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Abstract 

The paper deals with the problem of multiple criteria decision making on 

the Forex market. Existing fully automated systems mostly fail to achieve 

profits in a wide time horizon, and simple manual decision support systems 

are ineffective due to the large number of variants that are available to the 

decision maker. 

We propose a new decision support system based on concepts of fuzzy sets 

theory and multicriteria analysis. The system includes an original dominance

based algorithm. Algorithm sequentially analyzes subsets of variants gener

ated by the trading system, what visibly decreases the algorithm's computa

tional complexity. As opposed to classical crisp approaches, where a binary 

activation function is used, here membership functions are proposed to ex

tend the viability of trading systems. Thus every instrument on the market 

is considered as a single multicriteria variant. 

The system assures the decision maker's sovereignty as he/she can make 
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decisions according to his/her different levels of willingness to take a risk and 

to use a different set of market indicators. 

The effectiveness of the proposed approach is confirmed with the use of 

numerical experiments on real data from the Forex market for two and three 

criteria examples with successive readings and different parameter settings. 

Keywords: Multicriteria decision making, foreign exchange, fuzzy sets, 

decision support 

1. Introduction 

Currently we can observe tendency, that the number of instruments avail

able to the trader, i.e. the decision maker on the Forex market, easily exceeds 

over 100 instruments and continues to increase. Introducing new instruments 

not only related to currency pairs but also to stock market indices as well 

as other derivatives entails the need for the introduction of new concepts 

that were not available to the decision maker several years ago. Manual 

trading systems are overrun by partial or fully automated trading systems 

capable of controlling every single aspect of the transaction related to start

ing the position as well as maintaining and closing the position. A fully 

automated system is understood as an application in which predefined rules 

are used to completely maintain decision maker 's account. Examples of fully 

automated trading systems can be found in (Chourmouziadis & Chatzoglou, 

2016; Cervell6-Royoa, Guijarroa, & Michniuk, 2015; Ozturk & Fidan, 2016). 

Vast majority of such automated systems are based on the set of rules 

defined on the basis of different market indicators and will be further called 

rule-based trading systems. The efficiency of such an approach was confirmed 
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in multiple articles related to the subject, and results related to the practical 

application of technical analysis indicators were presented in (Taylor & Allen, 

1992, 2006). On the other hand, fundamental analysis as a tool for gener

ating the rules is used seldom and is mostly related to text mining concepts 

(Nassirtoussi & Ngo, 2015). A summary related to the subject of technical 

analysis on the Forex market can be found in (Cheol-Ho Park, 2007). Author 

stated, that in early studies ( until early 1990s) technical trading strategies 

were capable to generate consistent profits on the Forex market and futures 

market. While at the same time later studies point out some inconsisten

cies and mixed results. The mentioned problems involved for example data 

snooping, difficulties in risk estimation, skipping the transaction costs or even 

ex post selection of trading rules. 

Two problems related to generation of the buy and sell signals in the 

existing systems can be observed. The first one arises when the system 

takes into account a large number of instruments and the signal is generated 

independently for each instrument satisfying any of the assumed conditions. 

A potential number of signals generated by these systems often exceeds 10-

20 signals in every single time step. It is far beyond the possibilities of 

decision makers. In general, decision makers have limited information about 

the efficiency of the signals especially that some of them can be dominated 

by others. 

The second problem relates to a specific market situation when the signal 

is generated only when all indicators considered in the system satisfy assumed 

conditions at the same time. It is obvious that increasing the number of 

market indicators included in the system improves the quality of the signals; 
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however, the number of signals is very small and very often reaches zero in a 

given reading, even when the number of considered instruments is very large. 

The above problems create gaps which we propose to fill up with the use 

of a specially constructed decision support system that indicates currency 

pairs that are potentially interesting to the decision maker. We focus on the 

concept where one set of indicators is used for a large set of currency pairs in 

order to emphasize the advantages of our solution. The proposed approach 

includes the application of fuzzy sets concepts to generate signals for cur

rency pairs by the trading system and a comparison of the currency pair 

variants by the domination relations used in multicriteria analysis. An algo

rithm generating the set of non-dominated variants according to the decision 

maker's preferences is proposed. The efficiency of the algorithm is proved by 

the respective theorem and shown in a series of calculation experiments on 

real data from the Forex market. 

In the classical existing crisp-based approach the time in which the de

cision maker can open a transaction is limited. Such an approach excludes 

the opportunity to open the position before the binary signal is generated. 

Moreover, the two-fold signal mechanism based on "signal / no signal" func

tion do not allow to identify the dominated variants. Such mechanism seems 

be be inefficient in the case of large number of instruments. 

We propose a fuzzy concept which will allow to estimate the efficiency 

of a given buy / sell signal for a currency pair value in the range of (0, 1) 

for every used indicator. Every currency pair in a given market situation at 

a time t is represented in the analysis as a variant with a vector of criteria 

related to particular indicators. Each criterion is valuated by a membership 
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function. The shape of membership function is indicated by the function 

defining the given market indicator. The possibility to freely extend or re

duce the membership function is limited to the crisp rule definition. All 

membership functions included in the proposed system are directly related 

to the simple rule definitions that are commonly used in the trading systems. 

In comparison to the crisp approach the information generated by our system 

is extended and quantified. 

In our approach the original crisp signal is included in the membership 

function and the time interval in which it is possible to open the position is 

extended; however, a greater time range to take the position also means a 

greater risk related with this position. The willingness to take a risk is set 

by the decision maker. A more conservative approach could include narrow 

membership functions, while a decision maker with a more aggressive trading 

approach could extend the range of the membership functions. Every trans

action in the crisp approach has some probability of being effective; however, 

introducing the fuzzy membership function decreases this probability pro

portionally to the distance of the original crisp signal. Thus , increasing the 

willingness to take a risk is understood as an extension of the membership 

range. On the other hand, such an extension positively affects the number 

of signals generated by the system. So, in general , risk in this concept is the 

ratio between the number of possible signals and the safety of transactions. 

Fully automated trading systems in general exclude the actions of the de

cision maker. Knowledge about the details related to criteria defined by the 

decision maker as well as his/her variability of preferences is not taken into 

account in the systems. The approach proposed in this paper was developed 

5 



on the basis of multicriteria decision-making concepts. The system should 

generate outcomes according to preferences of decision makers. Our motiva

tion is only to support the decision maker. The final decision is not made 

automatically. In fact we try to deliver to the decision maker as many bene

ficial options as possible. Moreover, this approach can be freely extended in 

such way, that the different indicators can be considered jointly. Membership 

functions can be used for a single indicator as well as for groups of indicators 

and also in the case of fundamental analysis . 

The algorithm proposed in this article allows to deliver example solutions 

even when the simple crisp approach returns an empty set of acceptable 

variants. The key factor introduced in the algorithm is the mechanism of 

expanding the set of non-dominated variants in every step of the algorithm. 

The mechanism allows to shorten the calculation time by narrowing the set 

of variants that have to be evaluated if a new variant suspected of not being 

dominated appears. The set of non-dominated variants is built in every single 

step of the algorithm. Eventually, the final solution is equal to the sum of 

all sets of non-dominated variants calculated for every step of the algorithm. 

Thus novelties of this article include: 

• a new tern plate for the rule-based trading system based on the fuzzy 

sets theory and multicriteria analysis is proposed; 

• a new low computation complexity algorithm capable to deliver the full 

set of non-dominated variants is presented; 

• a mechanism related to the willingness to take a risk by the decision 

maker is proposed; 
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• efficiency of the proposed solution is compared with two different rule

based trading systems commonly found in literature. 

The article outline is as follows. In Section 2 we present some works re

lated to the subject of trading systems and basic concepts used in the article. 

Section 3 introduces the details of the crisp approach and the proposed fuzzy 

approach along with the trading rules that are used in the framework. Sec

tion 4 introduces the dominance concept and the dominance-based algorithm 

with a simple illustrative example. The last two sections of the article in

clude detailed examples based on real world problems and some conclusions 

together with a description of future work. 

2. Background and related works 

In a decision support system (DSS) we take into account 3 equally im

portant market indicators; however, the proposed approach can include any 

number of indicators. Fig. 1 presents a schematic diagram of a simple trading 

system in the context of decision making process. 

In our proposed approach we concentrate especially on the set of technical 

indicators. However fundamental indicators could be used as well. All of the 

considered indicators are presented below. The moving average equation is 

given as follows: 

(1) 

where M Ap( t) is the value of the moving average for period pin time t , price; 

is a currency pair value for a given time i, and p is the number of included 

values. An example concept based on moving averages may be found in Holt 

(2004). 
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Figure 1: A simple rule based trading system in a decision making process 

Two oscillators were also included in the trading system. The first is the 

Relative Strength Index (RSI): 

100 
RSip(t) = 100- 1 _ ~' 

av gloss 

(2) 

where RSIP(t) is the value of the RSI indicator calculated on the basis of the 

last p periods in time t, avggain is the sum of gains over the past p periods 

and avg1oss is the sum of losses over the past p periods. The second oscillator 

to be used is the Commodity Channel Index (CCI): 

CCI (t) = 2._ pricetypical - MAP(t) 
P a O"(pricetypical) ' 

(3) 

where CCip(t) is the value of the CCI indicator calculated on the basis of 

p periods in time t, pricetypical is the typical price calculated as the average 

value of the Close, Low and High price from a given period, CJ" is the mean 

absolute deviation and a: is the constant value used for scaling the mean 

absolute deviation value. 
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Rule-based trading systems are not the only methods used on the Forex 

market. A separate group of methods represent trading systems based on 

neural networks. Publications related to this subject emerged already in 

1995, when the neural network was used as a preliminary signal (Chan & 

Teong, 1995). To the best of the authors' knowledge, one of the first ar

ticles dedicated to using neural networks on the market was described in 

Mizuno & Komoda (1998). Newer approaches concerned the use of neural 

networks for data prediction (Jingtao & Lim, 2000) or the application of 

technical indicators as neural network entry points (Thawornwong & Dagli, 

2003). A very interesting connection was presented between technical anal

ysis indicators and fundamental indicators (Eng & Lee, 2008). In Ciskowski 

& Zaton (2010) , a self-organizing map was used as a mechanism of detecting 

correlations between Japanese candlesticks. A similar concept was proposed 

in Chmielewski & Kaleta (2015), where the k-means algorithm was used to 

detect some Japanese candlestick patterns. 

The second group of articles is related to systems based on new trading 

rules generated on the basis of existing technical analysis indicators. These 

approaches often rely on approximate mechanisms such as metaheuristics. 

Examples of such papers include genetic programming (Lee & Loh, 2002) , 

grammar evolution (Brabazon & O'Neill, 2004), and evolutionary algorithms 

(Bodas-Sagi, Soltero & Risco-Martin, 2009). Such approaches are based on 

the concept of setting optimal values of the technical indicators. More re

cent papers in this field rely on the concept of evolutionary multicriteria 

algorithms (Bodas-Sagi, Fernandez-Blanco & Soltero-Domingo, 2013) and 

particle swarm optimization (Bagheria & Akbaric, 2014). Approximate ap-
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proaches in this field are presented in Ozturk & Fidan (2016) and Moscinski 

& Zakrzewska (2016). 

The last group of articles is related to using new technical indicators as 

support for decision makers. These approaches are called hybrid indicators 

and are often built on the basis of classical technical analysis indicators. It is 

worth noting that new technical analysis indicators are only a small group of 

articles in this field. An example of such work may be found in Fliess & Join 

(2009), in which a new indicator that was correlated with the risk factor was 

presented. This concept was based on the mathematical evidence of trends in 

financial data that was presented in Fliess & Join (2009). Another example 

of a new indicator is the moving min-max described in Silagadze (2011). 

This indicator was used as a chart smoothing tool allowing to ignore small 

price corrections. It is worth noting that there are very few approaches in 

which decision support is preferred over automated trading, as in most of the 

approaches the complete trading system is treated like a black-box, where 

the set of input data is transformed into the output data signal; however, in 

article Kissell & Malamut (2006) the authors proposed an approach in which 

it is possible to set such parameters as risk aversion. 

We make use of the system based on fuzzy sets as were originally intro

duced by Zadeh (1999). There are multiple publications related to the use 

of fuzzy concepts with stock data (rarely with Forex data) such as (Wang, 

2002, 2003; Hadavandi & Ghanbari, 2010). One of the crucial concepts from 

the point of view of the current article are the so-called aspiration levels as 

introduced by Wierzbicki (1982). Wierzbicki provided a mathematical back

ground to satisfy the decision making. A newer work including a definition of 
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the reference point is Kahneman (1992). Examples of articles related to the 

subject of decision making supporting the multicriteria analysis and fuzzy 

sets can be found, for example, in (Carlsson & Fuller, 1996; Ribeiro, 1996), 

and in the more recent Lazim (2013). 

3. Traditional crisp and the proposed fuzzy approach 

In the classical crisp approach the rule-based trading system includes 

a predefined set of transaction rules related with the technical indicators. 

Every indicator can be described by the set of rules , which can be transformed 

into the binary activation function. A signal is generated only in the case, 

when the function value is equal to 1. In the fully automated-trading system 

positive function value is equal to opening the transaction, while in the crisp 

decision support system information about the signal is derived in the system 

and presented to the decision maker. 

We propose a fuzzy concept, in which information about a market situa

tion is transformed into a value of the membership function for each consid

ered indicator. Such value is calculated for every considered currency pair. 

So each currency pair in a given market situation in a time t is represented 

in the analysis as a variant with the vector of criteria related to particular 

indicators. To estimate the efficiency of such approach we compare it with 

the classical crisp approach, where criteria for all indicators are built on the 

basis of the binary activation function. To describe accurately the proposed 

concept, we consider buy signals, however the same concept can be used in 

the case of sell signals. 
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3.1. Binary activation functions in the crisp approach 

For each considered indicator there is a condition for which the binary 

activation function should be set to "true", which is denoted as the signal to 

open the position. The value 1 is assigned to every "true" value. We denote 

these conditions as condMA, condRsr and condccr; thus the potential BUY 

signal may be considered as follows: 

!buy= true if (condMAsuy = trueVcondRsr8 ,,Y = trueVcondccr8 ,,Y = true) , (4) 

where condMAs,,y is the binary activation function for the moving averages. 

In other case the considered variant is rejected. Motivations to open the 

position rise when the number of indicators with the "true" value increases. 

In the proposed approach we adapted the basic rules used with the technical 

indicators. For the moving averages the condition is given as follows: 

condMAsuy = true if (MAJast(t) > MAslow(t))/\(MAJast(t-1) < MAslow(t-1)), 

(5) 

M Atast(t - 1) is a value of the moving average with a lower period in time 

t - 1, M Aslow(t - 1) is a value of the moving average with a higher period in 

time t-1. An example signal is generated if two moving averages crosses each 

other. In the case of oscillators RSI and CCI, the binary activation functions 

are built on the basis of crossing the indicator with some predefined levels. 

For the RSI this will be 30. In the case of CCI the value is -100: 

condRs18 ,,Y = true if (RSip(t - 1) < 30) /\ (RSip(t) > 30), (6) 

RSin(t - 1) is a RSI value in time t - l. The binary activation function for 

the second oscillator is defined as follows: 

condcc18 ,,Y = true if (CCip(t - 1) < - 100) /\ (CCip(t) > - 100). (7) 
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Both indicators are based on overbought and oversold levels. Overbought is 

a level in which there is a high probability of a price fall, whereas the oversold 

level indicates the high possibility of a price rise. 

3.2. Membership functions in the fuzzy approach 

We propose a fuzzy concept, in which a market situation is transformed 

into a value of the membership function for each considered indicator. Such 

value is calculated for every considered currency pair. So each currency 

pair in a given market situation in a time t is represented in the analysis 

as a variant with the vector of criteria related to particular indicators. To 

estimate the efficiency of such approach we compare it with the classical 

crisp approach, where criteria for all indicators are built on the basis of the 

binary activation function. A basic assumption is that every criterion value 

is in the range of (0: 1) , where O is no signal, while 1 is a strong BUY. On 

the basis of external factors the decision maker may approach the presented 

signal differently and ignore all BUY /SELL signals when the currency pair is 

in the middle of consolidation. These factors imply the eventual possibility 

of changing the range of the criterion which is considered as satisfactory for 

the decision maker. Due to limited space we introduce only membership 

functions related to the BUY signals, whereas similar membership functions 

can be defined for the SELL signals: 
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µMA - BUY(c) 

ma':,,---;,£10w if (MAJast(t) > MAstow(t)) I\ Utow < max) 
/\ (MAJ ast ( t - 1) > M Astow ( t - 1)) 

1 if (MAjast(t) > MAstow(t)) 
/\(MAJast(t - 1) < MAstow(t - 1)) (8) 

!_:,;; if (MAJast(t) < MAstow(t)) I\ (!high< max) 
/\(MAJast(t- 1) < MAstow(t -1)) 
0 in other case 

where c denotes the currency pair for which the conditions on the right 

side of the equation are checked, max is the maximal number of readings 

used in the calculations, !high is a function used to count readings above the 

moving average with a higher period and !tow is a function used to count 

readings below the moving average with a higher period. The transaction 

system collects information from the market and calculates the values of the 

indicator at a given time t. 

The membership function defined for the RSI indicator is given as follows 

RSJ&(t) if (RSip(t) < 30) 

1 if ((RSip(t -1) < 30) /\ (RSip(t) > 30)) V (RSip(t) = 31) 

µRSI - BUY(c) = RSI~(i) - 3o·a if (RSip(t) > 31) 

/\(RSip(t) < 50) /\ (RSip(t - 1) :s; 30) 

0 if (RSip(t) > 50) 

In the case of the CCI indicator the membership function is defined as 

follows: 
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0 if (CCip(t) < CCimin) 
CCip(t)-CCimin if (CCI (t) > CCI · ) /\ (CCI (t) < -100) 

- CCimin-100 P mm p 

µccI-BUY(c) = 
1 if (CCip(t - 1) < -100) A (CCip(t) > - 100) 

CCI~~J+5o if (CCip(t) > -100) /\ (CCip(t) < -50) 

/\(CCip(t -1) > -100) 
0 if (CCip(t) > -50) 

(10) 

where CCIP(t) is a value of the CCI indicator in the present time, CCimax 

is the maximal considered CCI value and CCimin is the minimal considered 

CCI value. A vector of scalar values in the range of (O; 1) is generated in a 

given time t for all of the given indicators. 

In the fuzzy approach, the original signal taken from the crisp approach 

is still included; however, the neighboring values of the indicator can also 

be included by calculating the membership function. Example comparison 

of such a situation can be seen in Fig. 2, where the crisp approach (upper 

indicator chart) and the fuzzy approach (lower indicator chart) are visible. 

The gray color marks the window in which the signal value is greater than 

zero. In the case of the crisp approach, the non-zero value is observable 

only in the specific time tick; however, for the fuzzy approach the signal 

can be observed with the specific time window. In the crisp approach the 

decision maker has a limited time to open the transaction when the signal 

was generated. 

4. Preference relations and Domination cones 

Let c be a currency pair valuated by a vector y of n criteria y = (y1 , ... , Yn). 

Variants of the vectors are analyzed in the criteria space lRn. The criteria 
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Figure 2: Comparison of the length of the time window in which a signal generated in the 

crisp approach and fuzzy approach is active 

refer to the particular indicators with the values of membership functions. 

In the case of MA indicator considered as the first criterion y1 = µMA(c) for 

a given currency pair c, and following Y2 = µRs1(c), y3 = µcc1(c), etc. for 

n considered indicators. The trading system generates some number of such 

variants in a given time window. By the time window we understand a time, 

that is needed to generate a new value on the price chart . 

In the crisp approach each criterion can take only 1 or O value. In the 

proposed fuzzy approach the set of analyzed variants is extended due to the 

definitions of the membership functions. 

The preferences of the decision maker have to be defined in the set of 

analyzed variants. The decision maker, i.e. trader, tries to find a variant 

with possibly maximal values of all the criteria; therefore, we can define the 

following relations between variants in Rn space: 

Definition 1. Variant y is at least as preferred as variant z if each criterion 
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of y is not worse than the respective criterion of z . 

(11) 

Definition 2. Variant y is more preferred {better) than variant z according 

to the logical formulae: 

y >-- z ¢:} (y t z) I\ ,(z t y). (12) 

Definition 3. Variant y is incomparable with variant z if 

·(Y t z) I\ ,(z t y). (13) 

The strict domination relation >-- defines a preorder in the n dimensional 

space of criteria. This domination relation can be formulated and presented 

with the use of domination cones. The cones are formulated in the n di

mensional criteria space ]Rn defined by t he membership functions for all n 

indicators. The maximal attainable value of each criterion in t he space is 

equal to 1 according to the defini t ions of the membership functions. A point 

u = { u 1 , U2, ... , Un} with Ui = 1 for all i = 1, ... , n is called t he aspiration 

point. It relates to the best theoretical ideal variant. In general, such a vari

ant may not exist. The definition differs from the definition typically used in 

t he multicriteria analysis where t he ideal point is formulated by the maximal 

values of the criteria of existing variants. 

Definition 4. We say that an element y dominates an element z where 

y, z E ]Rn and write y >-- z if y E (z + D+) where D+ is the domination cone 

defined as D+ = {y : y1 :::=: 0, ... , Yn :::=: 0, and y -=f. 0} . 

Definition 5. The set of points dominating a given pointy is defined 

by (y + D+), i.e. by cone D+ moved to pointy. 
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Definition 6. The set of points dominated by a given point y is 

de.fined by (y + D _) where D_ = {y: y1 ::; 0, . .. , Yn:::; 0, and y-/- 0}. 

Definition 7. An element y E Y C IR.n is non-dominated in set Y if there 

does not exist any element z E Y such that z E (y + D+)-

The domination relation formulated with the use of cones in IR.2 is illus

trated in Fig. 3. The figure presents variants y1 , y2 , y3 , y4 in relations to 

a given variant y. Variant y1 dominates y as it belongs to the set (y + D+) 

defined by the positive cone D+ moved to the point y in IR.2 . Variant y2 

belongs to the set (y + D _), so it is dominated by y. Variant y3 as well as y4 

is non-comparable with y as it does not dominate y nor is it dominated by 

y. 

Y, 

v• • 

( y + D.) 

(y+D+ l 

• y' 

1 v, 

F igure 3: Domination concepts with the use of cones 

We assume that the decision maker first proposes a point x E IR.n , called 

t he reservation point , defining non-accepted variants which should be re-
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moved from further analysis: 

X = {x1, X2, ... , Xn}, ViQ < .Ti < U;, (14) 

where n is the number of criteria, X; is the value of criterion i. 

Point xis of course dominated by the aspiration point, i.e. x E ( u + D_ ). 

All variants dominated by point x are removed, i.e. each variant y such that 

y E ( x + D _) is removed from further analysis. Let Y denote the set of all 

variants generated by the trading system. Having point x, we can define the 

set of non-accepted variants Y_ = (x + D_) and set Y+ = Y \ Y_ of variants 

accepted for further analysis , in which non-dominated variants are looked 

for. Point x relates to the risk aversion of the decision maker with respect to 

particular criteria. It defines an extension of the set of accepted variants in 

the fuzzy approach in comparison to the crisp case . 

In the set of accepted variants we construct a vector T E ]Rn defining a 

direction of concessions from the aspiration point u to the reservation point x, 

such that x = u - T. Particular points sJ on the concession line linking u and 

x can be calculated by sJ = u - tJ • T, where tJ are real numbers O ::::; tJ ::::; l. 

In the proposed approach the set of accepted variants is divided into 

several subsets which are sequentially analyzed to uncover all non-dominated 

variants. The subsets are defined by domination cones with vertices sJ lying 

on the concession line: 

sj = {s{, s~, ... , s{J, Vk xk::::; s{::::; uk, k = l, 2, ... , n. (15) 

This scheme is illustrated in Fig. 4. Initially, s0 relates to the aspiration 

point u. Then it is moved according to the direction of concession, with an 
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increasing value of er until point x is reached. A respective domination cone 

and a subset of analyzed variants is constructed for each s1. 

~ ~u 
1 -------------------------------·•s-

0.5 

1------------------=-s1•/ 
/ 

concession line ~ 

/ 
/ 

?=x 
,, 

• 
~ 

'1o 
0~ 
~ 

/ 

s2 ,, / 

/ . / . / . / 
/ 

5N-1 ," 

/ , 

N-1 y~ v: yl 
"'1& v. 

• 1 

<~ I 
I 

0 0.5 1 y 1 

Figure 4: Set of accepted variants in the proposed fuzzy approach 

4 .1. Dominance-based algorithm 

Below, algorithm 1 is proposed which enables the generation of all non

dominated variants in the set of accepted variants Y+.: 

Points u and x are fixed in the initial part of the algorithm (lines 1 - 5). 

Then the sets used in the algorithm are defined. 

The reservation point x is assumed by the decision maker. The point 

defines the set Y_ of the non-accepted variants. All variants belonging to the 

set are removed from further analysis. A position of the point in the criteria 

space is related to a measure of the risk undertaken by the decision maker 
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2 

3 

4 

5 

6 

7 

8 

9 

10 

11 

12 

13 

14 

15 

16 

17 

18 

19 

20 

21 

22 

23 

24 

25 

26 

27 

28 

29 

begin 
Fix the aspiration point u 
Create the set Y and set ND = 0 
Decision maker sets the point x defining the non-accepted variants 
Decision maker sets the number of steps N in the algorithm 
Derive sets y_ and Y+ 
if there exists y E Y such, that y = u then 
I ND = {y} End of the algorithm 

end 
0 

Fix s0 = u and derive a = s ;/ 

Derive y_o = y_ 
for j = 1, ... , N do 

end 
end 

Derive si = si - l - a and Y~ = y~ - l 

Create N Di = 0 
Derive Yi 
for each variant y in Yi do 

if y E Y~ then 

end 

I Delete y from further analysis, i.e. Y+ = Y+ \ {y} 
end 
else if y ,f. Y~ I\ NDi = 0 then 
I Addy to the set NDi and Update the set Y~ and Y+ = Y+ \ {y}. 

end 
else 

for z E NDi do 
if y ~ z then 

end 

I Delete z from N Di 
end 
else if z ~ y then 
I Mark y as dominated. Delete it from Y+, and BREAK 

end 

if y is non-dominated then 

I Addy to NDi 
Update the set L = y_ U (y +IR.'.:.\ {O}) 

end 
Update the set Y~ 

end 

if Y+ = 0 then 
I ND= ND 1 U ND2 U - - - U NDN and end the algorithm 

end 

Algorithm 1: Dominance-based algorithm 
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who extends the set of analyzed variants in the fuzzy approach in comparison 

to the crisp case. The set Y+ = Y \ Y_ is derived. The set ND is created. 

It is initially empty. All non-dominated variants generated in the algorithm 

will be collected in the set. The decision maker defines a number of steps N 

of the algorithm. In lines 6 - 7, a variant referring to the aspiration point 

u is looked for. If such a variant exists, then it dominates all of the other 

variants. It is added to the set ND as the solution, i.e. ND = { u}. This 

also means the end of the algorithm. 

If such a variant docs not exist then other non-dominated variants are 

looked for in the following steps of the algorithm. The set of accepted variants 

Y+ is divided into N subsets using domination cones. Each domination cone 

is defined by vertex s1 where j = l, 2, ... , N denotes a step in the algorithm. 

For each j = l , 2, ... , N s1 = s1- 1 - CJ" where s0 = u and 

SO - X 
(J"=---

N' (16) 

Lines 10 - 29 include the main part of the algorithm. Vertex s1 defines the 

cone of the dominated variants ( s1 + D _). In step j, variants belonging to 

set YJ = (s1 + D+) \ (s1+1 + D_) are analyzed. A set N DJ is created, which 

is initially empty, in which sequentially all non-dominated variants found 

in set Y~ are collected. For each vertex s1, a set of non-accepted variants 

Yi = Yi- 1 is derived which is initially equal to the set from the previous 

step. 

A given analyzed variant is removed if it belongs to set Yi of non-accepted 

variants; if not , it is treated as a potentially non-dominated variant. It is 

added to set N D1 if the set is empty. Otherwise, it is compared to each 

variant from set N D1. 
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There are three possible situations: 

• first - an analyzed variant can be dominated by a variant that is in set 

N DJ , then it is removed from further analysis; 

• second - it can dominate a variant that is in the set, then it replaces 

the dominated variant in N DJ and the dominated variant is removed; 

• third - if it is not dominated or does not dominate any of the compared 

variants , it is added to N DJ. 

For any variant y added to set N DJ at line 26, set Yi is enlarged by the 

domination cone moved to this pointy, i.e. Yi= Yi+ (y + D_). 

Each analyzed variant is removed from Y+. 

Set Y+ is checked at the end of each step. If it is empty, the mail loop of 

the algorithm is finished. The decision maker obtains a set of non-dominated 

variants ND: 

ND = N D1 LJ N D2 LJ · · · LJ N DN . (17) 

Each variant in this set is not worse than the reservation point x. 

Theorem 1. For a given nonempty set of accepted variants Y+ = Y \ (X + 
D _), the algorithm generates all non-dominated variants in the set. 

Proof of the Theorem We will prove by induction that all non-dominated 

variants in set Y+ = Y \ (X + D_) of the accepted variants are generated 

by Algorithm l. Set Y+ of accepted variants is divided into N subsets 

YJ_ = (sJ + D+) \ (sH1 + D_) ,where j = 1, 2, ... , N is iteration number , 

.,J = (.,J-l - er) with s0 = u and er= s 0;:;x in the algorithm. 

Base case. The first iteration j = l. 
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All variants in set Y~ are checked. All non-dominated variants are col

lected in set N D1 according to lines 14 - 26 of the algorithm. Let us denote 

the variants by y 1,k, where k = 1, ... ,Pis the number of the non-dominated 

variant in set N D1 , including p of such variants. Set Y! is enlarged for each 

non-dominated variant, so Y! = Y_ U [LJk=l,.,P(y1,k + D_)]; therefore, all 

variants dominated by points y 1,k, k = 1, ... ,P are excluded from further 

analysis. 

Induction step. The iteration j > 1. 

In the iteration we have a set of non-dominated variants N Dj-l that were 

found in the previous iteration and set Yi- 1 of elements dominated by the 

points. According to lines 14 - 26 of the algorithm, the variants collected in 

set N Dj satisfy the property that no variant dominates over the others in the 

set and that no variant is dominated by any other variant from the set. All 

of the variants are dominated by the sj point . Therefore, according to the 

transitivity of the domination relation defined in Definition 1, variants in set 

N Dj cannot dominate any of the variants from the N Dj-l set. On the other 

hand, the variants in N Di do not belong to the Yi- 1 set, therefore none of 

these variants can be dominated by any of the variants from the N Dj- l set. 

Via the principle of induction, it is true that for all j = 1, 2, ... , N, each 

set N D j includes all variants that are non-dominated in Y+ found in Y+. 

The sum of sets Yi, for j = 1, ... , N is equal to set Y+, therefore ND in 

line (29) includes all variants that are non-dominated in Y+· 

4.2. Illustrative example 

This example illustrates the initial phase and the three following steps 

of the algorithm leading to the selection of the final set of non-dominated 
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variants ND. Let the set of variants Y include 10 variants enumerated 1 to 

10. The positions of the variants, set Y_ of the non-accepted variants and 

the aspiration - ideal point u, are presented in Fig. Sa in the space of two 

criteria y1 , y2 . 

v, 
1 

0.5 

0 

b) 

. ..... y .s. 
• .v' 

v; 

v' . 
.x 

" •• 
• v' 

0.5 

s, 

v' • 

Figure 5: a) Sets of accepted and non-accepted variants: Y+ and Y_; b) step 1 of the 

algorithm 

Neither of the existing variants relates to the aspiration - ideal point u. 

Therefore, this example is not trivial and further analysis is required in the 

algorithm. 

Variants y 1 , y2 , y3 and y4 are analyzed in the first phase of the algorithm. 

Variant y1 does not belong to the set of non-accepted variants , therefore it 

is added to the empty set N D 1 . Set Y! is enlarged by the set of variants 

dominated by y1, i.e. by variants belonging to the moved cone (y1 + D_). 

Variant y2 is removed from further analysis because it belongs to the updated 

set Y!. Variant y3 is not dominated nor dominates variant y1 and is added to 

set N D 1 . Set Y! is updated again. It is enlarged by the variants dominated 
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by y3 . Variant y4 is treated in the same way, as it is not worse and not better 

than y1 or y3 . Set Y! is updated again. Step s 1 is finished. The updated 

set of non-accepted variants and the discovered non-dominated variants are 

presented in Fig. Sb. 

There are four variants y5 , y6 , y 7 and y8 in set Y; analyzed in the second 

step of the algorithm. Variant y5 does not belong to set Y_:, therefore it is 

added to set N D 2 , and set Y_: is enlarged. Variant y 6 also does not belong 

to the set of non-accepted variants. It is not better than variant y5 . It is 

added to set N D 2 , and set Y_: is updated again. Similar moves are taken for 

variant y8 , which is also added to set N D 2. The results of moves made in 

the second step are presented in Fig. 6a. 

Y2 
1 

0.5 

0 

a) 

• Y' 

v; 

• v~ ........ ... . s, 

0 X 

" .v : 
v' . 

0.5 

v' . 
v' • 

1 Y, 

Figure 6: a) Step s2 of the algorithm; b) all non-dominated variants at the end of the 

algorithm 

The two last variants, y9 and y10 , are in set YJ in the third step. Variant 

y9 does not belong to Y..:3; it is added to N D 3 and set Y..:3 is updated. Variant 

y10 dominates variant y9 . Therefore it replaces y9 in set N D 3 and again 
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set Y_:3 is enlarged. Finally, in this step set N D3 includes only one variant , 

namely y 10 . This situation is presented in Fig. 6b. 

The set of variants remaining in Y+ is empty. All non-dominated variants 

are included in the set ND = N D 1 UN D 2 UN D 3 . A total of 7 variants in set 

ND are presented to the decision maker. This is the end of the algorithm. 

5. Numerical experiments 

In this section we present the results of experiments obtained with the 

use of the dominance-based algorithm. Two separate systems, i.e. with two 

and three criteria, were included. In the first part of the experiments we 

focused on a visualization of the solution for the two different criteria. 

In the second part of the experiments we tested a given number of variants 

that would be potentially interesting to the decision maker and achievable 

with the use of the dominance-based algorithm. We tested 30 successive 

readings, in which the algorithm was run for every reading and the obtained 

set of non-dominated variants was presented to the decision maker ( every 

new situation on the price chart corresponds to the new reading). We se

lected three different time frames corresponding to the scalping system with 

aggressive trading (the length of a single time frame was equal to 5 minutes), 

the intraday system ( the length of a single time frame was equal to 1 hour) 

and finally long-term trading with the length of a single time frame equal to 

1 day. Thus the overall length of the experiments in the case of the scalping 

system was equal to 30-5 = 150 minutes, for the intraday system the overall 

length of the experiments was equal to 30 hours, and 30 days for long-term 

trading. 
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We analyzed the fuzzy approach, which included two criteria based on the 

CCI and RSI indicators, while in the case of the three criteria we used the 

CCI, RSI and Moving Averages indicators. The number of variants ( currency 

pairs) available in every reading was always equal to 68. A crucial aspect 

from the point of view of the decision maker was to derive the information 

about the size of the non-dominated set ND for every considered reading 

and for every considered time frame. In the experiments , the position of the 

reservation point x and its impact on the results and information about the 

computation time were also included. Four different values of the reservation 

point were included X = (xi, X2, ... xn), vi Xi = 0.7, Xi = 0.8, Xi = 0.9, Xi = 

0.95. In order to verify the efficiency of the domination-based algorithm, 

we assumed that the case with a variant equal to the aspiration point u 

among the set of available variants would be omitted, thus it was necessary 

to calculate the set ND for all of the conducted experiments. 

Two different concepts of Crisp systems commonly used on the Forex 

market were selected as a comparison with the fuzzy approach proposed in 

this article: namely Crisp* and Crisp**, where in the Crisp* approach each 

variant is analyzed in the decision making process only when at least one 

of the conditions defined by the binary activation function is satisfied, while 

in the second considered approach Crisp** at least n - l conditions must 

be fulfilled. Both concepts were adapted to the problem with three criteria, 

thus in the first case we assumed that the signal is generated if any of the 

considered criteria are equal to the value of 1, while in the second case at least 

two different criteria are equal to l. Obviously, the case with all criteria equal 

to 1 corresponds to the case in which the aspiration point u is achievable. 
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As was mentioned before, we analyzed three different time frames with 

30 readings each. This gives a total count of 90 readings with 68 variants 

analyzed in each reading. A detailed summary of the time frames that were 

analyzed in the further part of the experiments can be found in Table 1. We 

considered examples of two and three indicators. 

Table 1: Data sets summary 

Starting Date Starting Hour Ending Date Ending Hour 

5 Minutes 2017 IV 03 8.00 2017IV03 10.25 

1 Hour 2017 I 02 7.00 2017103 12.00 

1 Day 2017 II 03 00.00 2017 III 15 00.00 

5.1. Data example with two indicators 

We selected an approach with two criteria based on the CCI and RSI 

indicators. We selected the most popular 1-hour time frame and the date 

of January 3, 2017, which was connected with the opening of the New York 

trading session. All generated variants are presented in the two-dimensional 

criteria space shown in Fig. 7a. 

A characteristic arrangement of variants in the criteria space can be ob

served in the case of the system based only on two criteria. A large number 

of variants has a very high value only in the case of a single criterion, while 

the other criterion is often below the acceptable value. The results for the 

fuzzy approach are presented in Fig. 7b. The dot lines in Fig. 7b and 

Fig. 7c denote the position of the reservation point x = (0.75, 0.75). First, 

all variants dominated by the reservation point x are excluded from further 

analysis. This situation can be observed in Fig. 7b. After obtaining a set of 

variants that are potentially acceptable by the decision maker, the proposed 

29 



0.5 

a) • 

0.5 1VRSI 

Ym 
1 .. -:·· 

.. ...................... u 
Veer 

1 ·· 

' . 

0.5 0.5 

b) c) 

0.5 1 YRSI 0 0.5 

Figure 7: Two-criteria example. a) all 68 variants generated; b) set of considered variants 

along with the reservation point x . c) set of non-dominated variants derived for the 

decision maker 

algorithm is used to generate a set of non-dominated solutions ND. These 

variants can be seen in Fig. 7c. Finally, 5 non-dominated, different variants 

were derived for the decision maker. 

These observations confirm that for two criteria the number of variants 

derived for the decision maker is relatively small in the case of the Crisp* 

approach, while the fuzzy approach can be used to extend the set of non

dominated variants derived for the decision maker. 

The trading systems with only two criteria leads to the situation, in which 

many variants are located near the maximal possible criterion value, while 

the second criterion value is very small (situation observed in Fig. 7). The 
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proposed fuzzy system allows to consider such variants in the final set derived 

to the decision maker. At the same time it is possible to graduate variants 

for which only one criterion is equal to 1. Such action is not possible in the 

case of crisp approach. 

5. 2. Data example with three indicators 

In the next part of the experiments we focus on a problem that occurs 

when three or more criteria (indicators) are involved in the decision process. 

For a large number of criteria (by large we mean three or more) , Crisp* 

overproduces the number of variants available to the decision maker, thus 

the selection of a single variant from the subset of variants derived for the 

decision maker on the basis of Crisp* is still extremely difficult. Crisp** 

produces a decreasing number of variants while the number of criteria is 

increasing. Even in the case of three criteria this often leads to an empty 

set of variants derived for the decision maker. The proposed fuzzy approach 

fills this gap between the Crisp* and Crisp** approach, and will be shown in 

details in the further parts of this section. 

In our experiments we calculate the number of non-dominated variants 

accessible to the decision maker in successive readings. In Table 2 we can see 

the results for the 5-minute time frame. The first four columns of the table 

are related to the proposed fuzzy approach with different positions of the 

reservation point x ( x = a can be read as x = (x1 , x2 , ... xn) , V;x; = a) , while 

the two remaining columns are related to the results achieved by the crisp 

methods. Thus Crisp* is the version in which at least one criterion must 

be equal to 1, while Crisp** corresponds to the method in which at least 

two criteria must be equal to 1. The last two columns present the results 

31 



for systems that are commonly used by the decision makers. By comparing 

the Crisp* and Crisp** results we can observe visible disadvantages that can 

be limited in the case of the fuzzy approach. First, the number of variants 

that are potentially interesting (in the case of Crisp*) to the decision maker 

increases while the number of indicators used in the system increases. This 

makes the whole decision process increasingly difficult. At the same time the 

Crisp** approach, in the case of the three indicators, significantly decreases 

the number of variants available to the decision maker. In Table 2 we can 

see that in most cases this approach cannot guarantee deriving even a single 

variant for the decision maker. The fuzzy approach generates relatively small 

sets of non-dominated variants which are far easier to analyze by the decision 

maker than the classical crisp approaches that are used today, although the 

problem with a large set of variants is still observed and can be seen in 

reading 6 (with 10 variants available to the decision maker even for high x 

values) or in readings 21 and 25 (respectively variants 8 and 7), but this does 

not take place as often as in the case of the crisp approach. 

We used bold font to indicate the desirable situations that occurred in 

readings 5, 11, 22, 24, 28, where a relatively small number of variants was 

eventually derived for the decision maker. We assumed that a desirable 

number of variants is three , and such situations were marked in the table; 

however , 2 and 4 are also acceptable. It is worth noting reading number 24, 

in which for all situations with different values of the reservation point it was 

possible to generate a relatively small number of variants available to the 

decision maker. At the same time, we used italic font to indicate situations 

which are connected with the empty set of variants derived for the decision 
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Table 2· Number of variants available to the decision maker for the 5-minute time frame 
X = 0.7 X = 0.8 X = 0.9 X = 0.95 Crisp* Crisp** 

Reading 1 7 6 5 5 8 1 

Reading 2 6 6 6 6 16 1 

Reading 3 10 10 6 6 11 2 
Reading 4 9 8 7 5 9 1 

Reading 5 6 4 3 3 12 1 

Reading 6 12 12 11 10 9 0 

Reading 7 7 7 6 5 3 0 

Reading 8 8 8 8 7 15 5 
Reading 9 7 7 7 4 10 0 

Reading 10 9 8 8 8 5 0 

Reading 11 4 4 3 2 7 1 

Reading 12 6 5 4 3 13 0 

Reading 13 8 7 6 5 7 0 

Reading 14 6 5 5 5 12 2 
Reading 15 9 9 5 4 11 0 

Reading 16 10 8 6 5 9 2 
Reading 17 11 8 7 6 4 0 

Reading 18 6 6 4 4 10 3 
Reading 19 9 8 5 4 6 0 

Reading 20 8 7 6 6 5 0 

Reading 21 12 11 10 8 8 0 

Reading 22 4 4 3 3 13 1 

Reading 23 8 8 6 4 10 0 

Reading 24 3 3 3 3 5 2 
Reading 25 7 7 7 7 5 0 

Reading 26 5 4 4 4 7 1 

Reading 27 5 5 5 5 11 3 

Reading 28 4 3 3 3 8 1 

Reading 29 9 9 g 8 10 0 

Reading 30 8 7 7 5 9 0 
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maker and can be observed, e.g. in readings 6, 7, 9, 10, 12, 13, etc. In the 

case of the Crisp** and fuzzy approach an undesirable situation takes place 

when a large number of variants is eventually derived for the decision maker. 

Again, these situations are marked with italic font. 

The results are also presented in graphical form for the fuzzy approach, 

where x = 0.95 (Fig. 8). This allows to easily visualize the disproportions 

in the number of variants available to the decision maker in both of the 

crisp methods, while the fuzzy approach allows to balance the number of 

variants available to the decision maker. It is crucial to understand that all 

variants derived for the decision maker in the case of the fuzzy approach are 

non-dominated, while in the case of the Crisp* approach ( due to the binary 

activation function) many variants will be equally important due to one of the 

considered criteria. This leads to an important observation that in the case of 

both crisp approaches a single variant is treated as acceptable if any criterion 

is equal to l. Thus, in the case of two variants, y1 = (0, 0.05 , 1) and y2 = 

(0, 0.95, 1) , both of them are treated as (0, 0, 1), while in the fuzzy approach 

it is possible to distinguish these two variants in favor of the latter which 

strictly dominated the first variant. Situations such as the one presented 

above are observed increasingly often when the number of criteria is large. 

Similar experiments were conducted for the 1-hour time frame and the 

results are presented in Table 3. In the case of a large time frame the problem 

related with the crisp approach seems to be even more visible. The Crisp* 

column in the table shows that the number of variants with at least one 

criterion equal to 1 is surprisingly high, while at the same time in most cases 

Crisp** was not capable of deriving even a single variant. It is worth noting 
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Figure 8: 5-minute time frame linear chart for the fuzzy approach with x = 0.95, Crisp* 

and Crisp*· 

that in the case of reading 15 both of the crisp methods failed to deliver 

variants, while the fuzzy approach derived some number of non-dominated 

variants ( depending on the position of x). Once again, we used the bold 

font to denote the readings in which the given method was able to produce 

a set of variants that was relatively small in order to be easily analyzed by 

the decision maker. While the small value of the reservation point (x = 0.7) 

generated sets of variants often exceeding the assumed limits, the position 

of the reservation point closer to the aspiration point u was able to produce 

many promising solutions. Such examples can be observed in readings 11 , 

15, 16, 17, 20, 21 , 22 . At the same time, in most cases Crisp** was not able 

to derive a nonempty set of variants for the decision maker, while the size of 

the solution set derived by Crisp* was too large (these exceeding 10 variants 

per reading are shown in italic font). 
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Table 3· Number of variants available to the decision maker for the 1-hour time frame 
X = 0.7 X = 0.8 X = 0.9 X = 0.95 Crisp* Crisp** 

Reading 1 10 8 7 6 4 0 

Reading 2 9 8 5 4 15 2 

Reading 3 11 9 6 5 5 0 

Reading 4 8 6 5 5 13 0 

Reading 5 6 6 5 5 15 0 

Reading 6 7 6 4 4 10 0 

Reading 7 10 9 9 8 9 1 

Reading 8 7 7 5 4 15 0 

Reading 9 9 8 7 7 9 2 

Reading 10 7 4 4 4 5 0 

Reading 11 4 3 3 3 7 0 

Reading 12 6 6 5 4 19 3 

Reading 13 10 9 5 5 12 2 

Reading 14 6 5 5 5 2 1 

Reading 15 7 5 3 2 0 0 

Reading 16 3 3 3 3 10 0 

Reading 17 4 4 3 3 7 0 

Reading 18 6 4 4 4 4 0 

Reading 19 6 6 5 4 2 0 

Reading 20 4 4 3 2 9 0 

Reading 21 5 4 3 3 9 0 

Reading 22 7 5 4 3 6 0 

Reading 23 4 3 3 3 7 0 

Reading 24 4 4 4 3 13 2 

Reading 25 4 4 4 3 7 1 

Reading 26 6 6 5 3 10 0 

Reading 27 6 6 4 4 11 1 

Reading 28 5 5 3 3 7 0 

Reading 29 5 4 4 3 6 0 

Reading 30 3 3 3 3 5 0 
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Again, the same results in graphical form for both of the crisp methods 

and the fuzzy approach with x = 0.95 are presented in Fig. 9. The tendency 

in which the number of variants derived for the decision maker on the basis 

of the fuzzy method visibly fills the gap between the relatively small number 

of variants derived for the decision maker on the basis of Crisp** and the 

too large number of variants derived with the use of Crisp*. This problem 

will become even more important when the number of considered variants is 

smaller and, eventually, the Crisp** approach will not be able to produce any 

variants. Under these circumstances, extending the Crisp** approach with 

additional criteria will lead to a situation in which in the most readings it 

will not be possible to derive even a single variant for the decision maker. 
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Figure 9: 1-hour time frame linear chart for the fuzzy approach with x = 0.95 , Crisp* 

and Crisp** 

Finally, the results for the largest 1-day time frame are presented in Table 

4. The results in the case of the crisp methods are similar as were observed in 
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the 1-hour time frame , where Crisp* derived a set of variants that could not 

effectively be analyzed by the decision maker, while Crisp** allowed to gen

erate only 13 variants that were potentially interesting to the decision maker 

during the whole 30-day analyzed period, which the case of 68 variants in a 

single reading was far beyond the expected numbers. The fuzzy approach, 

in turn, once again allowed to obtain a reasonable number of non-dominated 

variants in successive readings. In the largest considered time frame an in

teresting situation could be observed in readings 4, 18 and 20 . This is an 

extreme case in which the Crisp** approach could not deliver even a single 

variant while Crisp** generated a number of variants that greatly exceeded 

the analytical capabilities of the decision maker. At the same time, the fuzzy 

approach generated an optimal number of non-dominated variants. 

It is worth noting that in our experiments we assumed that the position 

of the reservation point x remained unchanged during the new readings; how

ever, there were no contra-indications to set a new position of x in successive 

readings. Moreover, such action is supported by the framework, as the overall 

computation time is less than 3 seconds, which includes the process of cal

culating the values of the criteria and generating the set of non-dominated 

variants. Thus a recalculation of the new ND set can be done even within 

the same reading; lower values of x support a more aggressive trading option, 

where the initially non-acceptable variants with lower x values will eventu

ally be included in the ND set. However, the fuzzy approach still allows to 

easily distinguish variants where one of the criteria is equal to 1 while the 

others have lower values; this cannot be done in the crisp approach. 

Finally, the graphical representation for the fuzzy approach with x = 0.95 
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Table 4: Number of variants available to the decision maker for the 1-day time frame 

X = 0.7 X = 0.8 X = 0.9 X = 0.95 Crisp* Crisp** 

Reading 1 9 9 7 4 4 0 

Reading 2 3 3 3 2 8 1 

Reading 3 6 6 5 4 7 0 

Reading 4 4 3 3 3 12 0 

Reading 5 7 7 7 7 5 0 

Reading 6 7 6 4 4 9 0 

Reading 7 8 6 6 5 8 0 

Reading 8 6 5 4 4 9 1 

Reading 9 6 6 2 2 8 0 

Reading 10 9 7 6 6 14 1 

Reading 11 8 5 3 2 6 1 

Reading 12 5 4 4 4 10 1 

Reading 13 9 8 8 8 17 0 

Reading 14 8 7 6 5 11 2 

Reading 15 8 6 6 6 4 0 

Reading 16 5 5 5 5 7 1 

Reading 17 4 4 4 4 5 0 

Reading 18 6 4 4 3 12 0 

Reading 19 6 5 5 5 8 0 

Reading 20 3 3 3 3 17 2 

Reading 21 8 6 6 4 12 0 

Reading 22 7 7 6 6 9 0 

Reading 23 8 8 7 7 11 1 

Reading 24 7 5 3 3 7 0 

Reading 25 11 9 8 6 9 0 

Reading 26 7 7 5 5 6 0 

Reading 27 7 7 6 5 18 1 

Reading 28 8 8 7 7 14 2 

Reading 29 11 10 7 6 4 0 

Reading 30 9 9 7 6 10 0 
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and the two crisp approaches for the 1-day time frame are presented in Fig. 

10. Just as in the two previous experiments with a lower time frames, once 

again we can observe a situation in which the proposed approach allows to 

balance a very small ( or empty) set of variants derived for the decision maker 

in the case of Crisp** and a large set of variants when at least one criterion 

is equal to 1. It is worth noting that by adding more criteria Crisp* will 

eventually allow to obtain an even larger number of variants, which then 

cannot be effectively analyzed by the decision maker. The proposed fuzzy 

approach seems to be resistant to such problems. 
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Figure 10: 1-day time frame linear chart for the fuzzy approach with x = 0.95, Crisp* 

and Crisp** 

To sum up, we prepared a boxplot chart for all of the 18 data sets and 

the results achieved for different time frames; the results are presented in 

Fig. 11. The first six boxplots are related to the smallest 5-minute time 

frame (the first four boxes are connected with increasing values of x and the 
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last two boxes are, respectively, Crisp* and Crisp**); boxes in the middle of 

the chart are connected with the medium time frame equal to 1 hour and, 

finally, the last 6 boxes are connected with the highest 1-day time frame. 

Every single box gives information about both the minimal and maximal 

values of variants derived for the decision maker as well as the first and third 

quartile. The line in the middle of the box is the median value. The outlier 

values in the charts are presented by empty circles. For higher values of 

the reservation point x and closer distance to aspiration point u) , most of 

the observed values fall directly in the gap between results obtained on the 

basis of both crisp approaches. This confirms that the proposed solution 

allows to generate a number of variants that are interesting from the point of 

view of the decision maker in situations in which both crisp approaches fail. 

Similar conclusions are true for four and a larger number of criteria used in 

the system. 

The number of solutions generated in the case of Crisp* fairly exceeds 

analytical capabilities of the decision maker, while Crisp** often generates 

no solutions at all. The proposed fuzzy approach gives the possibility to 

control the number of generated variants on the basis of the risk aversion 

adjusted with the use of the reservation point. At the same time it may be 

easily extended on the trading systems with four and more criteria. 

6 . Conclusions and future work 

In this article we presented a decision support framework based on the 

fuzzy sets concept and the dominance-based algorithm. The proposed method 

was adapted to effectively support the decision maker in the field of financial 
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Figure 11: Boxplots for all considered data sets. 

data. We focused on currency pairs, i.e. data considered to be the most dy

namic and difficult to analyze. Concepts related with the fuzzy sets theory 

were adapted to transform values of indicators into values of membership 

functions which were further used in the decision process. The crisp ap

proach was included to compare and estimate the efficiency of the proposed 

approach. The main contribution of this article is a new dominance-based 

algorithm which is capable of delivering a set of non-dominated variants that 

are potentially interesting for the decision maker. All sets of variants are 

divided into smaller subsets ( depending on the number of steps of the al

gorithm) and eventually a subset of non-dominated variants is derived for 

each of them. This approach guarantees that the decision maker will obtain 

a full set of non-dominated variants available to him/her at the time t. The 

proposed approach may be considered as an extension of the crisp approach, 
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in which all variants considered by the decision maker can be found only 

on the edge of the set of acceptable solutions. It should be noted that the 

proposed approach allows for an analysis of all variants which are described 

as potentially interesting to the decision maker. The concept of reservation 

point relates to risk aversion of the decision maker. Lower values of the reser

vation point (further distance from the aspiration point u) are related to a 

higher risk taken by the decision maker. A short illustrative example was 

also described. 

To confirm the efficiency of the proposed algorithm, a decision support 

framework which included the proposed fuzzy approach and the typical crisp 

approaches was developed. Numerical tests including systems with two and 

three criteria were also presented. The system with two criteria was used 

to visualize the problem that takes place when the crisp approach delivers a 

large set of variants but any of them equals to the aspiration point u. 

The numerical tests with three criteria allowed to show gaps in the crisp 

approaches. We used two different systems based on the crisp approach, 

namely Crisp* and Crisp**. An interesting problem occurred when two not 

correlated criteria (two indicators) were included in the system. The situation 

when both indicators can generate an effective crisp signal is rare , thus the 

extension of the crisp approach with the use of fuzzy concepts allows to 

visibly increase the number of reasonable variants derived for the decision 

maker. 

The methodology introduced in the article allows for fast and effective 

calculation of the non-dominated set of variants ( currency pairs) which are 

derived for the decision maker. The proposed system assures sovereignty of 
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the decision maker. The reservation point concept may be identified as a 

tool allowing to maintain the risk at an level acceptable on the part of the 

decision maker. 

The obtained results confirm that the dominance-based algorithm pro

posed in the article can be effectively used by decision makers not only on 

the Forex market, but also on other markets. Flexibility allows to freely 

modify the set of criteria included in the decision process. Our future work 

will focus on deriving a dominance rank mechanism which will not only de

liver a set of non-dominated variants but also a rank of variants generated 

on the basis of the trade-off approach. 

References 

Bagheria, A., & Peyhanib, H. M., & Akbaric, M. (2014). Financial forecasting 

using anfis networks with quantum-behaved particle swarm optimization. Expert 

Systems with Applications, 41 , 6235- 6250. doi:10 .1016/j. eswa. 2014. 04. 003 . 

Bodas-Sagi, D. J., & Fernandez, P., & Hidalgo, J. I. , & Soltero, F. J., & Risco

Martin, J. L. (2009). Multiobjective optimization of technical market indi

cators. In Proceedings of the 11th Annual Conference Companion on Ge

netic and Evolutionary Computation Conference GECCO '09 (pp. 1999- 2004). 

doi: 10. 1145/1570256. 1570266. 

Bodas-Sagi, D . J., & Fernandez-Blanco, P., & Hidalgo, J. I., & Soltero

Domingo, F. J. (2013). A parallel evolutionary algorithm for technical mar

ket indicators optimization. Natural Computing, 12, 195- 207. doi:10 .1007 / 

s11047-012-9347-4. 

44 



Brabazon, A. , & O'Neill, M. (2004). Evolving technical trading rules for spot 

foreign-exchange markets using grammatical evolution. Computational Man

agement Science, 1, 311- 327. doi:10 .1007 /s10287-004-0018-5. 

Carlsson, C., & Fuller, R. (1996). Fuzzy multiple criteria decision making: 

Recent developments. Fuzzy sets and Systems , 78 , 139- 153. doi:10.1016/ 

0165-0114(95)00165-4. 

Cervello-Royoa, R., & Guijarroa, F. , & Michniuk, K. (2015). Stock market trading 

rule based on pattern recognition and technical analysis: Forecasting the djia 

index with intraday data. Expert Systems with Applications , 42, 5963 - 5975. 

doi:10 .1016/j. eswa. 2015.03.017. 

Chan, K. C. C., & Teong, F. K. (1995). Enhancing technical analysis in the forex 

market using neural networks . In Proceedings., IEEE International Conference 

Neural Networks (pp. 1023 - 1027). IEEE volume 2. doi:10.1109/ICNN.1995. 

487561. 

Cheol-Ho Park., S. H. I. (2007). What do we know about t he profitability of 

technical analysis? Journal of Economic Surveys , 21, 786- 826. doi:10 .1111/ 

j.1467-6419.2007.00519.x. 

Chmielewski, L. , & Janowicz, M,, & Kaleta, J. (2015). Pattern recognition in the 

japanese candlesticks. Soft Computing in Computer and Information Science, 

342 , 227- 234. doi:10 .1007 /978-3-319-15147-2_19. 

Chourmouziadis , K., & Chatzoglou, P. D. (2016). An intelligent short term stock 

trading fuzzy system for assisting investors in portfolio management. Expert 

Systems with Applications , 43 , 298 - 311. doi:0. 1016/ j . eswa. 2015. 07. 063. 

45 



Ciskowski, P., & Zaton, M. (2010). Neural pattern recognition with self-organizing 

maps for efficient processing of forex market data streams. In Artificial Intel

ligence and Soft Computing (pp. 307- 314). volume 6113 of Lecture Notes in 

Computer Science. doi:10 .1007 /978-3-642-13208-7 _39. 

Eng, M. H., & Li, Y., & Wang Q. G., & Lee, T. H. (2008). Forecast forex with 

ann using fundamental data. In International Conference on Information Man

agement, Innovation Management and Industrial Engineering (pp. 279 - 282). 

IEEE volume 1. doi:10.1109/ICIII.2008.302. 

Fliess, M., & Join, C. (2009a). A mathematical proof of the existence of trends in 

financial time series. ArXiv e-prints, (pp. 43- 62). 

Fliess, M., & Join, C. (2009b). Towards new technical indicators for trading sys

tems and risk management. In 15th !FAG Symposium on System Identification 

(SYSID 2009). 

Hadavandi, E., & Shavandi, H., & Ghanbari, A. (2010). Integration of genetic fuzzy 

systems and artificial neural networks for stock price forecasting. Knowledge

Based Systems, 23, 800- 808. doi:10.1016/j.knosys.2010.05.004. 

Holt, C. C. (2004). Forecasting seasonals and trends by exponentially weighted 

moving averages. International Journal of Forecasting , 20, 5 - 10. doi:10 .1016/ 

j.ijforecast.2003.09.015. 

Jingtao, Y., & Lim, T. C. (2000). A case study on using neural networks to 

perform technical forecasting of forex. Neurocomputing, 32, 79- 98. doi:10. 

1016/S0925-2312(00)00300-3. 

Kahneman, D. (1992). Reference points, anchors, norms, and mixed feelings. 

46 



Organizational Behavior and Human Decision Processes , 51, 296- 312. doi:10. 

1016/0749-5978(92)90015-Y. 

Kissell, R.., & Malamut, R.. (2006). Algorithm decision making framework. The 

Journal of Trading, 1 , 12- 21. doi:10.3905/jot.2006.609171. 

Lazim, A. (2013). Fuzzy multi criteria decision making and its applications: A 

brief review of category. Procedia - Social and Behavioral Sciences, 97, 131- 136. 

doi:10. 1016/ j . sbspro. 2013. 10. 213. 

Lee, C. S. , & Loh, K. Y. (2002). Gp-based optimisation of technical trading 

indicators and profitability in fx market. Neural Information Processing, 3, 

1159-1163. doi: 10. 1109/IC0NIP. 2002. 1202803. 

Mizuno, H. , & Kosaka, M. , & Yajima H. , & Komada, N. (1998). Application 

of neural network to technical analysis of stock market prediction. Studies in 

Information and Control , 7, 111- 120. 

Moscinski, R. , & Zakrzewska, D. (2016). Building an efficient evolutionary algo

rithm for forex market predictions. In Intelligent Data Engineering and Auto

mated Learning - IDEAL 2015 (pp. 352- 360). Springer, Cham volume 9375 of 

Lecture Notes in Computer Science. doi: 10. 1007 /978-3-319-24834-9_ 41. 

Nassirtoussi, A. K., Aghabozorgi, S., & Wah, T. Y., & Ngo, D. C. L. (2015). Text 

mining of news-headlines for forex market prediction: A multi-layer dimension 

reduction algorithm with semantics and sentiment. Expert Systems with Appli

cations, 42, 306 - 324. doi:10 .1016/ j. eswa. 2014. 08. 004. 

Ozturk, M., & Toroslu, H., & Fidan, G. (2016). Heuristic based trading system on 

forex data using technical indicator rules. Applied Soft Computing, 43, 170- 186. 

doi:10 .1016/j. asoc. 2016. 01. 048. 

47 



Ribeiro, R. A. (1996). Fuzzy multiple attribute decision making: A review and 

new preference elicitation techniques. Fuzzy sets and Systems, 78 , 155- 181. 

doi: 10. 1016/0165-0114 (95) 00166-2. 

Silagadze, Z. K. (2011). Moving mini-max - a new indicator for technical analysis. 

Investment Management and Financial Innovations , 8. 

Taylor, M. P., & Allen, H. (1992). The use of technical analysis in the foreign 

exchange market. Journal of International Money and Finance, 11, 304-314. 

doi: 10. 1016/0261-5606 (92) 90048-3. 

Taylor, M. P., & Allen, H. (2006). Extended evidence on the usage of technical 

analysis in foreign exchange. International Journal of Finance and Economics, 

11 , 327- 338. doi:10.1002/ijfe.301. 

Thawornwong, S., & Enke, D. , & Dagli, C. (2003). Neural networks as a decision 

maker for stock trading: A technical analysis approach. International Journal 

of Smart Engineering System Design, 5, 313- 325. 

Wang, Y. F. (2002). Predicting stock price using fuzzy grey prediction system. 

Expert Systems with Applications, 22 , 33- 38. doi:10.1016/S0957-4174(01) 

00047-1. 

Wang, Y. F. (2003). Mining stock price using fuzzy rough set system, mining 

stock price using fuzzy rough set system. Expert Systems with Applications, 24, 

13- 23. doi: 10. 1016/S0957-4174 (02) 00079-9. 

Wierzbicki, A. (1982). A mathematical basis for satisficing decision making. Math

ematical Modelling, 3, 391- 405. doi:10.1016/0270-0255(82)90038-0. 

Zadeh, L. A. (1999). Fuzzy sets as a basis for a theory of possibility. Fuzzy Sets 

and Systems, 100, 3- 289- 34. doi: 10. 1016/S0165-0114 (99) 80004-9. 

48 








