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Classification  is a  major  research  field  in pattern  recognition  and  many  methods  have  been  proposed
to  enhance  the  generalization  ability  of classification.  Ensemble  learning  is  one of  the methods  which
enhance  the  classification  ability  by  creating  several  classifiers  and  making  decisions  by  combining  their
classification  results.  On  the  other  hand,  when  we  consider  stock  trading  problems,  trends  of  the  markets
are  very  important  to decide  to buy  and  sell  stocks.  In this  case,  the  combinations  of  trading  rules that  can
adapt to various  kinds  of  trends  are  effective  to judge  the  good  timing  of  buying  and  selling.  Therefore,
in  this  paper,  to enhance  the performance  of  the  stock  trading  system,  ensemble  learning  mechanism  of
volutionary computation
ule-based algorithm
ulti-layer perceptron

rend judgment
tock trading

rule-based  evolutionary  algorithm  using  multi-layer  perceptron  (MLP)  is  proposed,  where  several  rule
pools  for  stock  trading  are created  by rule-based  evolutionary  algorithm,  and  effective  rule pools  are
adaptively  selected  by  MLP  and  the  selected  rule  pools  cooperatively  make  decisions  of  stock  trading.  In
the  simulations,  it is clarified  that  the  proposed  method  shows  higher  profits  or  lower  losses  than  the
method  without  ensemble  learning  and  buy&hold.

© 2015  Elsevier  B.V.  All  rights  reserved.
. Introduction

Stock markets are quite complicated real world environments
here a huge number of factors influences the movement of the
arkets. Basically, there are two methods to predict the trends of
arkets and decide the timing of buying and selling stocks, i.e., fun-

amental analysis and technical analysis. Fundamental analysis is
ased on the financial statement reported by companies, economic
rends of domestic and international environments, international
elationships, and so on. Technical analysis is based on numeri-
al analysis using the past movement of the stock prices, where
any technical indexes such as moving average, golden cross,

ead cross, etc. are used for stock trading decisions. Stock trading
odels and stock price prediction based on computational intel-

igence basically belong to technical analysis, and many methods
sing softcomputing and machine learning algorithms such as neu-
al networks [1], genetic algorithms [2], genetic programming [3],

upport vector machines [4] have been proposed. The proposed
ethod in this paper also belongs to technical analysis.

∗ Corresponding author. Tel.: +81 836 85 9519; fax: +81 836 85 9519.
E-mail address: mabu@yamaguchi-u.ac.jp (S. Mabu).

ttp://dx.doi.org/10.1016/j.asoc.2015.07.020
568-4946/© 2015 Elsevier B.V. All rights reserved.
Due to the high complexity of stock markets, it is very difficult
for single centralized system to represent and predict the move-
ments of the markets because a huge number of rules covering
the possible situations must be contained. Divide and conquer is
a famous concept to solve a complicated problem by dividing it
to several small problems [5]. Several expert programs for each
small problem cooperatively solve their target problems, which
contributes to making the whole system be compact. In the research
of pattern recognition, many methods based on divide and con-
quer have been proposed to enhance the generalization ability of
classification. One of the famous mechanisms is ensemble learning,
where several classifiers are created and the classification is made
by combining the results generated by the classifiers. Bootstrap
aggregating (Bagging) [6] is one of the ensemble learning meth-
ods which creates several classifiers using bootstrapping samples
[7], and makes classification by a majority vote. Adaptive boosting
(AdaBoost) [8] creates several classifiers one by one considering
the learning results of the previous classifiers. AdaBoost gives large
weights on misclassified data and small weights on correctly classi-
fied data, therefore, the classifiers created later phase will execute

learning concentrating on the misclassified data. Random forests
[9] enhances Bagging algorithm and creates several decision trees
by randomly selecting the fixed number of attributes for learning.
In this paper, to apply the concept of ensemble learning to a stock

dx.doi.org/10.1016/j.asoc.2015.07.020
http://www.sciencedirect.com/science/journal/15684946
www.elsevier.com/locate/asoc
http://crossmark.crossref.org/dialog/?doi=10.1016/j.asoc.2015.07.020&domain=pdf
mailto:mabu@yamaguchi-u.ac.jp
dx.doi.org/10.1016/j.asoc.2015.07.020
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programs, that is, GNP with reinforcement learning (GNP-RL) [11].
The feature of GNP-RL is that there are several subnodes in each
judgment and processing node (Fig. 2). Each subnode has its own
function and Q-value [24], and in the node transition, reinforcement
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rading model, an algorithm that selects good combinations of clas-
ifiers by multi-layer perceptron (MLP) considering the trends of
tock markets is proposed.

In the proposed method, a large number of stock trading rules
ombining technical indexes are extracted by a graph based evo-
utionary algorithm named genetic network programming (GNP)
10,11]. GNP has been proposed to create programs mainly for
ynamic environments using directed graph structures. Directed
raph structures have some advantages comparing to tree struc-
ures used in genetic programming (GP) [12], for example, compact
tructures, repetitive process generation, and adaptability to non-
arkovian process. GNP has three basic components: start node,

udgment node and processing node, and combines them to make
any if-then rules. There have been studies on knowledge extrac-

ion from data and representing the extracted knowledge as if–then
ules. For example, in [13], a knowledge extraction method using
robabilistic and fuzzy logical reasoning is proposed to generate

f–then rules, and in [14], if–then rule extraction method from noisy
ime series data is proposed. The unique points of the proposed

ethod in this paper are the if–then rule extraction utilizing the
istinguished representation abilities of graph structures and its
xtension using MLP  for realizing effective ensemble learning.

GNP has been applied to many applications such as elevator
roup supervisory control systems [15], data mining [16,17], net-
ork intrusion detection systems [18], stock trading models [19].

he algorithm used in this paper is a rule-based GNP [20] which
xtracts a large number of rules through the evolutionary process.
eneral evolutionary computation basically aims to evolve indi-
iduals, and the best individuals obtained in the last generation
ecome the solutions to the problems. However, rule-based GNP
xtracts rules from the elite individuals every generation, there-
ore, the rule extraction is carried out by all the elite individuals
hroughout the generations. This is the different point from the
eneral framework of evolutionary computation.

In the rule extraction using GNP, the training period is divided
nto several sub-periods, and the expert rules for each sub-period
re generated separately, which results in making several rule
ools, i.e., classifiers, for ensemble learning. Then, MLP  is used to
alculate the similarity degrees of the stock data in the testing
hase to the sub-periods in the training phase. In summary, MLP
ffectively selects good rule pools for stock trading in the current
ituation according to the similarity/matching calculation between
raining and testing data. The combination of rule-based decision

aking model, where a large number of rules are contained for
dapting to various kinds of situations, and the automatic rule pool
classifier) selection by MLP  can effectively make trading decisions.

There have been many studies on financial trading systems
sing artificial neural networks, evolutionary computation, opti-
ization algorithms and so on. In [21], particle swarm optimization

PSO) is applied to the decision making in stock trading prob-
ems. PSO optimizes the weights on several technical indexes using

ulti-objective evaluation functions. In [22], an artificial neural
etwork (ANN) is applied to a model that predicts future trading
ignals. In addition, a dynamic threshold method is proposed to
udge whether the trading signals generated by ANN satisfy the
onditions of buying or selling decisions. In [23], gene expression
rogramming (GEP) is applied to the trading on mutual funds. GEP

s an evolutionary algorithm which extends GP by using linear gene
tructures, and can explicitly represent trading rules by evolved
ree structures. Comparing to the above methods, there are differ-
nt features in the proposed method. First, the proposed method
xtracts a large number of association rules and stores them in

he rule pools, therefore, various kinds of knowledge on the stock

arket movements can be saved for decision making. Both the pro-
osed method and GEP [23] can explicitly represent trading rules,
owever, the proposed method is a rule-based system, while GEP
uting 36 (2015) 357–367

is a tree structure-based system. ANN model [22] shows distin-
guished generalization ability to predict trading signals, but it is
a black box model, thus it is difficult to explicitly show the rules
of buying and selling decisions. Second, the proposed method uses
only the important rules for the decision in the current situation
by introducing an ensemble learning with MLP. In [21], PSO deter-
mines the importance of each technical index by adjusting weights,
but it does not adapt to the changes of the trends in stock markets.

This paper is organized as follows. Section 2 reviews the rule
extraction algorithm using rule-based GNP. Section 3 explains the
rule pool generation and how to make MLP  for selecting good
rule pools depending on the stock market conditions. Section 4
introduces the simulation environments of the stock trading and
analyzes the simulation results, and finally Section 5 is devoted to
conclusions.

2. Review of rule-based genetic network programming

GNP has been proposed as an extension of GP in terms of the
gene structure [11]. The gene structure of GNP is represented by a
directed graph, which shows some advantages over tree structures
of GP such as reusability of nodes, compact structure and decision
making considering past events. In this section, the representation
of the programs, how to execute and evolve the programs, and
how to make rule pools are explained. More detailed explanation
is described in [19].

2.1. Basic structure

The basic program structure is shown in Fig. 1, where there
are three major components: start node, judgment node and
processing node. Each judgment node has a if–then branch deci-
sion function and each processing node has an action function. In
the stock trading problem, for example, the judgment nodes in Fig. 1
examine technical indexes generally used in the technical analysis
and select one branch to the next node according to the judgment
result such as {A = high, B = low}. The processing nodes determine
buying and selling actions. The role of the start node is to deter-
mine the first node to be executed. Therefore, the node transition
starts from the start node, and judgment and processing nodes are
sequentially executed according to the connections between nodes.
If the connections are optimized by the evolutionary algorithm,
good action rules can be obtained.

In this paper, an extended structure of GNP is used to make
judgment results
B

10 11 12

Fig. 1. Basic structure of GNP.
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Fig. 2. (a) Judgment node an

earning selects one subnode based on ε-greedy policy. GNP-RL
ffectively creates programs by using reinforcement learning and
volution (explained later).

.2. Node transition and reinforcement learning

In this paper, Sarsa [24] is used as the reinforcement learning
lgorithm of GNP-RL. The reason why we select Sarsa is that on-
olicy algorithm (Sarsa) is effective to optimize state transitions
onsidering the effect of ε-greedy policy.

The node transition of the graph program is carried out as fol-
ows. If the current node is a judgment node, one of the subnodes
n the current node is selected according to ε-greedy policy. After
xecuting the function of the selected subnode, the current node
s transferred to the next node according to the judgment result
A or B in Fig. 2). If the current node is a processing node, one of
he subnodes is selected by the same way as judgment nodes. After
xecuting the function of the selected subnode, the next node is
etermined by the connection from the subnode. This reinforce-
ent learning framework using graph structure corresponds to

he general reinforcement learning, that is, each node is defined
s “state” and the selection of a subnode is defined as “action”, and
he state transition will be optimized. Every node transition, Q value
s updated by Sarsa algorithm as follows.

ip ← Qip + ˛(r + �Qjq − Qip), (1)
here Qip shows the Q value of the selected subnode p at node i,
jq shows the Q value of the selected subnode q at the next node j,
nd r is a reward obtained after executing node i. ˛(∈ (0, 1.0]) is a
earning rate, �(∈ [0, 1.0]) is a discount rate.

RSI RO

G/D RC
A

B

G/D=A RCI=

RSI=B ROC=

Rule representat

elite individual

Fig. 3. Rule repre
(b)

processing node structures.

2.3. Evolution

Evolution is realized by crossover and mutation. In the
crossover, two  individuals are selected as parents by tournament
selection [25], then randomly selected nodes with the probability
of Pc are exchanged between two parents. In the mutation, one indi-
vidual is selected by tournament selection, then randomly selected
node branches with the probability of Pm are re-connected to other
nodes. In addition, randomly selected node functions with the prob-
ability of Pm are also changed to other functions. More detailed
explanation is described in [11].

2.4. Rule pool generation

As described in Section 1, the different concept from general
evolutionary algorithms is adopted in the rule pool generation.
General evolutionary algorithms aim to evolve individuals and
the elite individual obtained in the final generation becomes the
solution of the problem. However, in the rule pool generation of
GNP-RL, a large number of rules are extracted by the elite individ-
uals throughout the generations.

Here, a rule used in this paper is defined. Let {X1, X2, X3, . . . }
be input attributes, and {Y} be a decision class attribute. Then, for
example, the following rule can be generated.

If X1 = A and X2 = B and X3 = C, Then Y = D,
where, A, B, C and D show the attribute values. If the antecedent
part of this rule is satisfied, that is, the current situation is “X1 is A,
X2 is B, and X3 is C”, then the decision is made by the consequent
part of the rule, that is, “Y must-be D”.

C
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Table 1
Calculation periods of the technical indexes [day].

Technical index Calculation period

Period 1 Period 2 Period 3

Rate of deviation (ROD) 5 10 25
Relative strength index (RSI) 5 10 25
Rate of change (ROC) 5 10 25
Volume ratio 5 10 25
Stochastics 5 10 25
Rank correlation index (RCI) 5 10 25

Technical index Calculation period

Golden/dead cross 5 (short term), 25 (long term)
MACD (moving average convergence 5 (short term), 25 (long term), 9 (signal)

i
(
s
a

r
p
a

divergence)
Candle chart –

Every generation, the node transition of the elite individual
s saved, and rules are extracted as shown in Fig. 3, where G/D
golden/dead cross), RCI (rank correlation index), RSI (relative
trength index), ROC (rate of change) and ROD (rate of deviation)
re the technical indexes (input attributes) shown in Table 1.
A rule consists of successive judgments with their judgment
esults (antecedent part) and the resulting processing (consequent
art). In the stock trading problem dealt with in this paper, the
ntecedent part consists of technical indexes of stocks, and the

time
(day)

X1 X2 X3 X4 X5

t
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A A A A B
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Fig. 4. An example of rule extrac
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consequent part shows buying or selling action. In addition, rule
pools are prepared for each consequent, that is, buying rule pool
and selling rule pool are prepared. If the same rules which have
been already stored in the rule pools are extracted by the elite indi-
viduals in other generations, such rules are not stored in the rule
pools again.

In order to clearly show the rule forming mechanism, the rela-
tion between a program (graph structure) of GNP-RL and the rule
extraction is explained using an example shown in Fig. 4. The table
in Fig. 4 shows an example of data at time t, t + 1 and t + 2, and the
three graph structures in Fig. 4 show the node transitions executed
at time t, t + 1 and t + 2, respectively. At time t, the node transi-
tion starts from the start node and the current node transfers to
the next node X1. The value of X1 is A according to the table, thus
the branch A is selected and the current node transfers to the next
node X2. As the same way as the previous node, the attribute value
of X2 is checked in the table (X2 = A), then the branch A is selected
to transfer to the next node X3. After checking the value of X3, the
current node transfers to the node “Y = buy”, thus the action “buy”
is decided at time t. As a result, a rule “If X1 = A and X2 = A and X3 = A,
Then Y = buy” is generated. At time t + 1, the node transition contin-
ues from the last node used at time t and a new rule is generated.

The node transitions at time t + 1 and t + 2 and their corresponding
rules are also shown in Fig. 4. After finishing a task, all the gener-
ated rules are stored in the buying rule pool and selling rule pool.
However, as described before, the rule extraction is executed by the
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Fig. 5. An example of training period division.

lite individual (obtaining the highest profit in the stock trading)
n each generation.

. Proposed method: ensemble learning using MLP for
electing rule pools

This section explains how to make several rule pools for adapt-
ng to many kinds of stock market situations, and how to realize
nsemble learning using MLP. The points of this paper are to create

everal rule pools (classifiers) where a large number of rules for
dapting to various kinds of situations are stored, and the best sets
f the rules are selected by MLP  depending on the stock market
onditions. As a result, the combination of the rule-based decision
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making model and ensemble learning using MLP can generate
trading signals effectively.

3.1. Rule pool generation for various situations

Suppose that stock price data of three years are used as train-
ing data, and the whole period of the training data is divided into
several sub-periods. For example, when the training data is divided
every 50 days, the stock data in 2008–2010 in Tokyo stock exchange
in Japan can be divided into 15 sub-periods (Fig. 5). Then, the
rule extraction is carried out for each sub-period separately. First,
graph programs evolve for 50 generations using the data of the
first sub-period and the rules are stored in the rule pools for the
first sub-period. After finishing 50 generations, the training data
is changed from the first to second sub-period, and the program
evolution continues and the extracted rules are stored in the rule
pools for the second sub-period. The same procedure is repeated
until the evolution and rule extraction for the last sub-period finish.
As shown in Fig. 5, one set of rule pools is generated for each sub-
period and the number of rule pool sets is the same as the number
of sub-periods.

3.2. MLP structure and learning

First, the concept of the proposed ensemble learning is
reviewed. In fact, there are various trends in the stock markets,
thus it is very difficult to deal with all the trends using only one
set of rules. Therefore, in this paper, the whole training period
(data) is divided into 15 sub-periods and 15 sets of rules which
well deal with each sub-period are created, which means that each

set of rules is an expert rule set on the corresponding sub-period,
i.e., trend. Then, the role of MLP  is explained. Fig. 6 shows three
layered perceptron and its relation to the rule pools. In this paper,
MLP  is used as a classifier, where the inputs are the values of

..

xes)

outputs
(weights on rule pools)

x21

y15
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...g
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Fig. 7. Examples of th

echnical indexes, and the outputs are the similarity values (used
s weights) to each trend (rule pool set). The learning of MLP  is
mplemented in such a way that the output value of output node
1”, i.e., y1, becomes high (and other values y2–y15 become low)
hen the input data belong to sub-period “1” (Fig. 7 (a) left-side),

he output of node “2”, i.e., y2, becomes high (and other values
1, y3–y15 become low) when the input data belong to sub-period
2” (Fig. 7(a) right-side), and so on. As a result, the output values
ndicate the similarity degrees to each trend, thus in the testing,

e can use them as weights on the sets of rules, where the expert
ule sets on the current trend have large weights on the decision
aking (Fig. 7(b)). The uncertainty of the decision making process

an be decreased by avoiding using rules that are not matched with
he current stock market situation. In addition, the reason why we
elected MLP  for the proposed ensemble learning method is that
LP has high generalization ability for unknown data patterns. In

act, even if the MLP  is trained using enough number of training
ata, there are possibilities that unknown input patters are given
n the testing phase. In this case, the generalization ability of MLP
orks well for generating effective outputs.

The technical indexes used as inputs in this paper are shown
n Table 1. In Table 1, eight kinds of technical indexes are shown,
ting

 training and testing.

however, six indexes (ROD, RSI, ROC, volume ratio, Stochastics and
RCI) among the eight indexes are calculated using three kinds of
calculation periods, thus 18(= 3 ×6) index values are generated.
Other three kinds of indexes, i.e., Golden/Dead cross, MACD and
candle chart, generate just one value, respectively. Therefore, the
total number of index values becomes 21(= 18 + 3). The number of
outputs of MLP  is 15 that is the same as the number of rule pool
sets, and the learning of MLP  is carried out by back propagation
algorithm [26]. The teaching signals for the learning of MLP  are
given as follows. For example, if one training data belongs to
sub-period “2”, the teaching signals for 15 outputs are {t1, t2,
t3, t4, . . .,  t15} = {0, 1, 0, 0, . . .,  0}. As a result, when the testing
data is fed into the learned MLP, MLP  generates outputs yp ∈ [0.0,
1.0] (1 ≤ p ≤ 15) that show the weights on each rule pool set. Error
function for the learning is as follows.

E = 1
2

P∑
(yp − tp)2, (2)
p=1

where p is the p-th output, and P is the total number of outputs.
Activation function of hidden and output units is a standard sigmoid
function [27].
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150
00 199
00 293
,000 525

00,000 628
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.3. Trading decisions by weighted majority

.3.1. Definition of matching
First, the matching of data d with rule r is defined as follows.

atch(d, r) =
{

1 if matching

0 otherwise
(3)

If data d (technical indexes on a certain day) is completely
atched with the antecedent part of rule r, Match(d, r) becomes

.
Second, the average matching of data d with all the buying rules

n rule pool set p (p-th sub-period) and that with all the selling rules
n rule pool set p are calculated as follows.

p,c(d) = 1
|Rp,c |

∑
r∈Rp,c

Match(d, r), (4)

here c ∈ {buy, sell} shows the rule pool types: buying or selling,
nd Rp,c is a set of rules of type c in rule pool set p.

Next, a set of rule pools p that show “mp,buy(d) ≥ mp,sell(d)”
s defined as Pbuy, and a set of rule pools that show
mp,sell(d) > mp,buy(d)” is defined as Psell. Then, the scores of buying
nd selling for data d are calculated by Eq. (5).

corec(d) =
∑
p∈Pc

yp(d), c ∈ {buy, sell} (5)

here yp is the p-th output of MLP  when data d is fed into MLP  as
nputs.

Finally, a buying and selling decision is made as follows.

. Simulations

.1. Simulation environments

The simulation environments of the stock trading are described
n this section. In the simulations, 16 companies are selected from
he first section of Tokyo exchange in Japan. The selected companies
re Japanese leading companies with large market capitalization

Table 2
Transaction cost

Buying/selling

1–100,000 

100,001–200,0
200,001–500,0
500,001–1,000
1,000,001–1,5
1,500,001–30,
30,000,000– 

Simulation

• Training: Ja
• Testing: Jan

We suppo
The transacti
refers to (C)S
of the Japanes
ing, transacti
Therefore, it 

stock trading
istic simulati
considered, fo

4.2. Simulatio

The param
and MLP  are
mined exper

computation
individuals is
generated by
The number o
nodes and 20
the node func
also randoml
number of in
technical inde
nd high liquidity. The simulations are divided into training phase
nd testing phase, and the following two simulation periods are
onsidered.

Simulation period 1:

Training: Jan. 4, 2007–Dec. 30, 2008
Testing: Jan. 4, 2010–Dec. 30, 2010
000,000 994
1050

 period 2:

n. 4, 2008–Dec. 30, 2010
. 4, 2011–Dec. 30, 2011

se that the initial funds are five million Japanese Yen.
on costs are considered as shown in Table 2 which
BI Securities Co., Ltd. (https://www.sbisec.co.jp/), one
e Internet securities companies. In the real stock trad-
on cost has to be paid every buying and selling time.
is important for the performance evaluation of any

 models to consider transaction cost and execute real-
ons. The transaction lots in the real market are also
r example, one unit of stocks of Toyota motor is 100.

n conditions

eters used in the learning and evolution of GNP-RL
 shown in Table 3. These parameters are deter-

imentally considering the fitness improvement and

al time in the training phase. The total number of
 301 containing one elite individual, 179 individuals

 mutation and 120 individuals generated by crossover.
f nodes is 61 containing one start node, 40 judgment

 processing nodes. When initializing the population,
tions are randomly assigned and the connections are
y determined. Q values are initialized at zero. The
puts of MLP  is 21 that corresponds to the number of
x values calculated by stock prices, and the number of

outputs is 15 that corresponds to the number of rule pool sets. The
number of learning iteration is 10,000 where one iteration means
one set of learning for all the training data.

Eqs. (6) and (7) show the reward function used in the reinforce-

ment learning, and the fitness function used in the evolution of
GNP-RL, respectively.

Reward = Selling price − buying price, (6)

https://www.sbisec.co.jp/
https://www.sbisec.co.jp/
https://www.sbisec.co.jp/
https://www.sbisec.co.jp/
https://www.sbisec.co.jp/
https://www.sbisec.co.jp/
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Table 3
Simulation conditions.

GNP-RL

The number of individuals 301
The number of nodes 61
The number of generations 3000
Crossover rate Pc 0.1
Mutation rate Pm 0.02
˛  0.1
�  0.4
ε  0.1

MLP

The number of inputs 21
The number of outputs 15
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hich shows the profit of one set of trades, i.e., one time buying
nd one time selling.

Fitness function is,

itness = Total profit in the training period. (7)

Table 4 shows the technical indexes used in the simulations and
he judgment results obtained by their values. For example, if the
alue of rate of deviation is 0.01, the judgment result becomes “C”,
hich means that the judgment node of rate of deviation selects

ranch “C”. The judgment result of candle chart is determined by
he eight candle patterns shown in Fig. 8 [19].

.3. Simulation results

The stock trading simulations are carried out for each stock
ndependently, and the simulation for each stock is repeated 30
imes. Therefore, the values shown in the simulation results are
he average over 30 independent simulations.

.3.1. Training results
Fig. 9 shows the accumulated number of rules through the gen-

rations. As the generation goes on, the number of rules increases
nd finally the number of buying rules becomes 2829 and that
f selling rules becomes 2771. Fig. 10 shows the changes of the
ean error in the MLP  training using the data of Mitsui & Co. in
008–2010. The mean error at each iteration is obtained by cal-
ulating the mean value of E (Eq. (2)) for all the stock data in
008–2010 (733 data). The testing simulations in the next section
re carried out by using the extracted rules and the learned MLP.

pattern 1

gap

pattern 2

gap

pattern 3 pattern 4

pattern 5

gap

pattern 6

gap

pattern 7 pattern 8

yesterday
the day before yesterday

highest price

lowest price
opening price

closing price

highest price

lowest price

opening price

closing price

Fig. 8. Candle patterns.
Fig. 9. The number of extracted rules (Toyota motor in 2008–2010).

4.3.2. Testing results
First, the testing results obtained in simulation period 1 (testing

year: 2010) are explained. In Table 5, the profits [Japanese yen] (and
profit rates [%]) obtained by the three methods (ensemble GNP-RL,
GNP-RL without ensemble learning and buy&hold) for 16 stocks
(cases) are shown. Buy&hold buys stocks as much as possible at
the beginning of the testing year and sells all the stocks at the end
of the year. Buy&hold is considered as a benchmark of the market
which shows the changes of the stock prices in the target year. Each
profit obtained by ensemble GNP-RL or GNP-RL without ensemble
learning in Table 5 is the average over 30 independent simulations.
The profits obtained by buy&hold are calculated by the stock prices
at the beginning and end of the testing period (therefore, the profits
are not the average values because they are calculated by one fixed
data, respectively).

When the average values are compared between the methods,
statistical analysis is very important to show the significant differ-
ence in the average values, thus t-test between ensemble GNP-RL
and GNP-RL without ensemble learning is carried out, and the p-
values are also shown in Table 5. If the p-value is less than the
threshold (here, 5[%]), we can say that there is a significant differ-
ence in the average values between the two methods. In the row
of “Toyota Motor” in Table 5, for example, the proposed method
obtains the profit of −427,644 [yen] (profit rate is −8.6[%]); GNP-

RL without ensemble learning obtains the profit of -23,695 [yen]
(profit rate is -0.5); and the p-value is 1.4 × 10−1[%] (<5 [%]); thus
in this case, GNP-RL without ensemble learning is better. However,
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Fig. 10. Mean error in MLP training (Mitsui & Co. in 2008–2010).
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Table  4
Judgment results for each technical index and candle patterns.

Technical index Judgment result

A B C D E

1. Rate of deviation [− 1, − 0.1] (− 0.1, − 0.05] (− 0.05, 0.05) [0.05, 0.1) [0.1, ∞)
2.  RSI [0, 0.2] (0.2, 0.8) [0.8, 1] – –
3.  ROC [0, 0.9) [0.9, 1.1] (1.1, ∞)  – –
4.  Volume ratio [0, 0.3) [0.3, 0.7] (0.7, 1] – –
5.  Stochastics [0, 0.3] (0.3, 0.7) [0.7, 1] – –
6.  RCI [− 1, − 0.7] (− 0.7, 0.7) [0.7, 1] – –
7.  Golden/dead cross Golden cross Dead cross The other – –
8.  MACD Golden cross Dead cross The other – –
9.  Candle chart Each pattern in Fig. 8 corresponds to a judgment result

Table 5
Profits in the testing (2010).

Stock Ensemble GNP-RL profit
[yen] (profit rate [%])

GNP-RL w/o ensemble profit
[yen] (profit rate [%])

Buy&hold profit [yen]
(profit rate [%])

p-Value [%]†

Toyota Motor −427,644 (−8.6) −23,695 (−0.5) −793,988 (−15.9) 1.4 × 10−1

Mitsubishi Estate 25,773 (0.5) −707,231 (−14.1) 142,012 (2.8) 2.9 × 10−8

Showa Shell 216,260 (4.3) 581,832 (11.6) −138,488 (−2.8) 3.4 × 10−2

East Japan Railway −348,048 (−7.0) −156,987 (−3.1) −425,988 (−8.5) 2.3 × 10−1

NEC 539,855 (10.8) 129,563 (2.6) 166,012 (3.3) 3.3 × 10−1

Fuji Heavy Ind. 1,435,308 (28.7) 810,160 (16.2) 2,033,012 (40.7) 5.6 × 10−3

Sekisui House 519,351 (10.4) −213,359 (−4.3) −175,988 (−3.5) 4.8 × 10−6

Mitsui &Co. 1,082,589 (21.7) −518,425 (−10.4) 58,012 (1.2) 1.1 × 10−14

Sony 572,279 (11.4) −154,120 (−3.1) 433,612 (8.7) 5.1 × 10−4

Tokyo Gas −140,057 (−2.8) −165,605 (−3.3) −92,988 (−1.9) 37
KDDI  335,044 (6.7) −180,273 (−3.6) −195,988 (−3.9) 4.3 × 10−3

Tokyo Electric Power −516,877 (−10.3) −723,173 (−14.5) −724,388 (−14.5) 7.9 × 10−2

Daiwa House −169,019 (−3.4) 26,491 (0.5) 10,012 (0.2) 2.8
Nomura Holdings −748,102 (−15.0) −1,009,247 (−20.2) −1,161,188 (−23.2) 2.2
Shin-Etsu Chemical Co., Ltd. −503,804 (−10.1) −801,404 (−16.0) −780,488 (−15.6) 1.2 × 10−1

Nippon Steel Cooperation −425,055 (−8.5) −447,701 (−9.0) −1,067,988 (−21.4) 42

22,07

nsem

i
t
e
i
c
t
f
i

T
P

Mean  90,491 (1.8) −2

† p-value shows the result of t-test between ensemble GNP-RL and GNP-RL w/o e

n the row of “Mitsubishi Estate”, the proposed method obtains
he profit of 25,773 [yen] (profit rate is 0.5 [%]); GNP-RL without
nsemble learning obtains the profit of −707,231 [yen] (profit rate
s −14.1 [%]); and the p-value is 2.9 × 10−8 [%](<5[%]); thus in this
ase, the proposed method is better with significant difference. If

he p-value is 5 [%] or larger, it means that there is no significant dif-
erence between the two methods. In this way, the profits obtained
n the 16 cases can be analyzed, and we can find that the proposed

able 6
rofits in the testing (2011).

Stock Ensemble GNP-RL profit
[yen] (profit rate [%])

GNP-RL w
[yen] (pro

Toyota Motor −595,721 (−11.9) −933,57
Mitsubishi Estate −1,010,631 (−20.2) −215,84
Showa Shell −1,593,094 (−31.9) −682,28
East Japan Railway 175,603 (3.5) −485,56
NEC −1,381,768 (−27.6) −1,120,21
Fuji  Heavy Ind. −691,788 (−13.8) −1,503,14
Sekisui House −889 (−0.0) −572,32
Mitsui &Co. 429,705 (8.6) −385,43
Sony −799,497 (−16.0) −1,676,05
Tokyo Gas −58,697 (−1.2) −225,42
KDDI  −265,878 (−5.3) 977,68
Tokyo Electric Power −4,273,298 (−85.5) −3,758,94
Daiwa House −573,257 (−11.5) −154,34
Nomura Holdings −1,284,538 (−25.7) −2,191,79
Shin-Etsu Chemical Co., Ltd. −272,237 (−5.4) −240,48
Nippon Steel Cooperation −864,091 (−17.3) −1,160,78

Mean  −816,255 (−16.3) −895,53

† p-value shows the result of t-test between ensemble GNP-RL and GNP-RL w/o ensem
3 (−4.4) −169,676 (−3.4)

ble

method shows better profits than GNP-RL without ensemble learn-
ing in 10 cases out of 16, and almost the same results in two  cases.
The profits of buy&hold are not the average value, thus we  simply
compare the profits in Table 5 between the proposed method and
buy&hold. Then, the proposed method shows better profits than

buy&hold in 12 cases out of 16. Considering the above results, it is
clarified that the ensemble learning using MLP  enhances the per-
formance of GNP-RL. Especially, although the results of buy&hold in

/o ensemble profit
fit rate [%])

Buy&hold profit [yen] (profit rate
[%])

p-Value [%]†

4 (−18.7) −1,072,988 (−21.5) 5.8 × 10−1

9 (−4.3) −1,174,988 (−23.5) 3.5 × 10−4

9 (−13.6) −1,526,588 (−30.5) 1.4 × 10−3

5 (−9.7) −429,488 (−8.6) 2.7 × 10−3

7 (−22.4) −1,841,988 (−36.8) 1.7
9 (−30.1) −1,219,988 (−24.4) 4.2 × 10−8

2 (−11.4) −943,988 (−18.9) 4.2 × 10−4

5 (−7.7) −505,988 (−10.1) 1.7 × 10−6

0 (−33.5) −2,544,388 (−50.9) 7.4 × 10−4

5 (−4.5) −144,988 (−2.9) 5.0
6 (19.6) 233,212 (4.7) 2.9 × 10−8

9 (−75.2) −4,533,787 (−90.7) 1.0 × 10−1

7 (−3.1) −353,988 (−7.1) 3.2 × 10−4

3 (−43.8) −2,766,488 (−55.3) 2.8 × 10−3

0 (−4.8) −766,488 (−15.3) 39
1 (−23.2) −1,665,988 (−33.3) 1.4

4 (−17.9) −1,328,682 (−26.6)

ble
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ig. 11. An example of the changes of total asset in the testing phase (Mitsui & Co.
n  2010).

ome cases (Showa shell, Sekisui house, KDDI) show negative pro-
ts, that is, the market is down trend, the proposed method shows
he positive profits.

Next, the testing results obtained in simulation period 2 (test-
ng year: 2011) are explained. Table 6 shows the profits [Japanese
en] (and profit rates [%]) obtained by the three methods and the
esults of t-test between the proposed method and GNP-RL with-
ut ensemble learning. In this year, the big earthquake in the east
apan occurred, therefore, the stock market showed high volatility
nd the strong downtrend was induced. In Table 6, the proposed
ethod shows higher profits or lower losses than GNP-RL without

nsemble learning in nine cases with significant differences, and
lmost the same results in one case. The proposed method shows
igher profits or lower losses than buy&hold in 13 cases. As the
esults of buy&hold show, the big downtrend causes large losses,
owever, the proposed method can reduce the losses and make pro-
ts in some cases, therefore, the total losses become lower than the
ther methods. Nevertheless, it is still very difficult situation for the
tock trading in 2011 because the earthquake is an unpredictable
henomenon and quick response to the abnormal situation is still
ery difficult. Therefore, to make trading rules considering various
inds of risks would be one of the future research for creating secure
odels.
Fig. 11 shows an example of the changes of total asset obtained

y the proposed method and buy&hold in the testing phase, where
he line of buy&hold can be regarded as the changes of stock prices,
.e., market trend. It can be seen from Fig. 11 that the proposed

ethod shows better result at the end of the testing phase, and
specially, it can avoid the losses in the down trend. For exam-
le, around day 80–120, the market price is getting lower, but
he proposed method keeps profit by not holding stocks during
he down trend and earns profits in the local up trends. The pro-
osed method can appropriately judge the trends of markets by
iving large weights on the rule pools that match with the current
ituation.

Finally, the output values generated by MLP  in the testing phase
re analyzed using Fig. 12. Although MLP  has 15 outputs, Fig. 12 con-
entrates on four output values for rule pool 1, 5, 9 and 13 for the
nalysis because too many lines overlapped with each other lose
he readability of the figure. The stock (Mitsui & Co.) and the trading
eriod (2010) dealt with in Fig. 12 are the same as Fig. 11, there-
ore, the outputs of MLP  in Fig. 12 have a relation to the result of the

roposed method in Fig. 11. It can be seen from Fig. 12 that the out-
ut values for rule pool 1 are high at the beginning (day 0–60) and
he end (day 180–240) of the testing phase, and the output values
or rule pool 9 and 13 are high especially around day 80–130. The
Fig. 12. Changes of MLP outputs in the testing phase (Mitsui & Co. in 2010).

periods of day 0–60 and 180–240 are basically up trends as shown
by the result of buy&hold in Fig. 11, and the period of day 80–130
is basically big down trend, therefore, the interesting point of these
results is that the proposed method determines the effective rule
pools depending on the trends of the market.

5. Conclusions

This paper proposes an ensemble learning mechanism of rule-
based evolutionary algorithm using MLP  to effectively make
decisions combining plural number of rule pools (classifiers). MLP
can find the similar situations in the training phase to the situations
in the testing phase, and similarity values (weights) can be given to
the rule pools. Then, the final decision is executed by the weighted
scores of buying and selling actions, thus the trading decision can be
made by important rules that are suitable for the current situation.
From the simulation results, the proposed method with ensemble
learning shows better results than that without ensemble learning
and buy&hold, therefore, the effectiveness of the ensemble learning
using MLP  for stock trading problems is clarified. In the future, dis-
tributed and hierarchical structures of evolutionary algorithms will
be studied to extract more effective rules for adapting to various
kinds of situations, and sophisticated data mining algorithms will
be also applied to make more secure models. In addition, we will
consider the comparisons with other techniques for the ensemble
learning by extending this research.
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