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Supporting Multicriteria Fuzzy 
Decisions on the Forex Market 

P. Juszczuk* L. Krust 

Abstract 

The paper deals with decisions made by a decision maker using technical 

analysis on the Forex market. For a number of currency pairs on the mar

ket a decision maker obtains buy or sell signals from transaction systems 

on the basis of technical analysis indicators. The signal is generated only 

when assumed conditions are satisfied for a given indicator. The information 

characterizing every market situation and presented to the decision maker is 

twofold. He obtains a respective signal or no. 

In this paper a fuzzy, multicriteria approach is proposed to extend and valu

ate information for analysis of the market situation. The traditional approach 

with binary characterization of the market situations, considered as a crispy 

case, is replaced by a fuzzy approach. In the last case the strict conditions for 

which the crisp signal was generated are fuzzy. Efficiency of a given currency 
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pair is estimated in the range of (0, 1) values defined by a respective member

ship function for each technical indicator. The values calculated for different 

indicators are treated as criteria. The efficiency of a given currency pair can 

be analyzed jointly for several indicators. The currency pairs are compared in 

the multicriteria space in which domination relations are introduced describ

ing preferences of the decision maker. An algorithm is proposed generating 

Pareto-optimal variants of currency pairs presented to the decision maker. 

The method proposed allows to extend number of analyzed currency pairs, 

without visibly increasing the computation time. 

1 Introduction 

Forex market is a global, decentralized currency market. It is referred as 

the most liquid market in the world, and its turnover even in the local cur

rencies often reach trillions of dollars every day [12]. A currency pair is the 

basic instrument considered on the Forex market. Basically the currency 

pair may be considered as the ratio of one currency to another. Due to 4 

overlapping sessions the Forex market has high accessibility even for retail 

clients. Popularity of the Forex market is related to easily accessible trad

ing tools. Concepts like technical analysis (which includes trend indicators , 

oscillators, Fibonacci levels, Pivot points and more), along with fundamen

tal analysis are nowadays crucial elements of rule-based trading systems, in 

which easily-understandable signals are used to open trading positions. 

The rule-based trading system can be considered as a set of rules related 

with technical analysis indicators or candle formations which are transformed 
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into the trading signals. Nowadays there is growing tendency, in which above 

concepts are included into various complex systems based on neural networks 

[18], [10], evolutionary prediction [16], evidence theory [11] and more. While 

the fuzzy sets are also included in these methods [8], there is a significant 

number of papers dealing with multi-agent systems [1]. Concepts of the 

AI systems [19] along with the evolutionary computation [4] are intensively 

extended. Articles concerned on the the fundamental analysis included into 

the trading systems are less popular than the systems based on the technical 

analysis [13]. 

Still growing number of instruments available for the decision maker, where, 

at the same time there is no agreement about efficiency of the technical 

analysis [2] (thus the same can be stated for the rule-based trading systems) 

creates a visible gap. Number of papers dealing with optimization of the 

technical indicators is sustainable high, while the papers like [2] indicate, 

that these concepts may be effective only in the very specific situations, or 

are not effective at all. It is not isolated work, and even in the case of the High 

Frequency Trading systems there is an observable tendency, that efficiency of 

automated trading systems decreases over time [15]. We propose to cover this 

gap with the use of a specially constructed system allowing to support the 

decision maker in the trading process. By the decision maker we understand 

trader or any retail client with access to the Forex market. Moreover his/her 

goal is to achieve the highest possible profit acquired from orders opened on 

the basis of signals generated from the set of trading rules. However nowadays 

we can see tendency, where the number of potential instruments available 

to the decision maker on the Forex market exceeds over 100 instruments. 
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While terms "decision maker" and "trader" in the presented paper could be 

used simultaneously, we prefer to stick with the decision analysis terms thus 

further we use term "decision maker". 

The approach introduced in this article allows to initially estimate the set 

of currency pairs potentially interesting for the decision maker. It should 

be clearly stated, that our motivation is only to support the decision maker, 

and not to present automatic trading system, so the main advantage of the 

proposed solution is that it assures sovereignty of the decision maker (trader). 

The final decision related to opening the transaction for the given currency 

pair belongs to the decision maker. Thus estimated set variants could be 

identified as the preliminary suggestions presented to the decision maker. 

We propose an extension of the crisp approach currently used, where the 

signal is generated only in very specific market situations. In the crisp ap

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

the signal was generated. Thus two-fold signal mechanism based on binary 

"signal / no signal" values seems to be inefficient and in the case of large 

number of instruments often leads to the situation in which there is no single 

currency pair being potentially interesting to the decision maker. 

In the fuzzy approach proposed here there is possibility to open a transaction 

in some predefined time interval related with the willingness to take the risk 

by the decision maker. Such approach guarantees, that the fuzzy approach 

is the generalization of the crisp approach, and the signals generated in the 

crisp approach are also included. 

The outline of this work is as follows. After the introduction m Section 
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2 the concept of the crisp approach commonly used on the Forex market 

is briefly described. Next the fuzzy approach along with definitions of the 

membership functions are proposed. Section 3 includes a description of the 

proposed dominance-based algorithm generating non-dominated variants for 

the decision makers. Section 4 presents preliminary experiments conducted 

on real-world data. Finally we conclude and derive directions of future works. 

2 Crisp and fuzzy systems 

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

defined 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 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. To describe accurately the proposed 
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concept, we consider buy signals, however the same concept can be used in 

the case of short sells. 

To be more specific we make use of two very popular technical indicators: 

the Relative Strength Index (RSI) and the Commodity Channel Index (CCI). 

The CCI indicator was originally proposed in the 1980' by Donald Lambert. 

The rules explaining the indicator are described in [6]. A description of the 

RSI indicator can be found in [17]. These indicators are based on the so 

called oversold and overbought levels. They are frequently used to predict 

potential price changes. An exemplary price chart with these indicators is 

given in Fig. 1. We can see the overbought and oversold levels in the upper 

and lower parts of the indicator windows. We used the default parameters 

for the indicators with the overbought levels equal to 100 (in the case of 

CCI), and 70 (in the case of RSI). The oversold levels are equal to -100 

and 30. In this particular example the trading rule may be considered as 

the situation, in which the indicator (CCI or RSI) crosses one of the levels 

defined above. In the case of crossing the oversold level upwards - the buy 

signal is generated. The sell signal is generated in the opposite case, when 

the overbought level is crossed downwards. 

Crisp signal for the RSI and CCI indicators are given as follows: 

condRsI = true if (RSin(t - 1) < c1) /\ (RSin(t) > c2), (1) 

condccr = true if (CCin(t - 1) < c1) /\ (CCin(t) > c2) , (2) 

where RSin(t-1) is a RSI value in the time t-1 for the period n; CCin(t-1) 

is a CCI value in the time t-1 for the period n; c1 and c2 are constant values 

related with their overbought and oversold levels. 
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Figure 1 Example indicators and the price chart 

We propose the fuzzy approach, where the original signal taken from the crisp 

approach is still included. However, the neighboring values of the indicator 

can be also included by calculation of the membership function: 

RSJ;(t) if (RSJn(t) < 30), 
1 if ((RSin(t - 1) < 30) /\ (RSin(t) > 30)) 
v(RSin(t) = 31), 
RSI~(;)_30 · a if (RSin(t) > 31) 
/\(RSin(t) < 50) /\ (RSin(t - 1) S: 30), 
O if (RSin(t) > 50). 

(3) 

where a is a scalarizing factor in the range (0.5, 1.1) and c denotes the cur

rency pair for which the conditions on the right hand side of the equation are 

checked. The transaction system collects information from the market and 

calculates the values of the indicator at a given time t. Using the indicator 

the system checks the conditions and derives the membership function value. 
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The membership function for the CCI indicator is calculated as follows: 

µccr(c) 

0 if (CCin(t) < CCimin), 
0 ~{;J7:::,~~fort if (CCin(t) > CCimin) 
/\(CCin(t) < -100), 
1 if (CCin(t - 1) < -100) /\ (CCin(t) > -100), (4) 
CCI:~tr5o if (CCin(t) > -100) /\ (CCin(t) < -50) 
/\(CCin(t - 1) > -100), 
0 if (CCin(t) > -50). 

where CCimin is the minimal possible value of the indicator CCI and CCimax 

is the maximal possible value of the indicator CCI. Basically in the case of 

the crisp approach a signal can be observed only in a specific time tick -

usually, when the indicator value is derived. In the most cases the rules 

in the crisp approach take into consideration two neighboring values of the 

indicator. When the relation between these two values is fulfilled ( on the 

basis of the equation (1) or (2)) the signal is derived for the decision maker. 

In the case of the fuzzy approach the signal can be generated when the value 

of the membership function is higher than zero.Therefore the signal can be 

observed within a period longer than in the crisp approach and the decision 

maker has more time to made a decision. 

3 Dominance-based algorithm 

Let us consider the buy signals. The sell signals can be treated in the 

same way. Let c be a currency pair valuated by a vector y of two crite

ria y = (Y1, Y2). Variants of the vectors are analyzed in the criteria space lR2. 

The criteria refer to the RSI and CCI indicators with the values of member

ship functions: Y1 = µRsr(c) and Y2 = µccr(c) for a given currency pair c. 
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The transaction 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. 

The decision maker, i.e. - trader, tries to find a variant with possibly maximal 

values of all the criteria; therefore the following relations between variants 

are considered in JR.2 space: 

Definition 3.1. A variant y is at least as preferred as a variant z if each 

criterion of y is not worse than the respective criterion of z. 

(5) 

Definition 3.2. A variant y is more preferred (better) than a variant z 

according to the logical formulae: 

y >-- z ¢;, (y t z) I\ ,(z t y). (6) 

Definition 3.3. A variant y is incomparable with a variant z if 

,(y t z) I\ ,(z t y). (7) 

The domination relation 6 defines a partial order in t he space of criteria. We 

propose algorithm 1 deriving non-dominated variants which can be analyzed 

by t he decision maker. The following notation is used in the algorithm. 

• Y denotes t he set of all considered variants in a given time window. 

• u = (1, 1) is assumed as the aspirat ion point of the decision maker. 

If there exists a variant equal to the aspiration point, it should be 

considered as t he only rational choice for the decision maker. 
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• x is the reservation point assumed by the decision maker. All variants 

dominated by this point are removed from further analysis. It relates 

to the willingness of the decision maker to take a risk by extending the 

set of accepted variants in comparison to the crisp approach. To be 

more specific, greater risk leads to possibility of accepting potentially 

worse variants instead of delivering the empty set of variants to the 

decision maker. 

• ND denotes the set containing all non-dominated variants potentially 

interesting for the decision maker in a given time window. 

• Y_ is the set of points removed from analysis in the algorithm, initially 

the points dominated by x i.e. Y_ = (x +JR:_\ {O} ), where JR:_ is the 

negative cone. Further, it is the set of all points dominated by x and 

the variants currently included to ND. 

• Y+ denotes the set of points accepted for further analysis in the algo

rithm, Y+ = Y \ y _ . 

The algorithm, called the Dominance-based algorithm, enables generation of 

all non-dominated variants in the initial Y+ set accepted for analysis on the 

basis of the reservation point x defined by the decision maker. 

Algorithm steps can be divided into three separate phases. In the first phase 

the set Y is derived by calculations of the criteria - membership functions 

for currency pairs in the assumed time window. At the same time, the sets 

Y_ and Y+ are derived on the basis of reservation point x (lines 1- 3) . In the 

second phase (lines 4- 5) variants equal to the aspiration point are looked for. 

If such a variant/variants exists, the algorithm is stopped and the resulting 
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Algorithm 1: Dominance-based algorithm 

begin 
Fix the aspiration point u, create the set Y and set ND = 0 
Decision maker sets the point x defining the nonaccepted variants 
Derive sets Y_ and Y+ 
if there exists y E Y such, that y = u then 
L ND = {y} End of the algorithm 

for each variant y in Y+ do 
if y E Y_ then 
L Delete y from further analysis, i.e. Y+ = Y+ \ {y} 

else if y (/. Y_ I\ ND = 0 then 
L Addy to the set ND and Update the set Y_ and Y+ = Y+ \ {y}. 

else 
for z END do 

if y >- z then 
L Delete z from ND 

else if z >- y then 
L Mark y as dominated, delete it from Y+, and BREAK 

if y is non-dominated then l Addy to ND 
Update the set Y_ = Y_ U (y +IR~\ {O}) 
Delete y from further analysis , i.e. Y+ = Y+ \ {y} 

if Y+ = 0 then 
L end the algorithm 
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set ND includes only these variants to be selected by the decision maker as 

his obvious rational choice. The third most complex phase of the algorithm 

includes lines 6 - 18. Three situations can be observed: first - if a selected 

variant y is included in the set Y_ then it is removed from the analysis; second 

- if the set ND is empty, then the variant y is added to the set ND. The 

third situation occurs, when the set ND is not empty. In such a case the 

variant y is compared with every variant in the set ND. The variants from 

the set ND dominated by y are removed from the set ND and y is added to 

the set ND. If the variant y is dominated by any variant of the ND - the 

variant y is removed from analysis. After any of these three situations set 

Y_ is updated in such way, that the area which it covers is expanded by the 

negative cone moved to the point y. 

Y, Y, 
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.v ' 
1 ----- l ------------------------- U ----r 

•v' 

---- - ------------------- • X 
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0 
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I------------------- X 
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Figure 2 Illustrative example 

v' • 
y• 

• 

Y, 

An illustrative example is presented in Figure 2. In the part a) of the figure 

an initial simple situation is shown with a given reservation point x and a 
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set Y consisting of 6 variants. The variants y5 and y6 are removed from 

further analysis because they are dominated by the reservation point x, as 

t hey belong to the initial Y_ set presented by the grey area. An analysis of 

four remaining variants (y1, y 2, y3 and y4 ) is illustrated in Fig. 2 b). At the 

beginning, the set ND is empty, and the variant y 1 is not inside the grey 

area, thus it is added to the set ND. The set y_ is expanded as follows: 

y_ = y_ U (y1 + IR'.'.: \ { 0}). (8) 

After updating the set Y_, the variant y2 is an element of the set Y_, thus it 

is excluded from further analysis . Both variants y3 and y4 are incomparable 

with each other and incomparable with the variant y1 (y1 is already in the 

ND set). In this particular scenario both the variants are added to the set 

ND. The grey area illustrating the set Y_ is expanded once again. There 

are no more variants left, thus the algorithm is finished. All non-dominated 

variants {y1 , y3 , y4 } are given in the set ND and can be presented to the 

decision maker. 

4 Preliminary experiments 

For t he tests with real data we have selected overall 68 variants ( currency 

pairs) from t he January 2017. We tested three t ime windows: 5 minutes (the 

case of high frequency trading), 1 hour ( the intraday trading), 1 day ( the long

term trading). For every considered time window we have assumed three dif

ferent positions of the reservation point in the criteria space: x = (0.25, 0.25), 

x = (0 .5, 0.5) and x = (0.75, 0.75) . For every considered combination of the 
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above parameters (time window and reservation point position) we included 

15 successive readings. The overall time of the experiments was equal to 

the length of the single time window multiplied by the number of readings. 

By the reading we understand a single situation on the price chart which is 

generated in the specific time window. To simplify: every new situation on 

the price chart corresponds to the new reading. The computation time for 

the single reading (including the generation of the non-dominated set ND) 

was approximately equal to 2 seconds. 

First of all we derived variants which were not dominated by the reservation 

point. Numbers of such variants are presented in Table 1. They allow to 

estimate potential number of variants (included in the set Y+) which must 

be analyzed in details. The table presents cardinality of the set Y+ for differ

ent time windows and different positions of the reservation point x. Lower 

values of the components of the point reservation point x indicate a higher 

willingness of the decision maker to take the risk. At the same time the 

cardinality of the set Y+ is increased. 

After the preliminary selection of the variants included in analysis, all the 

non-dominated variants were derived at the end of the given time window. 

The whole procedure was repeated for 15 successive readings. The results -

the cardinality of the set ND for the time window 5 minutes are presented 

in Table 2. The number of non-dominated variants derived for different 

positions of the reservation point are decreasing when the position of the 

point is moved in the direction of the aspiration point u. In the case of 

the crisp approach the results obtained are presented in the last column of 

Table 2. It should be noted, that the rows containing the same numbers 
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Table 1 Number of variants analyzed by the system with two indicators (RSI 
and CCI) 

I I M5 I Hl I D1 I 
X= I 0.25 I o.5 I 0.15 I 0.25 I o.5 I 0.15 I 0.25 I o.5 I 0.15 I 

Reading 1 15 14 9 15 8 6 18 13 9 
Reading 2 15 14 11 16 14 6 14 8 7 
Reading 3 22 16 12 22 19 13 20 13 11 
Reading 4 25 23 19 29 25 19 19 17 12 
Reading 5 33 28 23 27 24 23 23 19 11 
Reading 6 26 19 16 12 11 9 30 22 16 
Reading 7 21 18 14 18 13 6 29 26 19 
Reading 8 20 11 10 24 20 17 37 31 20 
Reading 9 17 14 7 21 16 10 33 28 27 
Reading 10 22 15 12 21 13 8 25 22 17 
Reading 11 15 10 3 25 20 17 23 20 17 
Reading 12 11 11 9 27 21 19 20 16 13 
Reading 13 19 15 10 19 15 12 25 18 11 
Reading 14 22 20 15 21 16 11 33 22 22 
Reading 15 17 13 9 27 22 18 20 15 15 

for all column (Reading 2, 4 and 10) indicate the cases, when variants equal 

to the aspiration point were found. In these particular cases, such variants 

are presented to the decision maker as the only rational choices. Especially 

interesting are the cases, in which number of variants available for the decision 

makers is small. They can be observed in reading 11 and 15, where in the first 

case the crisp approach generated no variant at all, while the fuzzy approach 

generated two variants for all the considered values of x. In the second case, 

the crisp approach generated only one variant, while the number of variants 

derived on the basis of the fuzzy approach was two for x = 0. 75 and three for 

x = 0.5 and x = 0.25. In general the set of solutions generated in the case of 

the crisp method contains only the variants which were found in the corners 
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of criteria space - where t he membership function for one of the indicators 

takes his value equal to 1. The fuzzy approach derives all non-dominated 

variants generated in the case of the crisp approach. It allows also to extend 

the set of acceptable variants by the non-dominated variants for which a 

deviation from the aspiration point u is limited by t he reservation point x. 

Namely the non-dominated variants belong to the set (u+Ilt:':.) \ (x+IR'.:':. \ {O} ). 

Table 2 Number of non-dominated variants generated in the case of fuzzy 
approach in comparison to the number of variants generated in the crisp 
approach - 5 minutes t ime window 

I I M5 I 
I x = / 0.25 / 0.5 / 0. 75 / Crisp / 

Reading 1 7 7 5 2 
Reading 2 1 1 1 1 
Reading 3 12 g g 5 
Reading 4 3 3 3 3 
Reading 5 18 16 14 g 

Reading 6 g 8 7 3 
Reading 7 8 8 8 6 
Reading 8 8 7 5 3 
Reading 9 5 5 3 2 
Reading 10 1 1 1 1 
Reading 11 2 2 2 0 
Reading 12 7 7 7 4 
Reading 13 10 8 7 5 
Reading 14 10 g 8 5 
Reading 15 3 3 2 1 

In Table 3 we present similar results of t he cardinality of the ND set for 

the time window equal to 1 hour. Once again the comparative results for 

the crisp approach were given in t he last column. In t he reading 2, 7 and 
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14 once again number of variants derived in the case of the crisp approach 

was very small, while application of the fuzzy method increased number of 

non-dominated variants derived for the decision maker. A weak spot of the 

system can be observed in the case of relatively large number of variants 

generated by the crisp approach. This particular situation can be observed 

in the readings 5, 12 and 13, where the advantage of the fuzzy approach is 

not visible due to large number of variants derived for the decision maker on 

the basis of the crisp approach. In such situations an analysis based on a 

greater number of indicators should be made. In the case of large number of 

non-dominated variants generated by the fuzzy approach a respective ranking 

method should be applied . 

Finally, the results for the longest time window considered on the Forex 

market as the long-term trading (1 day time window) which covered approx

imately three weeks from the January 2017 are presented in Table 4. Once 

again, the most useful information from the point of the view of the decision 

maker is derived for the example of reading 2, where the crisp approach al

lowed to obtain only one variant, while in the case of the fuzzy approach at 

least 3 variants were generated. 

5 Conclusions 

In this article we present an extension of the classical crisp concept used in 

the rule-based trading systems on the Forex market. The approach proposed 

delivers a opportunity to expand the set of variants possibly interesting for 

the decision maker. The fuzzy concept is presented as a generalization of the 
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Table 3 Number of non-dominated variants generated in the case of fuzzy 
approach in comparison to the number of variants generated in the crisp 
approach - 1 hour t ime window I,-------r-1 ___ H_l ___ l 

I x = I 0.25 I 0.5 I 0. 75 I Crisp I 
Reading 1 6 5 5 3 
Reading 2 3 3 2 1 
Reading 3 6 6 5 3 
Reading 4 2 2 2 2 
Reading 5 20 20 19 17 
Reading 6 8 7 6 4 
Reading 7 5 5 4 2 
Reading 8 14 10 10 7 
Reading 9 g 7 6 4 

Reading 10 5 5 5 2 
Reading 11 g 8 7 4 
Reading 12 16 14 12 10 
Reading 13 15 13 11 10 
Reading 14 7 7 5 3 
Reading 15 1 1 1 1 

concepts commonly used in the rule-based trading systems. Along with the 

implementation of fuzzy membership functions, an algorithm deriving the set 

of non-dominated solutions is presented. The algorithm is specially useful 

in the case when the traditional crisp approach generates no signals at all , 

but the fuzzy approach gives some variants with the membership function 

close to 1. The reservation point concept is related to the risk aversion of 

the decision maker. 

The approach proposed assures full sovereignty of the decision maker. He de

cides how far he want to extend the set of variants analyzed by the system in 

comparison to t he crisp approach. He obtains the generated non-dominated 
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Table 4 Number of non-dominated variants generated in the case of fuzzy 
approach in comparison to the number of variants generated in the crisp 
approach - 1 day time window I,--------r-1 ---D=-l-----,1 

I x = I 0.25 I 0.5 I 0. 75 I Crisp I 
Reading 1 2 2 2 2 
Reading 2 4 3 3 1 
Reading 3 10 8 7 5 
Reading 4 9 9 7 5 
Reading 5 7 7 5 3 
Reading 6 9 8 4 2 
Reading 7 13 12 12 5 
Reading 8 9 8 8 4 
Reading 9 6 6 6 6 

Reading 10 10 10 9 6 
Reading 11 1 1 1 1 
Reading 12 11 10 10 5 
Reading 13 2 2 2 2 
Reading 14 9 9 8 3 
Reading 15 11 10 10 7 

variants. The decision maker decides which variant he will use to make a 

position. 

The proposed approach is flexible. It can be used with different time windows 

and even with the different set of instruments. A position of the reservation 

point in the criteria space can be changed in every new reading. The approach 

presented for two indicators can be easily developed to handle with a greater 

number of them. A greater number of indicators included in the system 

should significantly reduce the set of non-dominated variants. Especially 

interesting may be indicators like the moving average [5], money flow index, 

ichimoku and others [14]. 
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At the preliminary stage of experiments we assumed, that there are no com

plex dependencies between the considered two indicators. However in gen

eral for greater number of different indicators it is not strictly true. There 

are some indicators, which should be analyzed jointly taking into account 

some additional assumptions. Complex dependencies and complex transac

tion systems are planed to be introduced in the proposed method. Finally, 

deriving the large and difficult set of non-dominated variants naturally forces 

to present ranking of the generated variants which could greatly improve 

the process of final analysis made the decision maker. A respective ranking 

method is planned to be included in the system. Different ranking approaches 

are discussed including the ideas based on the concession line concept [7], the 

dominance-based rough set approach [3], the bipolar method [9]. 

As it was mentioned before, the presented approach delivers an initial simple 

version of the system, which can be expanded in multiple ways. Observing 

the increasing number of articles dealing with still developed more complex 

systems based on the technical analysis indicators , two distinct extensions 

seems to be especially interesting. Both are related with social phenom

ena of developed systems. The first extension assumes introduction of the 

fundamental analysis translated into easily understandable numeric values 

of the fundamental indicators. The second one is strictly related with the 

social trading considered as the mechanism for the collaborative trading on 

the market. Effectiveness of the social trading and systems based on the so

cial networks (like twitter) is particularly difficult to estimate. On the other 

hand there are some possibilities to estimate activity of traders with the use 

of concepts like gamification. Therefore these concepts will be also discussed 
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in the further works. 
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