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Abstract

Multiple classifier combination is a technique that combines the decisions of different classifiers. Combination can reduce the variance of

estimation errors and improve the overall classification accuracy. However, direct application of combination schemes developed for pattern

recognition to solving business problems has some limitations, because business problems cannot be explained completely by the results provided

by machine-learning-driven classifiers alone owing to their intrinsic complexity. To solve such problems, this paper proposes an approach that is

capable of incorporating the subjective problem-solving knowledge of humans into the results of quantitative models. Genetic algorithms (GAs)

are used to combine classifiers stemming from machine learning, experts, and users. We use our GA-based method to predict the Korea stock price

index (KOSPI).
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1. Introduction

Multiple classifier combination is a technique that combines

the decisions of different classifiers that are trained to solve the

same problem, but make different errors. Numerous studies of

combination systems have been attempted in a wide range of

pattern-recognition fields, including machine printed word/-

character recognition (Ho, Hull, & Srihari, 1994), handwritten

character recognition (Xu, Krzyak, &, Suen, 1992; Huang &

Suen, 1995), speaker recognition (Radova & Psutka, 1997),

face identification (Brunelli & Falavigna, 1995), text-to-

phoneme translation (Wolpert, 1992), remote sensing (Bene-

diktsson, Sveinsson, Ersoy, & Swain, 1997), military target

recognition (Dasarathy, 1994), and biomedical signal proces-

sing (Hu, Parlreddy, & Tompkins, 1977). The findings show

that combination can reduce the variance of estimation errors,

thereby improving the overall classification accuracy owing to

the reduced variance in the estimated decision boundary

(Tumer & Ghosh, 1996).
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Recently, combining classifiers to achieve greater accuracy

has become an increasingly important research topic in

business. Business problems are generally complicated and

lack complete quantitative models. There have been significant

efforts to combine the classification results provided by

multiple classifiers in order to solve business classification

problems (Blattberg & Hoch, 1990; Kim, Kim, & Lee, 2000).

The appropriate combination of multiple classifiers can

perform better than a single classifier in solving such problems.

However, direct application of the combination schemes

developed for pattern recognition to solving business problems

has limitations. Most of the combination studies examining

pattern recognition have concentrated on combining the

outputs of individual classifiers driven by various machine-

learning techniques and the success of the combination

depends largely on the individual performance of these

machine-learning-driven classifiers. Business problems cannot

be explained completely using the results provided by

machine-learning-driven classifiers alone, owing to their

intrinsic complexity. In fact, expert decision-makers do not

depend on quantitative models entirely; they appear to work

with their subjective knowledge framework to solve these

problems, in addition to using quantitative models. The

multiple classifiers used to solve such problems can be derived

from machine learning, experts, and users. The classifiers

obtained from these sources have different, but
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complementary, features. Machine-learning-driven classifiers

are consistent because they are derived automatically from

historical instances that possess regularities that are useful

for interpreting some parts of phenomena. Conversely, human-

driven classifiers obtained from experts and users are

inconsistent because experts and users have different ways of

thinking, although they have the advantage of being adaptable

to the changing environment.

This paper proposes a genetic algorithm (GA)-based method

for combining measurement-level classifiers derived from

machine learning, experts, and users. The proposed method

was developed in order to solve unstructured business

problems. We apply our GA-based method to predict the

Korea stock price index (KOSPI), which is categorized into

four groups {Bear, Edged-Down, Edged-Up, Bull} according

to the weekly return. The machine-learning-driven classifier is

derived automatically by applying neural networks to technical

indicators of the stock market, while the two human-driven

classifiers are derived from the evaluations of an expert and a

random user using qualitative information associated with the

stock market. This study uses GAs to evolve a set of weights

indicating the degree of importance of each classifier for the

four stock market levels.

The performance of seven combination schemes was

compared with the GA method, including the majority vote,

weighted majority vote, Borda count, weighted Borda count,

Bayesian formalism, BKS, and Dempster–Shafer theories of

evidence. The experimental results show that the importance of

each classifier differs for the four stock market classifications.

Both human-driven classifiers can provide more accurate

classifications than the machine-learning-driven classifier in

the turbulent decision-making situations Bear and Bull, while

the machine-learning-driven classifier performs better than

both human-driven classifiers in typical situations: Edged-

Down and Edged-Up. Moreover, the predictive accuracy of the

combined results of the GA-based method is significantly

better than that of individual classifiers, and the GA-based

method has better predictive accuracy than other combination

methods.

The remainder of this paper is organized as follows. Section

2 reviews the combination algorithms used in this paper.

Section 3 explains the GA-based combination method. In

Section 4, we discuss the experimental design. Section 5

describes the results of the experiment. Concluding remarks

and further research issues are described in Section 6.
2. The combination methods

This section provides a review of the combination

algorithms. The relatively well-known combining methods

include the majority vote, Borda count, Bayesian method,

Behavior–knowledge space (BKS), and Dempster–Shafer

theories of evidence. Recently, there have been some works

using neural networks and fuzzy algorithms (Cho & Kim,

1995; Huang, Liu, & Suen, 1994; Yamaoka, Lu, Shaout, &

Shridhar, 1994).
2.1. The majority vote

The majority vote method of combining classifier decisions

selects the class that is supported by the majority of

the classifiers. Each classifier has one vote that can be cast

for any one class in the majority voting. The majority voting

method selects the class, which gets votes more than half of the

classifiers. When there is no agreement among more than half

of the classifier, the input is rejected (Xu et al., 1992). This

method is very simple and needs no extra memory, but it treats

classifiers equally without considering their differences in

performance. The weighted majority voting and Borda count

can be seen as extension of the majority voting method. The

weighted majority voting method assigns each classifier

different weight according to its performance (Suen, Nadal,

Mai, Legault, & Lam, 1992).
2.2. Borda count

The Borda count is a simple yet effective method of

combining rankings. The Borda count method for ranked lists

combination can be considered as a generalized form of the

majority voting method (Ho et al., 1994). Let Bi
k be the ranking

of the ith class provided by the kth classifier. The Borda count

for class i is calculated as:

BðiÞZ
XK

kZ1

Bi
k (1)

where K is the number of classifiers used. The final decision is

given by selecting the class yielding the largest Borda count.
2.3. Bayesian method

Let S be a pattern space which consists of M mutually

exclusive sets SZC1g/gCM be a set of class labels, each of

Ci; i2LZ f1;.;Mg representing a set of specified patterns

called a class. ek means classifier where kZ{1,.,K} and x

denotes an input pattern. For a given input pattern x, ekðxÞZ
fmi

kðxÞjc ið1% i%MÞ;ckð1%k%KÞg means that classifier k

assigns the input pattern x to each class i with a measurement

value mi
kðxÞ and the class label of ek(x) is determined by

assigning class label with the largest measurement value.

Bayesian method assumes that the classifiers are mutually

independent (Franke & Mandler, 1992). Let e1(x),.,ek(x) be

the class labels assigned to x by classifier. The independence

assumption leads to the belief function for class i represented in

the sum of conditional probabilities as follows:

BELðiÞZ h
YK

kZ1

Pðx2CijekðxÞZ jÞ; for i Z 1;.;M (2)

where h is a normalization coefficient that satisfiesPM
iZ1

BELðiÞZ1. The class with highest combined belief

measure is chosen as a final classification decision. Alter-

natively selection of any class may be rejected if the combined
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belief is smaller than a specified threshold value (Xu et al.,

1992).

2.4. The behavior–knowledge space

Most combination methods assume independence of the

decision made by individual classifiers. This is in fact not

necessarily true and behavior–knowledge space (BKS) does

not require this condition. It derives its weights from the

knowledge space, which concurrently records the decision of

all the classifiers on each learned sample during the training

process. The BKS method embodies multidimensional space

where each dimension corresponds to the decisions of one

classifier. The intersection of the decisions of individual

classifiers called focal unit constitutes one of the BKS space. In

general, each unit in K-dimensional space can be denoted as

BKS(e1,.,ek) where classifier 1 gives its decision as e1 and

classifier K gives its decision ek. Each BKS unit contains three

types of data: the total number of incoming samples: Te1;.;ek

the best representative class: Re1;.;ek
, and the total number of

incoming samples for each class: ne1;.;ek
ðmÞ.

To combine the decisions by each classifier, BKS method is

implemented in two stages: knowledge modeling and decision-

making. During the knowledge modeling stage, it makes

K-dimensional BKS for K classifiers. In decision-making stage,

it decides the final result using the following rules:

FðxÞZ
Re1;.;ek

; if Te1;.;ek
O0 and

ne1;.;ek
ðRe1;.;ek

Þ

Te1;.;ek

Rl

reject; Otherwise

8><
>:

(3)

where l is a threshold controlling the reliability of the final

decisions (Huang & Suen, 1995).

2.5. Dempster–Shafer theories of evidence

The Dempster–Shafer theory, also known as the theory of

belief functions, is a generalization of the Bayesian theory of

subjective probability. Whereas the Bayesian theory requires

probabilities for each question of interest, belief functions

allow us to base degrees of belief for one question on

probabilities for a related question. These degrees of belief

may or may not have the mathematical properties of

probabilities; how much they differ from probabilities will

depend on how closely the two questions are related. For

details on using Dempster–Shafer theory, readers may refer to

(Le Hegarat-Mascle, Bloch, & Vidal-Madjar, 1997; Klein,

1999).

3. The GA-based combination method

Genetic algorithms (GAs) are heuristic search techniques

that are based on the theory of natural selection and evolution

(Holland, 1975). They are effective and robust in searching

very large spaces in a wide range of applications. GAs are

particularly suitable for multi-parameter optimization
problems in which an object function is subject to numerous

hard and soft constraints. This paper proposes a GA-based

method to combine measurement-level classifiers stemming

from machine learning, experts, and users. The proposed

method was developed in order to solve unstructured business

problems. The GA-based method for combining multiple

classifiers including machine learning-, expert-, and user-

driven classifiers is as follows.

Let S be a pattern space that consists of M mutually

exclusive sets SZC1g/gCM , each of Ci; i2Lf1;.;Mg

representing a set of specified patterns called a class. ek(x)

means a classifier where kZ{1,.,K} and x denotes an input

pattern. For a given input pattern x, ekðxÞZ fmi
kðxÞjc ið1% i%

MÞ;ckð1%k%KÞg means that classifier k assigns the input

pattern x to each class i with a measurement value mi
kðxÞ. Let

WZ fwi
kjc ið1% i%MÞ;ckð1%k%KÞg be the set of weights,

where wi
k means the degree of importance of the kth classifier

for class i and has a positive value between 0 and 1.

For an input pattern x, the final output Ei(x) for class i is

calculated as the weighted sum of measured values mi
kðxÞ and

the corresponding weight values wi
k and is expressed as:

EiðxÞZ
XK

kZ1

wi
kmi

kðxÞ (4)

The final decision is given by selecting the class label with

the highest output value Ei(x).

For a GA, each weight vector should be encoded into a

string called a chromosome. We use a real value string to

represent a chromosome. The initial population consists of a set

of weights distributed randomly from the systems. Once the

initial population is generated, the GA evaluates each

individual according to the fitness function. The role of the

fitness function is to encode the performance of each individual

numerically. In this study, the objective of the GA method is to

find the set of weights capable of generating the optimized

combination results. The fitness function for the lth weight set

is defined as follows:

Z 0 FitnessðWlÞZ

PN
iZ1

HRðWlÞ

N

2
664

3
775 (5)

where N is the total amount of training data.

As shown in Eq. (5), the fitness function is measured using

the sum of HR(Wl) for all input training data. For an input

pattern x, HR(Wl) can be calculated as:

HRðWlÞZ

1 if correctly matched

E
W1

j ðxÞ

XM

iZ1

E
W1

i ðxÞ

2
66664

3
77775

otherwise

8>>>>>>>><
>>>>>>>>:

(6)

where j is the actual class for input x, Wl is the lth candidate



Table 1

The economic meaning of and formulas for the technical indicators

Technical indicator Economical meaning and formula

MA MA is a popular way of defining where the price trend of recent days lies the sum of the closing price over 6 days
6

� �
RSI RSI, which moves on a scale from 0 to 100, highlights overbought (70 and above) or oversold (30 or below) conditions

the sum of the positive closing price over 25 days
the sum of the closing price over 25 days

100
h i

PSY PSY measures the psychological stability of investors the days when the price has close up over 12 days
12

100
� �

MOM MOM measures the speed of price change. It highlights periods when the market is overbought or oversold and consequently prone to

reversal ½the most recent closing priceKthe closing price 6 days ago�

STOD STOD shows buy (30 and below) or sell (70 or above) signals the most recent closing priceKthe low price over 6 days
the high price over 6 daysKthe low price over price over 6 days

h i

VR VR measures the stability of the trend

the sum of the volume whenthe price has close up over 6 daysKthe sum of the volume when the price has close down over 6 days
the sum of volume over 6 days

100
h i

OBV OBV is a running cumulative total and it should confirm the price trend

½the sum of volume when the price has close up over 6 daysKthe sum of volume when the price has close down over 6 days�

DIS DIS shows the stability of the most recent closing price the most recent closing price
6 day MA

100
h i

ROC ROC shows buy (130 and above) and sell (70 and below) signals the most recent closing price
the price of 6 days ago

h i
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weight vector, and E
W1

i ðxÞZ
PK
kZ1

wi
kmi

kðxÞ is the final output for

class i. If an individual classifies the input correctly, the score

for the classifier is increased by one. Otherwise, it is increased

by the ratio of the measurement for the actual class to the sum

of all measurements to consider the potential hit of the

individual.

Once each weight set is evaluated using the fitness function,

GAs select the best solution to reproduce new offspring using

genetic operators, such as crossover and mutation. The good

offspring replace old candidates with a low fitness value. After

replacement, the new population is evaluated using the fitness

function. This process continues iteratively until a predefined

stopping condition is reached.
Table 2

The statistics of the one-way ANOVA and stepwise MDA

Variables F-ratio (ANOVA) Coefficient (stepwise

MDA)

Moving average (MA) 5.777* .979**

Stochastic %D (STOD) 9.600** .971**

Relative strength index

(RSI)

18.121** .964**

Rate of change (ROC) 13.702** .953**

Disparity (DIS) 22.978** .881**

Psychology (PSY) 2.254 –

Momentum (MOM) 19.924** –

Volume ratio (VR) 19.351** –

On balance volume

(OBV)

2.399 –

*Significant at the 5% level; **significant at the 1% level.
4. Experiments

4.1. The experiment design of a machine-learning-

driven classifier

The input variables for a machine-learning-driven classifier

are technical indicators. We used the following technical

indicators: the moving average (MA), relative strength index

(RSI), psychology (PSY), momentum (MOM), stochastic %D

(STOD), volume ratio (VR), On balance volume (OBV),

disparity (DIS), and rate of change (ROC). The meanings and

formulas for the technical indicators are shown in Table 1.

The output variables are four stock market levels: Bear,

Edged-Down, Edged-Up, and Bull. Criteria used by stock

market analysts (K3%, 0%,C3%) were used to determine the

appropriate classification. If the return for the next week is

greater than 3%, the corresponding stock market level is

regarded as Bull. Similarly, Edged-Up, Edged-Down, and Bear

are used when the return for the next week is between 3% and

0, between 0 and K3%, and less than K3%, respectively.

We applied a two-stage input selection process. In the first

stage, one-way ANOVA between technical indicators and the

stock market level was used to select the appropriate technical
indicators. We selected seven that were significant at the 5%

level: MA, STOD, RSI, ROC, DIS, MOM, and VR. In the

second stage, we selected five technical indicators using

a stepwise method: MA, STOD, RSI, ROC, and DIS. Table 2

shows the F-ratio and level of significance obtained from the

one-way ANOVA and the coefficients with the significance

level obtained from the stepwise MDA.

We use a three-layered backpropagation neural network as

the machine-driven classifier. The total number of samples

available consisted of data for the 572 weeks from January

1990 to December 2001. The dataset was split into three

subsets according to the period used: neural net training (312

weeks from January 1990 to December 1995), test (156 weeks

from January 1996 to December 1998), and validation (156

weeks from January 1999 to December 2001).
4.2. The experimental design of the human-driven classifier

The user was a stock market analyst with less than one year

of experience, while the expert was a stock market analyst with

more than 7 years experience. The expert- and user-driven
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25K0:0Þ=4Z 0:25

Table 3

The optimal set of weights obtained from the GA-based method

BR ED EU BL

WK MC 0.084 0.752 0.948 0.121

EC 0.688 0.178 0.151 0.746

UC 0.101 0.112 0.087 0.131

The rows represent the four levels of the stock market {Bear (BR), Edged-Down (ED), Edged-Up (EU), Bull (BL)} and the columns represent the classifiers

{Machine learning (MC), Expert (EC), User (UC)}.

Table 4

The calculated IMPs

BR ED EU BL

IMPK MC 1.000 1.000 1.000 1.000

EC 8.850 0.256 0.172 6.662

UC 5.314 0.658 0.406 4.785
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classifiers were their evaluations of qualitative information on

the stock market, including economic prospects, the level of

stock supply and demand, the amount of currency ready for

buying stocks, and conditions favorable or unfavorable for the

stock market trend. The evaluations of qualitative information

by the expert and user are represented as possibility measures

for the four levels of the stock market because it is difficult to

represent their evaluations as probability measures. Therefore,

these measures need to be transformed into possibility

measures. We introduced the concept of Dubois and Prade’s

(Dubois & Prade, 1983) solution to convert possibility

distributions into probability distributions, while maintaining

consistency. Given a possibility measure, the possibility of

classifying an object into class Ci can be defined as:

pðCiÞZmðCiÞ=max mðCiÞ for i Z 1;.;M (7)

where m(Ci) represents the possibility measure and p(Ci) is a

normalized possibility distribution for the class labels i. Let

p1,.,pm be the possibility values in descending order, so that

p1 represents the highest value 1 and is pm represents the

lowest value. For any possibility value pi the corresponding

probability value pi is given by

PðCjÞZ
Xm

jZ1

pjKpjC1

j
with pmC1 Z 0 (8)

Suppose that we have the following possibility measures for

the four levels of the stock market: 0.8 for Bear, 0.6 for Edged-

Down, 0.5 for Edged-Up, and 0.2 for Bull. Then, we have:

pðBearÞZ 0:8=0:8Z 1

pðEdged � DownÞZ 0:6=0:8Z 0:75

pðEdged � UpÞZ 0:5=0:8Z 0:625

pðBullÞZ 0:2=0:8Z 0:25

pðBearÞZ ð1K0:75ÞC ð0:75K0:625Þ=2C ð0:625K0:25Þ=3C

pðEdged � DownÞZ ð0:75K0:625Þ=2C ð0:625K0:25Þ=3C ð0:

pðEdged � UpÞZ ð0:625K0:25Þ=3C ð0:25K0:0Þ=4Z 0:1875

pðBullÞZ ð0:25K0:0Þ=4Z 0:0625

If p1,.,pm are in descending order, then the probability

values p1,.,pm will necessarily sum to one. We can now

replace the original possibility distribution with a probability

distribution that can be used in the combination.

Qualitative information was collected from weekly KOSPI

reports for the period from January 1996 to December 2001.

The data were classified into two datasets used for learning
(156 weeks from January 1996 to December 1998) and

validation (156 weeks from January 1999 to December 2001).
4.3. The experiment design for combining multiple classifiers

Generally, the population size is based on the size of the

problem. We used 100 strings in the population. Several

parameters had to be defined for genetic operators because the

values of these parameters can have a great influence on the

algorithm. The crossover rate ranges from 0.5 to 0.7 and the

mutation rate ranges from 0.06 to 0.12. The set of individuals

was evolved for 3000 generations. In addition, the performance

of the GA method was compared with seven combination

schemes: the majority vote, weighted majority vote, Borda

count, weighted Borda count, Bayesian formalism, BKS, and

Dempster–Shafer theories of evidence.

The data for the combined methods consisted of 156 weeks

from January 1996 to December 1998, while the data for

validation consisted of 156 weeks from January 1999 to

December 2001.
5. Discussion and results

The GA-based method generated the weight vector shown

in Table 3.
Let IMPk(i) be the relative importance of the values of the

kth classifier to the machine-learning-driven classifier for class



Table 5

The performance of the classifiers

Classifiers BR (%) ED (%) EU (%) BL (%) Overall (%)

UC 56.0 48.2 49.0 62.5 51.9

EC 64.0 53.6 56.9 70.8 59.0

MC 48.0 71.4 76.5 50.0 66.0

Majority vote 60.0 75.0 78.4 66.7 72.4

Weighted majority vote 64.0 75.0 78.4 70.8 73.7

Bayesian 68.0 75.0 80.4 70.8 75.0

Borda count 68.0 75.0 78.4 70.8 74.4

Weighted Borda count 68.0 75.0 80.4 70.8 75.0

BKS 72.0 76.8 80.4 70.8 75.8

Dempster–Shafer 68.0 78.6 80.4 70.8 76.3

GA 76.0 76.8 86.3 75.0 79.5
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i, which is defined as follows:

IMPkðiÞZ

wi
k=
PM
iZ1

wi
k

wi
MC=

PM
iZ1

wi
MC

(9)

where MC is the machine-learning-driven classifier. Table 4

shows the results of the calculation of IMP.

The IMPs of the expert- and user-driven classifiers for the

Bear and Bull levels were greater than one. In Bear and Bull,

stock prices are changing rapidly and regularities are rarely

found. In such situations, the subjective problem-solving

knowledge of humans is useful in predicting stock market

levels because human knowledge is more adaptable to the

changing environment than machine-learning-driven classi-

fiers. By contrast, the IMPs of the expert- and user-driven

classifiers in Edged-Down and Edged-Up were less than one,

which means that the machine-learning-driven classifier can

better predict the regular situations Edged-Down and Edged-

Up, because it can deal with regularities more effectively than

human-driven classifiers.

Table 5 shows the performance of the different classifiers.

Overall, the machine-learning-driven classifier outperformed

the other individual classifiers, but both human-driven

classifiers performed better than the machine-learning-driven

classifier in Bear and Bull situations. Consequently, the

machine-learning-driven classifier is useful in typical situ-

ations, while human-driven classifiers are suitable for

predicting changing situations. The performance of the GA-

based method was significantly higher than those of the

individual classifiers and was also better than other combi-

nation algorithms.
6. Concluding remarks

This paper proposes a GA-based method for combining

measurement-level classifiers stemming from machine

learning, experts, and users. The GA-based combination

scheme aims to solve unstructured business classification

problems, such predicting the stock market. It introduces

multiple classifiers stemming from machine learning-, expert-,

and user-driven classifier to deal with business problems
effectively. These classifiers have different, but complemen-

tary, characteristics. The results show that the machine-

learning-driven classifier is suitable for explaining and

predicting regular environments, while both human-driven

classifiers are appropriate for predicting dynamically changing

environments. This means that multiple classifier systems

should be chosen carefully according to the decision-making

environment. The GA-based method performs better than

individual classifiers or any other combination scheme.

This study has useful implications for the combination of

multiple classifiers. First, the structure of multiple classifier

systems should be designed carefully according to the

complexity of the problem to be solved. Multiple classifier

systems for solving well-structured problems are less sub-

jective and can be solved using a combination of quantitative

methods, while ill-structured or semi-structured problems

require the participation of classifiers obtained from subjective

human knowledge. Second, the proposed GA-based combining

method successfully predicted KOSPI more accurately than

any other combination scheme. Therefore, the GA-based

method can be an effective decision tool for unstructured

business problems.

However, several limitations and issues for further research

remain. First, this study used a small dataset due to the

difficulty in collecting data associated with human-driven

classifiers. Therefore, further work should examine a large,

more general dataset to confirm the efficacy of the proposed

GA-based combination method. In the future, we will apply our

proposed method to additional classification problem domains

and we will also consider further extension of our approach to

integrate different level classifiers, such as rank level or

abstract level.
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