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Abstract — This paper presents an application of coevolu-
tionary algorithms to rule discovery on stock market. We used 
genetic programming techniques with coevolution in financial 
data mining process. There were tested a various approaches 
to  include  coevolution  aspects  in  task  of  build  trading  rule 
(buy and sell  decision).  Trading rules  are based on technical 
and fundamental indicators included in decision tree and were 
tested on Warsaw Stock Exchange historical data. 

I. INTRODUCTION

N RECENT years, a number of artificial intelligence ap-
proaches have been suggested for applications in  finan-

cial  data  mining  tasks,  especially  stock  market  analysis. 
Predicting  share  prices,  share  value estimation  or  trading 
rule generation are the most interesting tasks that are being 
solving  not  only by neural  networks  techniques,   genetic 
programming or evolutionary algorithms but much more.

I

A. Related works

In  [2], [7] are proposed a hybrid approach based on evo-
lutionary algorithm and artificial  neural  networks for pre-
dicting trends of stock market indicators. Work [9] presents 
intelligent  decision  support  system  for  stock  market  in-
vestor. System is based on genetic algorithms in cooperation 
with artificial neural networks and fuzzy logic and was suc-
cessfully tested on Taiwan stock market.

An  another  interesting  approach  described  in  [3] con-
nects  artificial  neural  networks and case-based reasoning. 
Its  working  schema  can  be shortly  presented  as  follows: 
(a)monitoring  of  potential  interesting  shares  (b)artificial 
neural  networks decide about  time of buy/sell  transaction 
(c)verification of observed results in comparison to artificial 
neural networks prediction using historical cases.

A related work  [16] shows swarm intelligence applica-
tion for generating artificial neural networks for supporting 
investing decision. An artificial neural networks are applied 
for daily quotation analysis and buy/sell signal generation.

In  paper  [10] is  proposed  a  machine  learning  system 
called TPP (Turning Points Prediction) as framework based 
on chaotic dynamic analysis and neural  network modeling 
for prediction  peaks and  troughs  of indexes.  Such  tool is 
able to help investor in market trend recognition and  prof-
itable opportunities discovering. Presented experimental re-
sults showed that  the developed solution can be helpful to 
make profitable transactions.

In  paper  [15] is  presented  induction  learning  system 
based on evolutionary algorithms applied to profitable rule 
discovery from Warsaw Stock Exchange 1 (WSE) historical 
data. The obtained rule has form of decision tree and con-
tains fundamental and technical analysis indicators as well. 
Each individual consists of two decision trees: buy and sell 
tree,  and  a  given  decision  tree  defines  condition(s)  that 
should be satisfied to generate  buy/sell  signal  for selected 
share.  Defined fitness function is based on return of profit 
generated by investing strategy. 

In this work approach is more complex than presented in 
[15]. The main difference is coevolution usage, where trad-
ing  rules  were splitted  into  two independent  populations: 
one  consists  of buy rules,  the  other  one  includes  selling 
rules. Our prerequisites are that some works (e.g.  [5], [12], 
[13]) shows that  evolutionary algorithms  with coevolution 
mechanism gives higher efficiency and more suitable solu-
tions. Evolution of each population works independent, but 
there  are one connecting  aspects (coevolution):  individual 
fitness function of one population is connected to individual 
of  second  population  –  in  order  to  evaluate  selling  rule 
strongly is needed buy rule work (and  vice versa). The fit-
ness function is defined as return  of initial  capital  and its 
corresponding to profit that rules have gained in its transac-
tions.

Our  main  goal  is defined as follows: to experimentally 
test evolutionary algorithm efficiency in financial data min-
ing task and comparing results with [15] including coevolu-
tion aspects . The second goal is to experimentally testing if 
obtained  trading  rules  have  knowledge  independent  on 
training data (it there is any generalization) and if there is 
any influence to training  data stock market  trend.  For in-
stance if rule discovered in uptrend duration can give profit 
on another period in downtrend or horizontal trend, where 
explicit trend does not exist. An additional goal is to inves-
tigate  efficiency improvement  using  coevolutionary  algo-
rithms. 

The paper  is organized as follows: the next section de-
scribes  proposed  evolutionary  algorithm  approach.  There 
are defined an individual  representation,  genetic operators 
and fitness function method.  Also evolutionary algorithms 

1WSE (Warsaw Stock Exchange) is the largest stock exchange in eastern 
Europe, located in Warsaw Poland and opened on April 16, 1991 (internet 
source:  http://www.gpw.pl/)
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extensions are presented, especially coevolution. Section III 
describes  done  experiments  (long  and  short  time periods, 
also various type of trends)  and  observed results.  Conclu-
sions  and  future  research  directions  are  given  in  the  last 
section.

II. METODOLOGY

A task is defined as follows: evolutionary algorithm  in 
the base of historical data from WSE builds strategy based 
on two types of rule: buy and sell rule. Given rule defines 
condition(s)  that  should  be satisfied by company share  to 
generate  buy/sell  signal.  An  important  issue  is  obtained 
knowledge generalization of in financial data mining task. 
Thus  there  are  used data  separation:  training  and  testing 
data [4] , where rules generated on training data are experi-
mentally tested on testing data. Also into consideration was 
taken character of data and its influence into possible rule 
earnings. 

We  investigated  evolutionary  algorithm  in  three  ap-
proaches: typical evolutionary algorithm, evolutionary algo-
rithm  with  fitness  function  evaluation  and  coevolutionary 
algorithm.  We investigated  also  fundamental  analysis  in-
cluding.

A. Evolutionary Algorithm (EA)

To apply Evolutionary Algorithm metaheuristics we have 
to define individual representation (to decide about problem 
representation  method),  genetic  operators  (decision  about 
problem elements manipulators)  and  fitness function form 
to evaluate solution propositions.

i:=0; 
initialise(pop i ); 
evaluate(pop i ); 

while (!stop_condition) 
 pop i+1 := selection(pop i ); 
 pop i+1 := crossover(pop i+1 ); 
 pop i+1 := mutation(pop i+1 ); 
 evaluate(pop i+1 ); 
 i:=i+1; 

EA  starts  with  initial  population  (usually  created  ran-
domly). Next, the individuals in population are evaluated – 
each  individual  receives fitness  function  value that  corre-
sponds to quality of its proposition of given problem solu-
tion ([1],  [6],  [11]). Next step checks if stop conditions are 
not met: usually it is limit of generations and the best indi-
vidual fitness value is acceptable (success). If stop criteria is 
not met EA runs selection procedure that defines a seed for 
new generation and provides communication between indi-
viduals (by crossover operator) and the independent search 
by mutation  operator.  The whole process is repeated until 
any stopping condition is met. 

1) Individual representation
Each individual contains a portfolio of its owned shares 

and two independent decision trees [8]: the first one decides 
about purchasing shares (BUY), the other one about selling 
(SELL). The individual operates on simulated stock market 
for specific amount of sessions and decides about its trans-
actions. During each session it can buy or sell shares of any 

company,  where amount  of money is  divided on  N equal 
packets.  In  a given moment  the individual  can  have only 
one packet of given company shares.

A decision tree consists of two types of nodes: logical one 
and terminal. A logical node contains logical operator (OR / 
AND) which joins terminal nodes and indeed generates log-
ical expression. Each logical node operates on two sub trees, 
returns a logical value (true or false) and can be nested.

A terminal node consists of three elements: (1) indicator 
type  (technical  or  fundamental),  (2)  comparison  operator 
(less-than  “<”  or  more-than  „>”)  and  (3)  floating-point 
number.  The  whole decision  tree  is  a  logical  expression, 
which tells if a given share conditions are satisfied and can 
be bought/sold. 

The example of such trading rule (represented as a deci-
sion tree and logical expression) is presented on Fig 1. Pre-
sented  decision  tree  looks for  share  that  RSI indicator  is 
higher than 80,5, and also satisfies one of conditions: ROC 
is lower than 0,97 or DMA is lower than -7,29.

Such representation is intuitive, very useful in operating 
by evolutionary algorithm and simple in  analyzing  by po-
tential human investor.

2) Selection and initialization method
We  used  a  proportional  selection  (so-called  roulette 

wheel)  that  prefers  in  population  individuals  with  fitness 
function is higher that average. An elite parameter was also 
tested in our approach.  

The initial population was created by random method but 
limited by decision tree size; we used a maximal tree size 
parameter to avoid its overgrowing. 

3) Genetic operators
We used genetic programing type of one-point crossover 

that  connects  randomly  corresponding  (buy/sell)  decision 
trees.  Mutation  operators have been split  into three types: 
node modification (NM), new node insertion (NI) and node 
deletion (ND). Each of them is connected to usage probabil-
ity value and works on randomly selected node of decision 
tree. 

The NM operator works on values stored in node (an in-
dicator or a logic operator, a comparison operator and a val-
ue).  The higher  change of probability has  (descending):  a 
node value (according to normal  distribution),  comparison 
operator and type of indicator (or logical operator).

Fig 1: Example of decision tree as trading rule. Its textual represen-
tation as logical expression can be presented as follows:

RSI>80,5 AND (ROC<0,97 OR DMA<-7,29)
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The NI operator indeed inserts two nodes (a terminal and 
logical  operator)  to  keep  a  given  tree  coherent.  Selected 
node of tree become an the left descendant of newly inserted 
logical node, and the second inserted nodes (terminal  one) 
becomes the right  descendant  to keep decision tree coher-
ent.

The  ND operator  removes a randomly selected node in-
cluding a set of its  all  descendants  (indeed the whole sub 
tree) to keep tree coherent in its place is inserted a new ran-
domly generated terminal node.

4) Fitness function
In  our approach,  evaluation of each population  of indi-

viduals requires stock market simulation in given historical 
time period. For each stock market session and each quota-
tion we need to ask an individual for sell/buy decision. The 
individual  decides independently about transaction:  to buy 
or sell owned share and it causes a loss or yields a profit. To 
evaluate each individual it owns initial capital CASHstart and 
each financial decision has influence on final capital return 
CASHstop calculated at the end of time period. If an individu-
al owns any shares at the end of time period they are sold. 
Total value of its fitness function is generated by percentage 
return of initial capital:  

 fitness=
CASH stop

CASH start

 (1) 

Because of decision tree application and EA tendency to 
overgrown trees we use tree depth limit and each node more 
than limit causes its fitness function value reduction by 2% 
as penalty (this value was set experimentally). Another re-
duction of fitness function value is connected with a broker-
age  and  equals  3% of each  buy/sell  operation  value (this 
value is set experimentally).

B. Extended Evolutionary Algorithm (ExEA)

We  extended  standard  fitness  evaluation  function  by 
building pairs of the best buy-sell individual. This process is 
based on tournament of given percentage (as TreeMatching  
parameter )  individuals  in  population.  For  example, 
TreeMatching  equals to 10% means that given individual's 
decision buy tree are evaluated with selling decision trees of 
10% randomly chosen individuals of given population. The 
best selling rule is inserted into given individual. 

C. Coevolutionary Algorithm (CoEA)

As Coevolutionary Algorithm is based on cooperation of 
two (or more) populations, in our approach we have popula-
tions: (1) buy and (2) sell decision trees. The individual of 
one population is connected to individual of second popula-
tion only by evaluation function value to make best profit: to 
buy “interesting”  share  in  “good” moment,  and  sell  with 
“good” profit.

To evaluate individuals of two coevolving population we 
link them into pairs buy-sell and profit of such strategy is 
calculated. The final value of fitness function given individ-
ual  is  average  profit  obtained  by given  rule  connected  to 

treeMatching (%) individuals of convolving population (for 
each pair the fitness function value is evaluated separately).

III. EXPERIMENTS AND RESULTS

We investigated  many  experiments  on  WSE  historical 
data  to  verify efficiency of implemented  approaches.  We 
used data 2 from different character time periods,  but only 
quoted companies in whole analyzed time period (debutants 
were omitted).  Our research methodology assume that  EA 
firstly learns to discover trading rules using data from train-
ing period, and then its efficiency is tested on selected test-
ing period [4] . 

All tests have been carried for different version of algo-
rithm many times using different parameters' values. A fol-
lowing approaches were tested: 

• evolutionary algorithm ( EA ), 
• evolutionary algorithm using financial analysis in-

dicators ( EA + fund ), 
• extended  evolutionary  algorithm  with  parameter 

treeMatching = 10% ( ExEA (10%)), 
• coevolutionary  algorithm  CoEA,  treeMatching = 

10% ( CoEA (10%)),  
• coevolutionary algorithm,  treeMatching =  30% ( 

CoEA (30%)) 
• coevolutionary  algorithm  with  treeMatching = 

10%  using  financial  analysis  indicators  ( CoEA 
(10%) + fund .) 

Results of presented approaches EA and EA+fund can be 
analyzed as substitute of methodology defined in [15]. How-
ever results presented there are based on other set of indica-
tors (a fundamental and a technical) also were tested on dif-
ferent periods so its results cannot be strictly compared.

Presented  approaches  builds  decision  trees  taking  into 
consideration  following technical  indicators:  closing  price 
(INX),  volume (VOL),  ROC(5),  ROC(10),  RSI(5),  RSI(10), 
DMA(5, 20) and MACDO(12, 26, 9) [14]. A value in brack-
ets defines a number of sessions used to compute a given in-
dicator value. Some of presented approaches takes into con-
sideration  also financial  analysis  indicators  (calculated  in 
base of company quarter reports) as follows: operating prof-
it  margin  (so called return  on sales),  gross  profit  margin 
and net profit margin [17].

For investigations,  we selected nine short  test periods – 
three for each trend on stock market:  uptrend  (denoted as 
Ux ), downtrend (denoted as Dx) and horizontal trend (de-
noted as  Hx).  We also selected three training  periods, one 
for each type of trend. Training periods are additionally de-
noted by zero sign, e.g. U0 is training uptrend period. Test-
ing periods are enumerated by integers number from 1 to 3. 
All selected periods are listed below with an additional in-
formation:  symbol,  length  (number  of  stock  market  ses-
sions), number of quoted companies, change of main WSE 
index WIG during given period to show its character: 

U0: 25 quoat., 188 shares, WIG  +8,90%
H0: 21 quoat., 253 shares, WIG  +0,68%
D0: 28 quoat.,  91 shares, WIG  -8,92%
U1: 21 quoat., 197 shares, WIG  +9,80%

2Source: http://www.bossa.pl
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H1: 29 quoat., 198 shares, WIG  +0,95%
D1: 27 quoat., 205 shares, WIG  -7,28%
U2: 38 quoat., 254 shares, WIG +12,83%
H2: 27 quoat., 270 shares, WIG  +0,30%
D2: 27 quoat., 264 shares, WIG  -7,49%

R3: 34 quoat.,  82 shares, WIG +11,95%
B3: 28 quoat.,  90 shares, WIG  +0,02%
S3: 25 quoat.,  83 shares, WIG  -5,03%
To evaluate quality of obtained trading rule we compared 

its profit with main stock index WIG change. The value of 
WIG represents the simplest strategy called „buy-and-hold”, 

TABLE II. TEST RESULTS OF INDIVIDUALS TRAINED ON D0 PERIOD

 

min avg max min avg max min avg max
EA 11,45 3,19 9,91 1,24 11,4 5,59 2,52 2,68 2,06 0,73 3,37 3,07 -1,16 2,87 -7,66 0,98 -9,79 1,6
EA + fund 12,24 3,48 9,81 1,03 8,4 4,7 1,54 1,94 1,7 0,69 3,35 3,8 -2,45 4,54 -8,58 1,04 -10,83 2,23

7,52 5,62 7,53 0,82 8,29 3,92 2,98 4,88 1,18 0,49 3,79 3,04 -10,1 4,45 -9,24 0,67 -11,2 2,35
17,07 8,95 10,68 1,55 10,35 5,23 6,62 4,39 2,63 0,96 1,42 3,62 -16,08 0,29 -8,42 0,91 -11,26 2,75
23,5 10,3 10,2 1,47 7,56 4,5 8,68 4,36 2,13 0,72 0,89 3,21 -17,55 3,74 -8,38 0,93 -9,72 2,03
27,34 9,07 9,96 1,32 12,61 6,21 5,17 5,22 1,84 0,82 4,98 4,6 -19,11 3,11 -8,76 1,1 -11,93 3,76

min avg max min avg max min avg max
EA 5,31 2,42 3,73 0,9 1,82 2,97 0,09 2,16 0,81 0,45 1,07 2,14 -8,29 1,65 -6,84 0,95 -9,69 2,69
EA + fund 4,94 2,69 3,28 0,74 0,89 2,34 -0,26 1,56 0,62 0,49 0,6 1,79 -8,17 2,34 -6,51 0,96 -9,26 2,58

2,45 5,13 1,39 0,8 0,33 2,59 0,64 1,82 1,07 0,34 1,83 1,3 -8,69 4,53 -8,45 0,76 -10,86 2,31
3,52 4,78 4,12 0,95 0,36 2,05 -1,93 2,73 0,78 0,51 1,08 1,63 -13,27 3,79 -7,23 0,78 -11,59 2,79
8,49 6,87 3,79 0,87 1,31 3,11 -2,54 3,22 0,69 0,43 1,12 2,17 -12,58 3,69 -7,09 0,96 -10,48 1,47
2,96 5,22 2,92 0,98 0,85 2,85 0,33 2,59 0,75 0,47 1,93 2,71 -6,64 5,38 -6,22 0,77 -10,5 3,02

min avg max min avg max min avg max
EA 8,67 2,13 3,89 0,62 8,45 4,61 3,32 1,56 0,31 0,29 1,51 1,56 1,11 1,31 0,15 0,25 1,69 2,04
EA + fund 7,05 3,31 3,84 0,62 7,54 5,64 1,74 1,44 0,09 0,35 1,47 1,69 0,86 2,72 -0,18 0,47 1,81 2,79

5,17 4,03 5,1 0,56 6,24 4,24 0,69 1,91 0,6 0,32 1,92 1,83 -0,82 1,81 -0,07 0,29 2,87 2,35
10,66 6,28 3,45 0,52 4,81 3,37 0,31 2,89 -0,05 0,23 1,82 1,94 -2,44 4,2 0,21 0,25 2,28 2,17
5,67 4,69 3,3 0,68 5,22 4,33 0,75 2,48 0,12 0,28 1,31 1,89 -2,81 3,44 0,15 0,26 1,1 1,58
4,66 2,67 3,38 0,68 4,62 3,09 -3,55 3,58 -0,2 0,33 0,53 1,63 -9,77 4,83 -0,3 0,47 2,03 2,31

algorithm type
U1 (+9,8%) H1 (+0,95%) D1 (-7,28%)

dev dev dev dev dev dev dev dev dev

ExEA (10%)
CoEA (10%)
CoEA (30%)
CoEA (10%) + fund

algorithm type
U2 (+12,83%) H2 (+0,3%) D2 (-7,49%)

dev dev dev dev dev dev dev dev dev

ExEA (10%)
CoEA (10%)
CoEA (30%)
CoEA (10%) + fund

algorithm type
U3 (+11,95%) H3 (+0,02%) D3 (-5,03%)

dev dev dev dev dev dev dev dev dev

ExEA (10%)
CoEA (10%)
CoEA (30%)
CoEA (10%) + fund

TABLE III. TEST RESULTS OF INDIVIDUALS TRAINED ON H0 PERIOD

 

algorithm type
min dev avg dev max dev min dev avg dev max dev min dev avg dev max dev

EA 15,93 6,21 8,17 1,6 17,99 12,24 3,95 3,36 2,46 0,79 5,81 3,76 -5,83 6,72 -6,06 1,28 -8,76 5,08
EA + fund 11,43 4,83 9,24 1,84 18,51 10,95 2,65 2,62 1,93 0,78 6,66 4,17 -4,9 5,63 -8,02 1,45 -11,45 5,48
ExEA (10%) 8,78 7,1 9,71 1,54 11,92 7,09 1,52 3,76 2,52 0,85 6,68 3,96 -9,06 5,58 -8,11 1,01 -6,53 3,54
CoEA (10%) 0 6,15 8,89 2 22,66 11,56 7,12 3,25 2,73 0,78 9,17 5,32 -14,96 3,88 -7,16 1,39 -13,8 3,79
CoEA (30%) 19,48 7,01 8,73 1,26 15,72 12,24 7,64 4,2 2,55 0,87 6,11 4,5 -13,96 5,21 -7,24 1,28 -7,4 3,99
CoEA (10%) + fund 2,93 8,01 9,58 1,55 18,26 12,15 7,33 4,4 2,11 0,75 5,1 4,96 -16,58 5,05 -8,07 1,11 -11,51 4,28

algorithm type min dev avg dev max dev min dev avg dev max dev min dev avg dev max dev
EA 6,69 3,95 3,26 0,91 7,52 4,5 0,59 3,66 0,65 0,83 -1,54 2,99 -6,38 2,18 -5,24 1,3 -6,51 3,99
EA + fund 5,37 4,01 2,73 0,83 4,14 5,95 -0,72 2,63 0,69 0,85 -1,79 3,34 -7,11 2,69 -4,82 1,11 -8,21 4,8
ExEA (10%) 3,23 4,22 3,86 1,16 5,7 4,61 0,8 2,57 0,28 0,29 1,36 1,93 -6,62 4,17 -6,34 1,08 -5,22 4,42
CoEA (10%) 8,08 5,23 3,33 1,19 4,01 7,93 -1,52 3,79 0,55 0,74 -1,74 3,55 -12,38 7,61 -6,16 1,09 -11,98 3,94
CoEA (30%) 6,8 6,13 3,71 1,47 6,94 6,23 -2,5 3,8 0,44 0,53 -0,57 2,74 -11,53 5,95 -6,17 1,16 -6,62 5,05
CoEA (10%) + fund 7,94 5,18 3,01 0,97 7,49 7,42 -1,89 4,17 0,32 0,45 -2,27 3,27 -10,95 6,86 -5,13 1,06 -8,84 5,18

algorithm type min dev avg dev max dev min dev avg dev max dev min dev avg dev max dev
EA 6,64 2,86 3,26 1,02 2,6 2,3 1,58 2,63 0,42 0,24 0,44 1,4 0,76 3,27 0,19 0,36 -0,14 1,84
EA + fund 5,97 3,83 3,42 0,75 5,67 4,38 2,32 1,38 -0,21 0,42 -0,12 2,99 0,04 1,48 -1,2 0,76 -1,86 2,75
ExEA (10%) 3,41 2,81 3,74 0,61 2,99 3,27 0,9 1,26 0,55 0,31 0,95 0,97 0,23 1,32 0,21 0,46 -0,42 1,19
CoEA (10%) 6,04 4,38 3,61 0,74 7,91 5,05 -2,75 2,67 -0,04 0,28 -0,76 3,53 -1,71 1,84 -0,07 0,39 -0,65 3,21
CoEA (30%) 5,46 3,29 3,51 0,83 4,15 4,46 -0,2 2,79 -0,06 0,29 -1,07 2,29 1,9 2,71 0,04 0,42 -1,08 1,67
CoEA (10%) + fund 5,93 3,85 3,7 0,9 5,06 3,84 -1,85 3,15 -0,33 0,44 -1,06 2,54 -3,04 2,81 -1,04 0,58 -2,01 3,02

U1 (+9,8%) H1 (+0,95%) D1 (-7,28%)

U2 (+12,83%) H2 (+0,3%) D2 (-7,49%)

U3 (+11,95%) H3 (+0,02%) D3 (-5,03%)

TABLE I. TEST RESULTS OF INDIVIDUALS TRAINED ON U0 PERIOD

  * In the braces is given the treeMatching parameter value.

algorithm type
min dev avg dev max dev min dev avg dev max dev min dev avg dev max dev

EA 17,98 6,72 13,33 1,14 10,23 6,74 3 3,93 6,1 1,03 11,85 6,34 -3,88 2,83 -9,69 0,53 -9,19 1,88
EA + fund 14,63 5,7 19,44 2,02 22,04 5,01 3,66 3,65 3,32 1,1 16,35 4,32 -8,8 8,93 -14,08 0,95 -16,8 2,41
ExEA (10%) 12,22 0 16,08 3,5 16,48 10,6 2,24 5,01 7,01 1,02 10,39 5,58 -11,42 3,47 -11,21 0,68 -12,41 2,82
CoEA (10%) 18,34 13,22 13,54 1,57 11,28 7,05 10,09 8,84 7,02 1,03 12,22 5,56 -11,02 6,63 -10,08 0,58 -9,13 1,65
CoEA (30%) 21,14 13,94 12,92 1,67 13,17 4,63 8,69 8,57 7,09 1,59 15,18 6,62 -10,31 5,98 -10,02 0,59 -9,48 1,23
CoEA (10%) + fund 10,75 5,68 22,25 2,17 23,28 4,86 -0,4 3,36 4,66 1,53 17,23 4,4 -9,11 2,18 -14,79 0,69 -17,73 1,85

algorithm type
min dev avg dev max dev min dev avg dev max dev min dev avg dev max dev

EA 5,26 3,91 2,57 0,7 2,99 2,79 -1,25 4,46 -1,37 0,68 -1,35 2 -8,28 2,84 -10,25 0,52 -11,54 1,91
EA + fund 4,78 4,57 2,92 1,13 11,65 5,37 1,13 2,71 0,6 0,38 1,79 1,97 -6,69 3,82 -5,43 1,03 -10,16 2,07
ExEA (10%) 0,82 2,72 3,47 1,93 3,71 4,09 0 2,29 -0,74 1,11 -3,33 3,28 -8,22 3,77 -10,3 1,48 -12 3,04
CoEA (10%) 1,38 2,54 2,63 0,84 2,21 2,59 1,57 6,47 -1,5 0 -1,38 2,79 -13,39 4,31 -10,38 0,68 -11,58 1,83
CoEA (30%) 1,22 3,34 2,56 0,8 1,12 1,57 -1,85 3,77 -1,16 1,07 -1,14 3,54 -11,24 4,24 -10,48 0,83 -13,51 1,74
CoEA (10%) + fund 0,98 1,72 4,02 1,5 13,28 3,22 0,99 1,26 0,26 0,58 -0,39 3,61 -9,06 2,53 -6,19 0,9 -11,24 2,34

algorithm type
min dev avg dev max dev min dev avg dev max dev min dev avg dev max dev

EA 8,65 4,53 8,76 1,03 10,2 3,21 3,7 2,27 -0,12 0,6 0,39 2,36 0,23 2,69 -1,54 0,72 -4,33 1,95
EA + fund 5,09 3,92 4,3 0,61 4,96 2,28 1,27 2,04 -3,36 0,76 -5,5 2,45 -1,34 3,67 -6,9 1,17 -11,44 2,6
ExEA (10%) 6,15 3,96 6,82 1,57 8,96 4,01 0,18 2,01 -1,43 1,08 -2,87 4,01 0,07 2,19 -1,08 0,66 -3,47 2,96
CoEA (10%) 8,05 5,24 8,61 0,99 9,99 3,55 -3,66 3,17 -0,41 0,66 -0,4 3,39 -2,58 2,11 -1,76 0,95 -4,02 2,64
CoEA (30%) 7,82 6,2 8,26 0,93 9,52 2,93 -3,55 3,99 -0,36 0,68 -0,9 2,78 -1,37 1,8 -1,84 0,66 -4,45 2,55
CoEA (10%) + fund 5,04 2,8 4,72 0,58 3,65 2,25 0,23 1,4 -3,84 0,58 -6,44 2,18 0,13 1,27 -7,21 1,04 -11,93 2,25

U1 (+9,8%) H1 (+0,95%) D1 (-7,28%)

U2 (+12,83%) H2 (+0,3%) D2 (-7,49%)

U3 (+11,95%) H3 (+0,02%) D3 (-5,03%)
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which is based on buying shares at the beginning of the giv-
en period and selling them out at the end of the period. Re-
sult of this strategy is a reference in  evaluating the others 
strategies efficiency. 

A. Tests

Each  of  the  developed  EA  approach  was  running  30 
times for all  of three training  periods.  The individuals  of 
last generation population were additionally tested on nine 
test periods. The averaged results of 30 test runs of devel-
oped algorithms are given in Table I-II. For each test period 
the lowest (min), the average (avg) and the highest  (max) 
profit ratio in population is given.  Next to the profit ratio 
standard deviation (dev) is given.

The  population  size  was  set  to  100  individuals  which 
evolves for  200  generations  (experimentally set  as  a  stop 
condition – the greater value causes occurance of overfitting 
and overtraining phenomenons). We use the roulette selec-
tion and the elite parameter  equals to 1 which means that 
only the  best  individual  survives  without  changes  to  the 
next generation. Values of particular parameters were deter-
mined experimentally: crossover probability Px =0,6, muta-
tion probability Pm =0,4 and within mutation: node modifi-
cation  Pm NM =0,65, new node insertion  Pm NI = 0,15 and 
the node deletion Pm ND =0,2. Each individual received 10 
thousands of virtual polish zlotych ( PLN ) as a start cap ital 
and could own  at most 10 ( N parameter) packets of shares 
at a given moment. 

In  all training  periods  ExEA reaches the highest fitness 
value (significantly outperforming other approaches), how-
ever results  from test periods were much more diversified 
(depending on period) so it  is hard to draw any far going 
conclusions about efficiency of developed approaches. With 
the aid of data presented on  Table I -  Table III we cannot 
point  the best unrivaled approach. We can draw a conclu-
sions as follows:  

• EA had the lowest losses in downtrend periods, 
• CoEA(10%) trained  on  H0 achieves  distinctive 

profit only in periods U1 and U3 . 
• approaches  indicating  financial  indicators  ( 

EA+fund ,  CoEA+fund ) achieves the highest  (or 
close to highest) profits in periods up- and horizon-
tal trend periods (U1 , H1 , U2 and H2), but it per-
formed poorly in downtrend periods. 

The last conclusion we find very interesting: we suppose 
that  individual  using  financial  analysis  buys shares  while 
downtrend period because of very cheap shares (according 
to the “value investing” theory). The set of individuals with 
the highest profits gained in short  period tests we selected 
for another tests: long time tests.

We selected two individuals of 30 runnings  of each de-
veloped approach of each training period (total 36 best indi-
viduals were selected). These individuals profits reached in 
9 short test periods are presented in Table IV: where the last 
column a total profit of selected individual  is given. In  all 
these 9 periods „buy-and-hold” strategy would yield a profit 

TABLE IV. SHORT TIME TEST RESULTS OF BEST OBTAINED INDIVIDUALS

 

No.

U0

EA 1 44,16 12,37 -10,47 0,66 -4,52 -8,54 14,84 -0,46 -5,95 42,09

2 11,29 35,4 -6,49 0,98 0,11 -12,65 12,78 2,03 -5,58 37,87

EA + fund 3 50,44 13,43 -17,02 16,13 -7,72 -2,7 4,68 -11,28 0,64 46,6

4 45,94 13,63 -18,84 14,2 1,1 -5,68 1,96 -5,62 -10,68 36,01

5 33,74 6,94 -13,9 12 -4,27 -8,65 7,73 1,92 0,24 35,75

6 38,18 8,83 -18,5 24,34 -0,32 -16,62 0,83 -8,39 3,82 32,17

7 21,77 21,31 -10,84 7,17 -4,89 -10,48 5,3 4,72 0,27 34,33

8 13,56 24,85 -9,7 1,22 -6,27 -11,41 11,58 3,16 -0,17 26,82

9 45,9 21,77 -17,24 1,88 -2,17 -12,61 10,4 -7,2 -2,29 38,44

10 11,15 33,1 -9,07 -1,75 0,9 -10,68 13,34 2,82 -5,11 34,7

11 56,95 18,65 -16,69 17,97 -1,84 -4,94 0,44 -9,15 -14,63 46,76

12 37,91 20,75 -15,73 19,75 -9,46 -16,45 6,71 -1,6 -10,28 31,6

H0

EA 13 44,15 12,87 -15,51 28,51 -2,55 -8,84 4,67 -1,57 -0,93 60,8

14 49,17 10,22 -12,85 8,47 0,96 -3,38 4,25 1,58 -1,74 56,68

EA + fund 15 36,3 7,65 -5,96 9,6 1,72 -3,08 2,26 1,96 -0,07 50,38

16 49,12 9,03 -14,68 12,29 -3,46 -9,15 3,61 1,58 -4,59 43,75

17 49,33 11,09 -7,5 12,36 -2,02 -2,32 0,05 0,57 -0,3 61,26

18 28,04 7,65 -2,94 6,01 1,82 -1,43 2,92 2,8 -0,07 44,8

19 44,15 12,94 -16,92 28,51 -3,55 -8,94 4,65 -0,83 -0,98 59,03

20 49,39 13,46 -13,85 10,99 -1,49 -9,37 2,08 -0,05 0,95 52,11

21 47,7 14 -7,39 31,61 -0,64 -0,72 0,37 -0,51 0 84,42

22 44,13 11,14 -7,87 11,51 -0,88 -1,7 0,8 -0,71 -0,15 56,27

23 49,94 10,45 -16,35 21,91 -2,92 -8,76 6,03 1,38 -0,67 61,01

24 39,32 16,93 -8,6 14,87 -0,07 -2,98 0,3 -0,53 -0,45 58,79

D0

EA 25 21,54 11,67 -9,12 13,26 -2,19 -14,55 5,22 1,91 1,39 29,13

26 8,9 13,07 -3,79 6,07 5,42 -5,62 2,94 1,04 -1,31 26,72

EA + fund 27 6,7 9,05 -8,73 12,25 3,41 -6,54 8,12 1,95 0,69 26,9

28 22,35 2,83 -7,72 0,14 1,14 -10,09 13,57 4,33 -0,47 26,08

29 6,71 14,38 -8,08 -4,24 -1,97 -9,26 14,87 1,93 10,78 25,12

30 9,04 5,47 -11,1 6,1 2,18 -10,27 4,11 3,6 9,92 19,05

31 29,42 8,8 -17,89 2,47 -2,38 -18,79 8,02 5,38 4,36 19,39

32 7,5 4,17 -7,72 0,14 6,19 -10,07 11,53 -0,49 2,59 13,84

33 11,32 11,6 -6,25 -2,91 0,86 -10,33 10,17 0,52 0,99 15,97

34 10,56 4,13 -9,77 0,14 -1,29 -10,81 14,03 3,86 4,17 15,02

35 8,18 11,43 -8,69 -3,81 22,19 -5,82 8,61 0 5,02 37,11

36 6,05 9,17 -8,73 7,2 1,65 -7,78 11,25 1,85 1,23 21,89
39,13

WIG: 16,08

Training
Period

Algorithm
type

U1
(9,85%)

H1
(0,95%)

D1
(-7,28%)

U2
(12,83%)

H2
(0,30%)

D2
(-7,49%)

U3
(12,00%)

H3
(0,02%)

D3
(-5,03%)

Total
Profit [%]

ExEA. (10%)

CoEA (10%)

CoEA (30%)

CoEA  (10%) + fund

ExEA (10%)

CoEA (10%)

CoEA (30%)

CoEA (10%) + fund

ExEA (10%)

CoEA (10%)

CoEA (30%)

CoEA (10%) + fund

Average:
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of +16,08% of the initial  capital.  Only three of the exam-
ined individuals  gained  lower profit  ratio (Fig 2) and  the 
averaged profit ratio is significantly higher (+39,13%).

The highest profits were turned by individuals trained on 
period  H0.  Their  average  profit  (+57,44%) exceeds „buy-
and-hold” strategy almost four times. Much lower, but also 
acceptable  results  achieved  by individuals  trained  on  up-
trend period U0 – their average gained profit was +36,93%. 
The  worst  results  achieved  by the  individuals  trained  on 
downtrend  D0 – they earned  only +23,02%. Let's note that 
two of the three highest results achieved individuals gener-
ated by CoEA.

B. Long term tests

To examine generated rules' profit in long term we used 
long term tests. The best individuals were selected from pre-
cious tests and tested in 7 periods as follows:

F1:  183 quoat., 179 shares, WIG  +24,09%
F2:  100 quoat,  245 shares, WIG   +1,04%
F3:   83 quoat.,  74 shares, WIG  +10,12%
F4:  150 quoat., 133 shares, WIG  +22,87%
F5:  154 quoat., 186 shares, WIG  +23,25%
F6:  131 quoat.,  80 shares, WIG  -25,33%
F7: 1835 quoat.,  32 shares, WIG +107,42%

The rules results gained on long term tests are presented 
in  Table  V .  The  profit  ratio  of „buy-and-hold”  strategy 
gained in selected periods equals to +163,46%. In given test 
only 9 individuals reached the level of „buy-and-hold” prof-
it strategy. The rest of strategies turned lower profits (it is 
average +113,64%). 

The highest profits were turned by individuals trained in 
downtrend  D0,  where  the  average  profit  ratio  equals  to 
+179,98% and was about 25% higher than results of bench-
mark  „buy-and-hold”  strategy.  Much  lower  profits  were 
gained by individuals trained in uptrend period  U0.  Their 
average profit was +132,47%, but major contribution to this 
result was made by the individual no. 8 generated by CoEA 
in  uptrend  period  F7  (it  gained  +604,51%).  The  lowest 
profits were turned by individuals trained in the horizontal 
trend period  H0,  where profit equals to +28,48% on aver-
age.  

Let's analyze results details of the best individuals. Two 
of the three highest results were gained by individuals gen-
erated by the CoEA . The total profit ratio of the best indi-
vidual (see no. 8 in Table V ) equals to +624.92%. Unfortu-

nately this  individual  managed  well only in  uptrend  peri-
ods: it earned in  F3 (twice more than  WIG ),  F4 (slightly 
lower than WIG ), F5 ( on an equal footing with WIG ) and 
F7 . In the uptrend period F7 (as it is the longest of all ex-
amined  periods) the given individual  gained profit  almost 
six times (!) higher  than  the growth of the whole market, 
and such profit has a tremendous effect on total individual 
profit value. All profits from the other uptrend periods were 
neutralized by losses from other trend periods. Even so we 
can say that the individual done quite well. Its trading rules: 

BUY: (ROC(5) < 0.97 AND (DMA(5,20) > 4.45 OR (RSI(5) <  
9.86 OR RSI(5) < 71.12))) OR DMA(5,20) > 3.33

SELL: MACDO(12,26,9) > 5.81 

The individual buys shares while occurs  fall in prices at 
least 3% (ROC lower than 1,0), but shorter moving average 
value is greater that long one value (positive DMA value) – 
it means that trend is going to change and it is strong signal 
to buy. If  DMA does not satisfy condition there is analyzed 
RSI if it has a low value, what is connected to price decreas-
ing  in  last  sessions  (what  also  generates  a  strong  buy 
signal).  A  sell  rule  checks  a  moving  average  oscillator 
MACDO value and is interpreted as share price in last few 
sessions (a positive signal do sell).

The  second  individual  (see  no.  29  in  Table  V )  that 
gained the highest profit (+426,27%) was generated by the 
ExEA .   It  can be noticed that  this individual  also earned 
money only in  uptrend  periods,  where profits higher  than 
WIG it  turned  in  periods  F3 ,  F5 and  F7 .  In  horizontal 
trend and downtrend periods it yields losses. Trading rules 
of this individual are given below: 

BUY: INX < 38.50 AND ((RSI(10) < 2.40 
OR RSI(5) <40.69) OR RSI(5) < 49.77)

SELL:   (ROC(5) > 1.31 OR (RSI(10) > 65.16 
OR MACDO(12,26,9) > 2.10)) OR ROC(10) < 0.40

This individual also buys when price is relative low (RSI 
in 5 or 10 session is lower that  40,69 and 2,40). Unfortu-
nately,  the  individual  takes  into  consideration  price  of 
share, what can be connected to the unprofitable overfitting 
data  effect.  The  sell  rule  checks  ROC if prices are  rising 
rapidly - about +31% within 5 session and if RSI is close to 
its "repurchase level” (it is possible a growth limit) and also 

 

Fig 2: Test results (% return of initial capital) of best individuals gained in short time test
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positive value of MACDO oscillator (the shorter moving av-
erage is up to the long one) informing about the price up-
trend. The last condition (ROC(10)>0,40 - checks if price in 
last 10 session has decreased more than 60%) is discussable 
because can generate sell signal not in due time (our experi-
ments have confirmed that). 

The trade strategy of above individual  it  is strongly de-
pended on share index value, what gives excessive adjust-
ment  to  selected  shares,  what  decrease  its  generalization 
ability and investing in other periods. 

The third selected individual from the highest profits was 
turned by an individual (see no. 31 in  Table V , generated 
by CoEA ) earned +249,12%. This individual managed very 
well in uptrend periods ( F1 , F3 and F5 ), but its results in 
periods  F2 and  F6 are considerable losses. In period F4 in 
spite of market growth it wasn't able to yield any profit, but 
in the longest test period F7 it turned a profit of +136,69% 
(in which market rose by +107,42%). Trading rules of this 
individual are as follow: 

BUY: INX < 3.48 AND MACDO(12,26,9) < 10.21

SELL: RSI(10) > 66.27 OR ROC(10) > 1.37

The above individual  buys shares cheaper than 3,48 but 
only when MACDO>10,21 what makes this indicator usage 
rather discussable. The 'sell' signal is generated when share 
is  is very close to its "repurchase level” (RSI says that it is 
possible  a  growth  limit)  or  the  price  has  increased  more 
than +37% in the last 10 sessions. This individual also uses 
price value in its rule what may cause decrease a rule gener-
alization quality (buys only 'cheaper'  shares). On the other 
hand, this can be sort of trade specialization. 

IV. SUMMARY

In  the current  stage of the project its  results  show that 
evolutionary  algorithm  it  is  an  efficiency tool  for  useful 
knowledge discovery in stock market data. Our research re-
sults presented in previous section proves that it is possible 
to generate  a  trade  strategy 'better'  that  benchmark  “buy-
and-hold” strategy.

The same tests results  show also some of our approach 
disadvantages - standard deviation of profits is high, and we 
suppose that  EA stacks in  local  optima and cannot search 
the problem solution space in efficiency way. The tremen-
dous impact into EA efficiency has training period type se-
lection, and we cannot say definitely which trade strategy is 
'the best', so this is the main reason why strategies generat-

TABLE V. LONG TIME TEST RESULTS OF BEST INDIVIDUALS

 

No.

U0

EA 1 24,94 -23,41 10,07 4,72 30,28 -31,96 129,32 143,96

2 -5,78 -18,36 8,06 16,28 22,76 -20,69 27,35 29,62

EA + fund 3 60,54 -1,82 1,76 2,41 26,24 -21,54 124,23 191,82

4 17,13 -6,11 -5,24 9,31 18,91 -34,05 -22,82 -22,87

5 62,03 -7,53 6,9 0,83 46,79 -31,34 20,78 98,46

6 -3,72 -13,65 17,53 -9,91 25,69 -33,15 0,66 -16,55

7 15,64 -12,7 2,36 3,55 30,75 -13,96 27,43 53,07

8 -0,36 -18,57 20,95 16,43 24,32 -22,36 604,51 624,92

9 15,66 -24,7 -5,9 1,96 49,98 -24,23 122,77 135,54

10 6,15 -16,32 5,66 18,87 39,81 -19,6 45,74 80,31

11 61,31 3,12 -12,15 1,78 10,87 -39,01 61,67 87,59

12 26,52 -6,05 -7,27 -1,92 112,25 -39,9 100,16 183,79

H0

EA 13 23,98 -1,41 6,09 10,63 38,54 -12,34 -24,97 40,52

14 -2,15 -3,83 5,72 20,01 52,82 -30,74 2,18 44,01

EA + fund 15 -4,85 -7,45 7,93 8,02 20,24 -20,93 9,81 12,77

16 0,02 -4,6 9,33 4,09 19,37 -26,25 16,28 18,24

17 -3,98 -3,55 4,28 9,9 33,05 -19,73 -2,99 16,98

18 2,32 -1,41 5,15 11,11 47,4 -8,56 -39,15 16,86

19 -12,49 -7,45 8,24 6,67 15,52 -21,08 79,16 68,57

20 19,51 5,43 7,43 9,34 3,28 -24,25 1,96 22,7

21 18,77 4,76 -0,23 0,67 52,96 -12,11 1,06 65,88

22 0,41 -1,71 3,33 10,04 35,98 -12,83 -29,37 5,85

23 3,86 -7,45 8,36 16,86 21,62 -22,46 4,16 24,95

24 -14,94 7,64 4,96 11,86 32,36 -13,22 -24,19 4,47

D0

EA 25 94,17 -15,5 14,24 0,7 55,48 -38,32 -39,83 70,94

26 26,28 8,38 23,18 4,83 23,62 -23,96 136,94 199,27

EA + fund 27 11,13 6,57 31,42 21,47 37,2 -27,47 128,65 208,97

28 29,95 -15,36 15,01 11,54 33,58 -32,91 20,91 62,72

29 19,73 -24,46 21,45 14,51 40,51 -26,02 380,55 426,27

30 27,79 -8,72 31,96 9,69 43,33 -31,4 106,99 179,64

31 88,36 -21,2 22,47 0,51 58,72 -36,43 136,69 249,12

32 -4,6 -15,36 22,87 20,78 32,67 -30,75 187,28 212,89

33 19,46 -20,64 20,17 0,51 0,4 -29,98 167,87 157,79

34 31,17 -16,17 19,66 11,42 31,1 -29,05 20,91 69,04

35 -27,69 -20,88 14,54 -11,3 135,24 -2,98 20,22 107,15

36 -3,79 -4,94 29,51 28,36 32,92 -24,7 158,59 215,95
113,64

WIG: 163,46

Training
Period

Algorithm
type

F1
(24,09%)

F2
(1,04%)

F3
(10,12%)

F4
(22,87%)

F5
(23,25%)

F6
(-25,33%)

F7
(107,42%)

Total
Profit [%]

ExEA. (10%)

CoEA (10%)

CoEA (30%)

CoEA  (10%) + fund

ExEA (10%)

CoEA (10%)

CoEA (30%)

CoEA (10%) + fund

ExEA (10%)

CoEA (10%)

CoEA (30%)

CoEA (10%) + fund

Average:
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ed in given stage of project are rather risky to usage in real 
world applications by a beginner investor. It can be consid-
ered as tool for experienced investor as a inspiring and use-
ful  decision  support  tool.  It  is  worth  to  noticing  that  the 
generated trade rules use indicators properly and in efficient 
way. 

To increase efficiency of presented approaches we are go-
ing  to include more  specific technical  indicators  (such  as 
oscillators  or  rankings,  e.g. RSI to  make  it  independent 
from current  value)  to  discover  more  generalized  trading 
rules. Also a set of indicators can be extended by some vol-
ume indicators (e.g. OBV ) and removing a price indicators 
to avoid 'overlearning' and overfitting' the data (a trade rule 
is not general  and buys only a 'favorite'  company shares). 
Also promising way for improvement of our approach effi-
ciency can be additional set of indicators that describes only 
trends in price/volume. Another proposition of indicator set 
extensions  is  including  more  fundamental  indicators  be-
cause presented version of our approach includes only five 
of them. 

There are some inspiring EA research directions, such as 
specialized genetic operators including a local search or hill 
climbing method (in Baldwin effect), a rule pruning opera-
tor or hybrid approaches that links  EA with other artificial 
intelligence  tools such  artificial  neuronal  networks or  ex-
tend rule by fuzzy logic sets. 

We suppose also that  some our implementation assump-
tions causes indirectly  EA  search constraints,  e.g.  only 10 
positions in portfolio and asking about buy/sell transaction 
of given share in alphabetical order (this promotes unneces-
sarily some shares).  Thus  limits  company share  selection 
and  decrease efficiency portfolio management. Also in our 
approach we are not consider any risk aspects (such as com-
pany size,  economy branch  or  other  connections  between 
companies) or portfolio diversification. They are very inter-
esting further research directions. 
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