD GBP/JPY EUR/JPY 

2010 20.00 20.00 20.00 20.00 20.00 

2011 0.00 0.00 48.69 33.50 17.82 

2012 11.76 11.35 0.00 39.98 36.92 

2013 7.82 34.93 0.00 32.11 25.14 

2014 0.00 94.00 6.00 0.00 0.00 

2015 0.00 36.82 29.71 19.90 13.57 

2016 41.56 18.46 38.56 0.00 1.43 

Table 10 

Annual returns of the improved EWP2 and KCP2 portfolios. 

Year Period Portfolios 

EWP2 KCP2 

Total Return (%) 

2010 32.54 33.02 

2011 7.83 18.30 

2012 28.44 44.13 

2013 (4.65) 1.99 

2014 40.68 43.99 

2015 (8.32) (4.47) 

2016 45.09 41.39 
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he first year are equal since there are no data available for year

009. 

The annual returns for the two constructed portfolios that are

omposed by the eight currency pairs are presented in Tables 7

nd 8 that contain also the evaluation measure used in order to

ssess the performance of the two constructed portfolios. In the

alculations presented herein an average free-risk rate equal to

.5% was used. Table 8 provides the values of total sum (%), arith-

etic average, geometric return, standard deviation and sharpe ra-

io both for EWP1 and KCP1 portfolios. As it can be observed in

able 8 , EWP1 portfolio has a 7-year total return of 58.19% with an

rithmetic average of 8.31% and a rather low standard deviation of

2.19, which results into a geometric return of 7.69% and a posi-

ive sharpe ratio of 0.47. As it can be seen in Table 8 , KCP1 portfo-

io presents a significantly better performance compared to EWP1

ortfolio. It has a 7-year total return of 98.45% with an arithmetic

verage of 14.06%, the standard deviation is equal to 16.6, which

rovides a geometric return of 10.54% and a higher sharpe ratio

alue equal to 0.71. 

Aiming to improve the performance of the two portfolios,

he results of the above-described comparative optimization study

ere exploited. In particular, the value of the average total return

as calculated based on the total return of the three optimization

lgorithms for each currency pair. It was observed that the pairs

aving average total return lower than the threshold value of 200%

ad negative performance in the testing part. This performance

an be somehow justified, since, if a currency pair cannot generate

igh total returns in ideal conditions (i.e. over the period that was

alibrated), then during the testing part is not expected to perform
ell. The currency pairs that had an average total return greater

han 200% were GBP/USD, USD/JPY, EUR/USD, EUR/JPY and GBP/JPY.

ased on this assumption, the proposed strategy is not suitable

or NZD/USD, AUD/USD and USD/CAD pairs. Thus, it was decided

o construct two new portfolios, a second Equally Weighted one

EWP2) and one based on Kelly Criterion (KCP2), using only the

ve pairs that responded better during the optimization stage. The

tructure of these portfolios is the same with the original ones,

.e. with the Equally Weighted (EWP1) and Kelly Criterion (KCP1)

ortfolios, varying only on the number of currency pairs, the new

nes contain only five out of the eight currency pairs (i.e. GBP/USD,

SD/JPY, EUR/USD, EUR/JPY and GBP/JPY). 

The difference from the original EWP1 portfolio is the value

f the weight coefficients; since it is composed by five currency

airs only, the allocation chosen is equal to 1/5 (i.e. participation

f 20%). Table 9 shows the annual proportions of each currency

air for the second Kelly Criterion portfolio. Similar to KCP1 the

eight coefficients for each currency pair of the first year are equal

ince no data are available from year 2009 and the other percent-

ges emerge from the data of the precious year. The only difference

ith KCP1 is that the new one contains only the pairs that suc-

eeded an average total return above the threshold value of than

00% during the calibration procedure. 

The annual returns for both new portfolios that have been con-

tructed i.e. EWP2 and KCP2 is presented in Table 10 , for six out

f the seven years both portfolios were improved compared to the

riginal ones. Table 11 contains the evaluation measures that are

sed in order to assess the performance of the two new portfolios.



42 S.K. Chandrinos, N.D. Lagaros / Operations Research Perspectives 5 (2018) 32–44 

Table 11 

Evaluation measures of the improved EWP2 and KCP2 portfolios. 

Metrics Portfolios 

EWP2 KCP2 

Total Sum (%) 141.60 178.34 

Arithmetic Average (%) 20.23 25.48 

Geometric Return (%) 18.47 23.96 

Standard Deviation (%) 21.77 20.42 

Sharpe Ratio 0.83 1.14 
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An average free-risk rate equal to 2.5% is also used for the calcu-

lations. As it can be seen in Table 11 , the new equally weighted

portfolio outperformed the original one. Specifically, it has a total

return of 141.60% with an arithmetic average of 20.23%, and a stan-

dard deviation of 21.77 that provides a geometric return of 18.47%

and a positive sharpe ratio of 0.83. The new KC portfolio presents

impressive results having a total return almost twice that of the

original Kelly based portfolio. As it can be observed from the re-

sults shown in Table 11 , it has a 7-year total return of 178.34%

with an arithmetic average of 25.48%, and a standard deviation of

20.42 that provides a geometric return of 23.96% and significantly

high positive sharpe ratio of 1.14. Another noteworthy issue is that

this portfolio presents only one negative year (2015 return −4.47%).

This means that KCP2 portfolio is characterized from a high stabil-

ity in its performance. 

5.4. Comparison of the constructed portfolios with benchmarks 

A measure for an investor to choose a specific portfolio over an-

other is its performance compared to its benchmarks. If the port-

folio has the same or poorer returns than its benchmarks then it

is more rational for the investor to choose the benchmarks itself.

The benchmarks contain larger variety of securities than a port-

folio. Hence, a benchmark resembles a well-diversified portfolio

that reduces the unsystematic risk from the specific asset, main-

taining only the systematic or market risk that cannot be elim-

inated. Therefore, it can be stated that when a specific portfolio

cannot generate returns higher than its benchmarks, the later ones

is a better alternative solution mainly due to their lower risk. As

Markowitz [19] supported in his book “Modern Portfolio Theory ”

that a rational investor will not invest in a portfolio, if a second

portfolio exists with a more favourable risk-expected return pro-

file. 

However, currency cannot be considered as part of a “default

market”, making the formation of currency benchmarks a challeng-

ing issue. Currencies were always traded in pairs; therefore, if a

manager or trader is long in EUR/USD i.e. buys Euros and sell U.S.

dollars. Investing in currencies represent an active investment de-

cision. Every trade leads to be a relative value trade. As a result,

there is no real natural market portfolio to measure and capture

foreign exchange beta. 

In order to further emphasize on the significance of the re-

sults obtained, it was decided to compare the performance of the

four portfolios constructed in this study with that of benchmarks

that are considered as fundamentals for the investors; i.e. the Stan-

dard & Poor’s 500, Barclay CTA Index, Barclay BTOP FX Index, Bar-

clay Currency Traders Index and Barclay Systematic Traders Index

benchmarks. The Standard & Poor’s 500, often abbreviated as the

S&P 500, is an American stock market index based on the market

capitalizations of the 500 large companies having common stock

listed on the NYSE or NASDAQ. Although, the specific benchmark

is not directly related to the constructed portfolios since it is con-

stituted by stocks, it was decided to use it, because is the most

popular benchmark in the world of finance and it succeeds con-

stantly high returns making the comparison with the constructed
ortfolios more challenging. The Barclay CTA Index is a leading in-

ustry benchmark of representative performance of more than 500

ommodity trading advisors, while an advisor must have four years

f prior performance history. 

The Barclay BTOP FX Index seeks to replicate the overall compo-

ition of the currency sector of the managed futures industry with

egard to trading style and overall market exposure. The BTOP FX

ndex employs a top-down approach in selecting its constituents.

he largest investable currency trading programs, as measured by

ssets under management, are selected for inclusion in the BTOP

X Index. The Barclay Currency Traders Index is an equal weighted

omposite of managed programs that trade currency futures and/or

ash forwards in the interbank market. It contains more than 50

urrency programs. The Barclay Systematic Traders Index is an

qual weighted composite of managed programs whose approach

s at least 95% systematic. It contains more than 300 systematic

rograms. 

Table 12 shows the yearly returns of the five benchmarks for

he period 2010–2016, where it can be noticed that during this

eriod (2010–2016) only S&P500 and Barclay Currency Traders In-

ex have positive returns for every year, showing that both have

 stable performance with respect to the time. Table 13 presents

he evaluation measures that were used to assess the performance

f the five benchmarks. The comparison was focused on the same

etrics used for the constructed portfolios in order to make re-

ults directly comparable. As it can be observed through Table 13 ,

&P500 seems to have the best performance out of all benchmarks

hat were selected. It outperforms the three out of the four Bar-

lay’s indexes with reference to the total sum, arithmetic average,

eometric return and sharpe ratio. The standard deviation is the

nly disadvantages for S&P500. It has an almost double standard

eviation value compared to Barclay CTA Index, Barclay BTOP FX

ndex and Barclay Systematic Traders Index, worth mentioning that

arclay Currency Traders Index attains an extremely low standard

eviation value equal to 1.33%. Among the four Barclay’s indexes,

urrency Traders Index is the only one that provides a positive

harpe ratio. Furthermore, it presents better performance than the

ther three indexes in all the other measures. 

Through the assessment process, the constructed portfolios

ere compared to S&P500 and Barclay Currency Traders Index only

hat proved to be the most competitive benchmarks. In particular,

omparing Tables 7 and 10 with Table 12 for a year-per-year basis,

t can be seen that EWP1 portfolio outperforms S&P500 for three

ut of the seven years and Barclay Currency Traders Index for four

ut of the seven years, while EWP2 portfolio outplays both bench-

arks for five out of the seven years. Concerning the KCP1 portfo-

io, it succeeds higher returns than both benchmarks, outperform-

ng both benchmarks for four out of the seven years and the KCP2

ortfolio also outperforms S&P500 for four out of the seven years

hile for the case of Barclay Currency Traders Index for six out

f the seven years KCP2 has better returns. However, comparing

ables 8 and 11 with Table 13 , it can be seen that the evalua-

ion measures provides a more detailed overview concerning the

uality of the portfolios constructed in this study. The four con-

tructed portfolio outperformed the Barclay Currency Traders In-

ex with enormous difference with respect to the total sum, arith-

etic average, geometric return and sharpe ratio. Specifically, the

eometric return and sharpe ratio of KCP2 portfolio exceed the Bar-

lay Currency Trader Index’s by 924% and 418%, respectively. Only

WP1 portfolio failed to beat S&P500 in terms of the total sum.

lthough, the true advantage of the S&P500 is its sharpe ratio,

CP2 portfolio achieved a positive sharpe ratio of 1.14 outperform-

ng by almost 10% the corresponding value of the S&P500 bench-

ark. Moreover, the KCP2 portfolio seems to achieve better perfor-

ance with respect to all measures compared to both benchmarks.

he only drawdown of the constructed portfolios is that they de-
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Table 12 

Annual returns of Benchmarks. 

Year Period Benchmarks 

S&P500 Barclay CTA Barclay BTOP FX Barclay Currency Traders Barclay Systematic Traders 

Total Return (%) 

2010 15.06 7.05 7.36 3.45 7.82 

2011 2.11 (3.09) (4.37) 2.25 (3.83) 

2012 16.00 (1.70) 2.37 1.71 (3.20) 

2013 32.39 (1.42) (2.73) 0.87 (1.10) 

2014 13.69 7.61 8.69 3.35 10.32 

2015 1.38 (1.50) 1.93 4.65 (2.92) 

2016 11.96 (1.19) (5.44) 1.52 (1.78) 

Table 13 

Evaluation measures of Benchmarks. 

Metrics Benchmarks 

S&P500 Barclay CTA Barclay BTOP FX Barclay Currency Traders Barclay Systematic Traders 

Total Sum (%) 92.59 5.76 7.82 17.80 5.31 

Arithmetic Average (%) 13.23 0.82 1.12 2.54 0.76 

Geometric Return (%) 12.83 0.74 1.00 2.54 0.62 

Standard Deviation (%) 10.36 4.49 5.58 1.33 5.79 

Sharpe Ratio 1.06 (0.32) (0.20) 0.22 (0.26) 

Table 14 

Annual returns of the MRB channel strategy and the buy-and-hold (BaH) approach calculated in pips. 

Year Period GBP/USD USD/JPY EUR/USD GBP/JPY EUR/JPY 

BaH MRB BaH MRB BaH MRB BaH MRB BaH MRB 

2010 1250 −71 −816.8 −934 1497 2085 −405 1417.3 −192.3 1635.6 

2011 −220 −720 −254.5 −409 −1706 −48 −518.4 683.3 −1055.1 1620.8 

2012 −371 408 1303.9 719.2 530 −271 2976 1458.3 2800.4 1309.3 

2013 813 −749 1002.6 313.5 628 2.3 1854.1 433.2 10 0 0.8 −429.1 

2014 −1256 −279 1591.8 762.1 −2237 1398 1624.4 2727.7 258.5 726.7 

2015 −754 300 −82.6 175.2 177 305 −3302.3 −1165.6 −1788.8 −1049 

2016 −1904 2392 −537.3 1145.2 −956 −354 −1366.1 3149.7 −160.2 568.8 

Total −2442 1281 2207.1 1772.2 −2067 3117.3 862.7 8703.9 863.3 4383.1 
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ict relatively higher standard deviation values from all selected

enchmarks. 

.5. Comparison of the performance of MRB strategy with the 

uy-and-hold approach 

For further elaborating on the significance of this study, the per-

ormance of the proposed MRB channel strategy system when ap-

lied to the best (derived from the optimization process) currency

airs (GBP/USD, USD/JPY, EUR/USD, GBP/JPY and EUR/JPY) is com-

ared to the buy-and-hold (BaH) strategy. According to the BaH

trategy a pair is bought at the beginning of the year and is held

ntil the end of the year. As it can be seen in Table 14 , the pro-

osed trading strategy outperforms the BaH one in the four of the

ve pairs. Only for the case of the USD/JPY pair MRB fails to beat

he BaH returns achieving, however, significant profits. Worth men-

ioning that the MRB channel strategy generates better results even

or the absolute value of the returns of the buy-and-hold (assum-

ng that a sell-and-hold approach is followed). 

. Conclusion 

The major achievement of this study was the construction of

 portfolio having steadily profitable performance. In order to

chieve this target, a friendlier and more adaptable to market con-

itions trading tool was developed first. In particular, the Modi-

ed Renko Bars (MRBs) were proposed in this study that comply

uch better with the market’s movement and represent more ac-

urately its true directions than the simple or the common renko
ars. Thus, based on MRB charts a Channel breakout strategy was

mplemented. Subsequently, it was proved that in order to formu-

ate a profitable strategy an optimization phase is necessary to be

erformed first. The optimization phase, which was carried out

ver a 4-year period, helped us to calibrate the parameters of the

rading strategy for eight currency pairs. For the requirements of

he optimization phase, three derivative-free algorithms were em-

loyed aiming to identify the parameters that achieve the highest

otal return for each currency pair; the parameters that develop

he highest result among the three algorithms were chosen to be

sed in the testing and portfolios construction phases. 

Afterwards, the optimized parameters obtained for each pair

ere tested over a 7-year period. The results obtained, especially,

or five out of the eight currency pairs were found to be impres-

ive. Specifically, when a threshold value of 200% average total re-

urn for the three optimization algorithms was set for each cur-

ency pair, it was observed that five out of the eight currency pairs

esulted into average total return greater than the 200% thresh-

ld value. This observation indicates that this kind of strategy will

ot fit smoothly to the three pairs that failed to achieve 200% av-

rage total return. Subsequently, two couples of portfolios were

onstructed using equally weighted proportions and based on the

elly criterion. The first group was constructed using the eight cur-

ency pairs (the two portfolios of the group were denoted as EWP1

nd KCP1) and the second one using the five best pairs (distin-

uished according to the 200% threshold value principle, and the

wo portfolios of the group were denoted as EWP2 and KCP2).

elying on the five best currency pairs, the sharpe ratio of both
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portfolios was improved when compared to the original ones (i.e.

EWP1 and KCP1), while the total returns of the simple average

portfolio (EWP2) was increased by 143% compared to EWP1 and

that of the KCP2 by 66% with reference to KCP1. 

Afterwards, the portfolios constructed were compared with

well-known benchmarks. In particular, comparing the 7-year per-

formance of the improved Kelly Criterion portfolio (KCP2) with

the corresponding one of the S&P500, Barclay CTA Index, Barclay

BTOP FX Index, Barclay Currency Traders Index and Barclay Sys-

tematic Traders Index benchmarks it was observed that KCP2 out-

performed the S&P500’s total return by 92.6% and that of the Bar-

clay Currency Traders Index by 900%, the rest of the benchmarks

had rather poor to very poor performances. In general, it can be

stated that the four portfolios constructed in this study performed

extremely well alongside all benchmarks selected, succeeding re-

markably better results in most of the cases. The only disadvantage

of the constructed portfolios is the higher standard deviation that

is observed; however it can be justified by the larger and better

diversification in terms of securities that is available by the bench-

marks that leads to lower risk and mildest fluctuation. 

The development of the proposed trading system (the optimiza-

tion process included) and the construction of the two portfolios

derived, followed a completely systematic approach that is appli-

cable to any financial instrument. A major advantage of the pro-

posed investment philosophy is that it can be operated entirely by

a computer generating the trading signals automatically. There is

no need for investor’s intervention in the trading procedure since

it is strictly defined, while it composed by no “black box” parts.

Worth mentioning also that, even in the case of excluding some

currency pairs from the constructed portfolios due to their poor

performance, the procedure followed, was also strictly mathemat-

ical and easy to be operated automatically. It consists from the

comparison of the performance (i.e. total return achieved from the

optimization process) part between relative financial instruments

to their average. The instruments that achieve performance above

average will participate on the constructed portfolios and the ones

below will be excluded. 

Future work will be focused mainly on the reduction of the

standard deviation of the constructed portfolios and further im-

provement of their performance. In order to achieve these objec-

tives, machine learning techniques will be applied, trying to eval-

uate the quality of every produced signal from the proposed strat-

egy and recognize those that will be more likely to end at a losing

trade. 
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