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Abstract

One of the most important problems in modern finance is finding efficient ways to summarize and visualize the stock market data to
give individuals or institutions useful information about the market behavior for investment decisions. The enormous amount of valu-
able data generated by the stock market has attracted researchers to explore this problem domain using different methodologies. This
paper investigates stock market investment issues on Taiwan stock market using a two-stage data mining approach. The first stage Apri-
ori algorithm is a methodology of association rules, which is implemented to mine knowledge and illustrate knowledge patterns and rules
in order to propose stock category association and possible stock category investment collections. Then the K-means algorithm is a meth-
odology of cluster analysis implemented to explore the stock cluster in order to mine stock category clusters for investment information.
By doing so, this paper proposes several possible Taiwan stock market portfolio alternatives under different circumstances.
� 2007 Elsevier Ltd. All rights reserved.
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1. Introduction

The stock market is one of the most popular forms of
investment due to its high-expected profit. However, higher
expected profit, also imply higher risk. Thus, numerous
studies have proposed different analysis methods to assist
investors in analysis and decision-making. On the other
hand, many individual investors, stockbrokers, and finan-
cial analysts attempt to predict stock market price activities
and their potential development. This mass behavior runs
counter to the counsel of the many academic studies, which
contend that the prediction of stock market development is
ineffective. This point of view is codified as the generally
called efficient markets hypothesis (Fama, 1991; Haugen,
1997).

There are three degrees of market efficiency. The first
degree is the strong form of the efficient markets hypothe-
sis, which states that all information that is knowable is
immediately factored into the market’s price for a security.
If this is true, then all of those price predictors are definitely
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wasting their time, even if they have access to private infor-
mation. The second degree is the semi-strong form of the
efficient markets hypothesis, that all public information is
considered to have been possessors of private information,
which can use that information for profit. The third degree
is the weak form, which holds only that any information
gained from examining the security’s past trading history
is reflected in price. Indeed, the past trading history is pub-
lic information implying that the weak form is a specializa-
tion of the semi-strong form, which itself is a specialization
of the strong form of the efficient market hypothesis.

Due to the different degrees of market efficiency, aca-
demic researchers investigate the efficient market hypothe-
sis by exploring the unknown and valuable knowledge
from historical data, using techniques such as data mining.
Enke and Thawornwong (2005) introduces an information
gain technique used in machine learning for data mining to
evaluate the predictive relationships of numerous financial
and economic variables. Neural network models for level
estimation and classification are then examined for their
ability to provide an effective forecast of future values.
Boginski, Butenko, and Pardalos (2006) propose a network
representation of the stock market data referred to as the
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market graph, which is constructed by calculating cross-
correlations between pairs of stocks based on the opening
price data over a certain period of time. Chun and Park
(2005) proposes a learning technique, which extracts new
case vectors using Dynamic Adaptive Ensemble CBR
(DAE CBR). The main idea of DAE CBR originates from
finding combinations of parameter and updating and
applying an optimal CBR model to an application or
domain area. These concepts are investigated against the
backdrop of a practical application involving the predic-
tion of a stock market index. In addition, Rapach and
Wohar (2006) implement an analysis of in-sample and
out-of-sample tests of stock return predictability in an
effort to better understand the nature of the empirical evi-
dence on return predictability. That study finds that certain
financial variables display significant in-sample and out-of-
sample predictive ability with respect to stock returns.
Overall, most articles consider stock market analysis as a
time series problem, and there have been few studies using
stock market efficiency to explore the possible cause-and-
effect relationships among different stock categories or
the influence of outside factors.

This paper investigates stock market investment issues
in the Taiwan stock market by implementing a two-stage
data mining approach. First, the Apriori algorithm is a
methodology of association rules that mines knowledge
from historical data and this knowledge is illustrated as
knowledge patterns and rules in order to propose stock cat-
egory association and possible stock investment collec-
tions. Next, the K-means algorithm is a methodology of
cluster analysis that explores the clustering of stock in
order to mine this information for investment. Thus, using
two different data mining approaches, this paper provides
two aspects of data mining results in terms of presenting
possible investment portfolio with stock market association
and cluster knowledge. The rest of this paper is organized
as follows. In Section 2, we describe the Taiwan stock mar-
ket. Section 3 presents the research design. Section 4 intro-
duces the proposed data mining system, which includes
system framework, relational database design, and physical
database design. Section 4 presents the data mining
approach, including the Apriori and K-means algorithm.
Section 5 describes the data mining results. Research find-
ings and discussions are presented in Sections 6 and 7 pre-
sents a brief conclusion.

2. Taiwan stock market

TSEC, Taiwan Stock Exchange Corporation, maintains
stock price indices to allow investors to grasp both overall
market movement and different industrial sectors’ perfor-
mances conveniently. The indices may be grouped into
market value indices and price average indices. The former
are similar to the Standard and Poor’s Index, weighted by
the number of outstanding shares, and the latter are similar
to the Dow Jones Industrial Average and the Nikkei Stock
Average. The Taiwan Stock Exchange Capitalization
Weighted Stock Index (‘‘TAIEX’’) is the most widely
quoted of all TSEC indices. The base year value as of
1966 was set at 100. TAIEX is adjusted in the event of
new listings, de-listings and new share offerings to offset
the influence on TAIEX owing to non-trading activities.
TAIEX covers all of the listed stocks excluding preferred
stocks, full-delivery stocks and newly listed stocks that
have listed for less than one calendar month. The other
market value indices are calculated and adjusted similarly
to that of the TAIEX, but with different groupings of
stocks included for calculation. Out of the TAIEX Compo-
nent Stocks, the non-Finance Sub-Index, Non-Electronics
Sub-Index, and Non-Finance Non-Electronics Sub-Index
include stocks not in the financial sector, not in the elec-
tronics sector, and not in either sector. Similarly, the Indus-
trial Sub-Indices are calculated for different industrial
sectors. In 1986, eight Industrial Sub-Indices were intro-
duced, i.e. Cement/Glass/Ceramics, Textiles, Foods,
Plastics/Chemicals/Rubber, Electric Machinery/Electric
Appliance/Cable/Electronics, Paper/Pulp, Construction,
Finance. In 1995, the TSEC introduced additional 14
Industrial Sub-Indices, i.e. Cement, Plastics, Electric
machinery, Electric appliance/cable, Automobile, Chemi-
cals, Glass/ceramics, Iron/steel, Rubber, Electronics,
Transportation, Tourism, Retail and others. This expan-
sion was to give a broader perspective of industrial perfor-
mance and a more comprehensive comparison with overall
market trends. Total Return Indices add back cash divi-
dends to the index calculations, and are published at the
end of each trading day. This expansion can serve as a bet-
ter indicator to measure the performance of funds.

The Industrial Price Average Index and the Composite
Price Average Index contain 20 and 30 issues, respectively.
The samples are chosen based on their representation in the
market as a whole and are adjusted every year by taking
considering the profitability, operational efficiency and
trading liquidity of the shares, so that the indices can mir-
ror the market trend. All of the TSEC indices (excluding
Total Return Indices) are constantly computed and broad-
cast every minute during the trading hours through the
TSEC MIS system and information vendors’ networks.
This information can be easily accessed on the systems of
local and international information vendors, such as Reu-
ters, Bridge, Quick, Bloomberg, Primark, etc. Monthly
summaries of all the TSEC indices data are also available
on TSEC website (http://www.tse.com.tw/en/).

3. Research design

3.1. Research procedure

In this article, we use the TAIEX indices, including 19
index categories and international stock indices such as
the NIKKEI 225, KOSPI, Dow Jones, etc. and construct
a database. This database provides the basis for data min-
ing. Moreover, the database can be mined out of portfolio
investment suggestions by using of association rule and
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Fig. 1. Research procedure.
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cluster analysis in order to make suggestions to the inves-
tors. The research procedure is shown in Fig. 1.

3.2. Data

According to the classification of TSEC in the present
day, there are totally 19 indices categories of stocks which
involve cement, food, plastics, textiles, electric and machin-
ery, electric appliance and cable, chemicals, glass and
ceramics, paper and pulp, steel and iron, rubber, automo-
bile, electronics, construction, transportation, tourism,
finance and insurance, wholesale and retail, and others.
In this study, we select the top 6 countries by their trading
amount with Taiwan in 2005 and adopt their stocks’ indi-
ces as international indices. The selected countries and their
trading amounts are listed in Table 1.

These indices were gathered from the Taiwan Stock
Exchange Council (2005) for the period from January
2000 to December 2005, a total of 1509 trading days. In
addition, this article uses the subtraction of indices of
two successive trading days to represent the rise or fall of
the index. When the index of later trading day subtracted
from the former trading day is positive (or negative), we
use 1, 0 (or 0, 1) to represent this situation.

3.3. Database – the star schema

A star schema is a simple database design (particularly
suited to ad hoc queries) in which dimensional data
Table 1
Ranking of trading partners with Taiwan

Country Total amount of trading Ratio (%) Rank

China 60,806,739,930 16.390 1
Japan 60,421,119,699 16.286 2
US 49,498,010,632 13.342 3
Hong Kong 32,607,320,243 8.789 4
South Korea 18,778,408,285 5.062 5
Singapore 12,597,268,828 3.396 6
(describing how data are commonly aggregated) are sepa-
rated from fact or event data (Devlin, 1997). A star schema
consists of two types of tables: fact tables and dimension
tables. Fact tables contain factual or quantitative data
and dimension tables have descriptive data. Each dimen-
sion table has a one-to-many relationship to the central fact
table. Each dimension table generally has a simple primary
key, as well as several non-key attributes. In this study, the
star schema is used to design the database. To build up the
normalized relation is an important target of database
design. Generally speaking, with higher orders of normali-
zation, more joint operations are needed to produce a spe-
cific output. Increasing the normalization will increase the
tables, which thus increases the input/output actions of the
hard drive and also slows the operation speed as well.
Therefore, the database allows certain degree of de-nor-
malization in order to speed up the operation of data,
but it will do so at the cost of producing duplicate data.
Because the data of stock price indices is non-duplicate,
this article adopts the star schema for database design
and to speed up the data operation. In this article, the star
schema contains the four elements of fact table, dimension
table, attributes and attribute hierarchies (Fig. 2). Each ele-
ment can be described as follows.

(1) Fact table: In general, facts are stored in a fact table,
which linked to n-dimension entities. The primary
key of the fact table must be comprised by foreign
keys, which link to the relative dimension table. In
this study, the fact tables include indices of Taiwan’s
stock market and international stock markets.

(2) Dimension table: A dimension table can provide addi-
tional view points for given facts. The data of deci-
sion support system are always checked for their
associations with other data. In this study, the dimen-
sions include the TAIEX, indices of international
stock markets, date and the format of data
appearance.

(3) Attribute: Attributes are used to search, filter or clas-
sify the facts and attributes are always contained in
each dimension. Dimensions acquire the descriptive
characteristics of facts via attributes. This study uses
19 categories of stock indices from Taiwan and eight
international stock indices as attributes.

(4) Attribute hierarchies: Attributes in the dimension
table can be ordered by using attribute hierarchies
that have been defined specifically. Attribute hierar-
chies can be used to operate the drill down or roll
up in data analysis.
4. Data mining

4.1. Association rules

As stated in Agrawal, Imilienski, and Swami (1993), dis-
covering association rules is an important data mining
problem, and there has been considerable research on using
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association rules in the field of data mining problems. The
association rules algorithm is used mainly to determine the
relationships between items or features that occur synchro-
nously in the database. For instance, if people who buy
item X also buy item Y, there is a relationship between item
X and item Y, and this information is useful for decision
makers. Therefore, the main purpose of implementing the
association rules algorithm is to find synchronous relation-
ships by analyzing the random data and to use these rela-
tionships as a reference during decision-making. The
association rules are defined as follows (Wang, Chuang,
Hsu, & Keh, 2004):

Make I = {i1, i2, . . . , im} as the item set, in which each
item represents a specific literal. D stands for a set of trans-
actions in a database in which each transaction T repre-
sents an item set such that T � I. That is, each item set T

is a non-empty sub-item set of I. The association rules are
an implication of the form X! Y, where X � I, Y � I

and X \ Y = ;. The rule X! Y holds in the transaction
set D according to two measure standards – support and
confidence. Support (denoted as Sup(X,D)) to represent
the rate of transactions in D containing the item set X. Sup-
port is used to evaluate the statistical importance of D, and
the higher its value, the more important the transaction set
D is. Therefore, the rule X! Y has support Sup(X [ Y,D)
represents the rate of transactions in D containing X [ Y.
Each rule X! Y also has the other measuring standard
called Confidence (denoted as Conf(X! Y)), representing
the rate of transactions in D that contain X and also Y.
That is, Conf(X! Y) = Sup(X \ Y)/Sup(X,D).

In this case, Conf(X! Y) denotes that if the transaction
includes X, the chance that transaction also contains Y is
relatively high. The measure confidence is then used to
evaluate the level of confidence about the association rules
X! Y. Given a set of transactions D, the problem of min-
ing association rules is to generate all transaction rules that
have certain user-specified minimum support (called
Minsup) and confidence (called Minconf) (Kouris, Makris,
& Tsakalidis, 2005; Padmanabhan & Tuzhilin, 2002).
According to Agrawal and Shafer (1996), the problem of
mining association rules can be decomposed into two steps.
The first step is to detect a large item set whose support is
greater than Minsup and the second step is to generate
association rules, using the large item set. Such rules must
satisfy two conditions:

1. Sup(X [ Y,D) P Minsup
2. Conf(X! Y) P Minconf

To explore the association rules, many researchers use
the Apriori algorithm (Agrawal et al., 1993). In order to
reduce the possible biases incurred when using these mea-
sure standards, the simplest way to judge the standard is
to use the lift judgment. Lift is defined as: Lift = Confi-
dence(X! Y)/Sup(Y) (Wang et al., 2004).

4.2. Cluster analysis and K-means algorithm

The process of partitioning a large set of patterns into
disjoint and homogeneous clusters is fundamental in
knowledge acquisition. It is called Clustering in the litera-
ture and it is applied in various fields, including data min-
ing, statistical data analysis, compression and vector
quantization. The k-means is a very popular algorithm
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and is one of the best for implementing the clustering pro-
cess. K-means clustering proceeds in the following order.
Firstly, K number of observations is randomly selected
from all N number of observations, according to the num-
ber of clusters, and these become centers of the initial clus-
ters. Secondly, for each of the remaining N � K
observations, find the nearest cluster in terms of the
Euclidean distance with respect to xi = (xi1,xi2, . . . ,
xip, . . . ,xiP) is found. After each observation is assigned
the nearest cluster, the center of the cluster is re-com-
puted. Lastly, after the allocation of all observation, the
Euclidean distance between each observation and cluster’s
center point is calculated to confirm whether or not it is
allocated to the nearest cluster. In addition, implementa-
tion of the K-means algorithm implementing for cluster
analysis as data mining approach has been discussed in
several studies (Kuo, Liao, & Tu, 2005; Ture, Kurt,
Turhan, & Ozdamar, 2005; Vrahatis, Boutsinas, Alevizos,
& Pavlides, 2002).

4.3. Data mining tool – SPSS Clementine

In this study, SPSS Clementine is employed as data min-
ing tool for analysis. The difference between Clementine
and other software is that its data processing is through
the use of nodes, which are then connected together to
form a stream frame. In addition, data visualization can
present to users after mining process has been done. All
of the nodes can be divided into six categories: the source
node, record options node, field options node, graphs
node, modeling node, and output node.

Source node: The source selection not only includes
those that can undergo the data connection node via the
Open Database Connectivity (ODBC) and relational data-
base management system. It also includes nodes that can
input all sorts of common file contents.

Record options node: This is for the recording and cor-
rection of data. These operations are very important in
the data investigation stage of data interpretation and data
preparation stage, because these operations enable the data
to fulfill specific business needs.
Table 2
Association rules of TAIEX and index categories (min sup = 29%; min conf =

Rule Lift Sup (%) Conf (%) Consequent Antecedent

RA1 2.035 32.8 98.4 TAIEX Electronics
RA2 2.021 32.0 97.7 TAIEX Electronics
RA3 2.019 30.2 97.6 TAIEX Electronics
RA4 2.015 31.0 97.4 TAIEX Electronics
RA5 2.009 32.4 97.1 TAIEX Electronics
RA6 1.998 29.1 96.6 TAIEX Electronics
RA7 1.915 29.4 92.6 TAIEX Financial and
RA8 1.906 30.6 92.2 TAIEX Financial and
RA9 1.902 29.6 91.9 TAIEX Financial and
RA10 1.894 29.9 91.6 TAIEX Financial and
RA11 1.892 29.6 91.5 TAIEX Financial and
RA12 1.869 30.5 91.1 TAIEX Financial and
Field options node: The field option node can help the
user do modeling and data preparation for the logical data
design stage.

Graphs node: This is one of the stages in the data mining
process that uses graphs for exploratory data analysis.
Another purpose is to examine the new record option’s dis-
tribution and relationships.

Modeling node: Modeling is the core of the data investi-
gation process. The modeling method of this node enables
the user to retrieve new information from the data and to
form a forecast model. These modeling methods are
derived Machine Learning (ML), Artificial Intelligence
(AI), and Statistics, etc. All these methods have their own
advantages and are suitable for specific types of problem.
The algorithm includes:

(1) Decision Tree (C5.0, CART).
(2) Neural Net and RBF Function.
(3) Association Rule (Apriori, GRI).
(4) Sequence Detection.
(5) Clustering Analysis (K-means, Two-step and

Kohonen).
(6) Regression (Linear Regression, Logistic Regression).
(7) Factor Analysis and PCA.

Output node: This offers one method to achieve data that
is related to the users and the model. It can output all types
of data in different forms to other software interfaces.

5. Data mining results

5.1. Mining results for the Taiwan stock market

In this study, the initial support and confidence are set
to be 10% and 70% respectively. In addition, the lift value
should be greater than 1. After exploring the decision vari-
ables of TAIEX and 19 index categories of stocks, the min-
imum support and confidence are 29% and 90%
respectively. The mined association rules are shown in
Tables 2 and 3. In addition, Fig. 3 shows the association
map of TAIEX and index categories.
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Table 3
Association rules on each index category (min sup = 28%; min conf = 90%)

Rule Lift Sup (%) Conf (%) Consequent Antecedent

RB1 1.865 28.6 91.0 Electric appliance and cable Others Electric and machinery Textiles Foods
RB2 1.861 29.2 90.7 Electric appliance and cable Others Electric and machinery Chemicals Textiles
RB3 1.857 28.4 91.4 Textiles Others Electric and machinery Electric appliance

and cable
Foods

RB4 1.854 28.2 90.4 Electric appliance and cable Others Electric and machinery Textiles Rubber
RB5 1.853 28.1 90.3 Electric appliance and cable Electric

and
machinery

Chemicals textiles Foods

RB6 1.85 28.8 91.0 Textiles Others Electric and machinery Chemicals Foods
RB7 1.849 28.2 90.1 Electric appliance and cable Others Chemicals Textiles Foods

Fig. 3. Association map of TAIEX and index categories.
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In the rules of Table 3, the rule RB1 has the maximum
lift of 1.865, represents the index categories of food, tex-
tiles, electric and machinery; while the others are mostly
associations to the index category of electrical appliance
and cable. This rule can suggest that investors favor the
Food

Textiles

TAIEX

Electronics

Others Chemicals

Association with Electronics

Association without Electronic

Association between categories

Fig. 4. Association map of index cat
stocks in these categories for their portfolio in order to
diversify risk.

On the other hand, Fig. 4, which stems from Tables 2
and 3, and Fig. 3 shows that the index categories of
electronics and finance and insurance have the strongest
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Machinery

Finance & Insurance 

Electric appliance &  
Cable

s

egories on Taiwan stock market.



Table 4
Set of association rules between TAIEX and international indices (min
sup = 17%; min conf = 45%)

Rule Lift Sup (%) Conf (%) Consequent Antecedent

RC1 1.297 52.8 62.8 TAIEX South Korea
RC2 1.254 49.0 60.8 TAIEX Tokyo
RC3 1.246 49.1 60.4 TAIEX Hong Kong
RC4 1.222 50.0 59.2 TAIEX Singapore
RC5 1.095 50.5 53.1 TAIEX NASDAQ
RC6 1.039 50.0 50.3 TAIEX Shen Zhen
RC7 1.033 49.3 50.1 TAIEX Shanghai
RC8 1.025 50.7 49.7 TAIEX Dow Jones
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association to TAIEX in RA1. Rule RA1 is in the rule set
with the index category of electronics and RA1 has the max-
imum lift value up to 2.035 with maximum confidence of
98.4%. At the same time, we can find that the index cate-
gory of electronics with other index categories of stock also
have a very strong association to TAIEX. These results
show that TAIEX is considerably affected by the index cat-
egory of electronics. On the other hand, in the rule set with-
out the index category of electronics, rule RA7 shows that
the index categories of finance and insurance, electric appli-
ance and cable and chemicals have the strongest associa-
tion to TAIEX with the lift up to 1.915 and confidence
of 92.6%. Hence, we can conclude that the rising (or fall-
ing) of the index category of electronics will lead to the ris-
ing (or falling) of the TAIEX. It also indicates that the
probability of the TAIEX rising will increase when the
index category of electronics is also rising. This result can
be justified by the fact that the lift is almost over 2 and
the confidence greater than 97% for the rules which contain
the index category of electronics.

Other results can be found from Fig. 4. If we substitute
the index category of electronics with the index category of
finance to pull up the TAIEX, its pulling power is appar-
ently less than the category of electronics. Whereas the
index category of electronics with the other index catego-
ries of stock will pull up TAIEX to a certain extent, the
index category of finance with the other 2 index categories
of stock hardly pull up TAIEX to the same extent. Table 2
showed that the lifts of those rules without the index cate-
gory of electronics are greater than one but less than two
and confidences levels are approximately 91%. These
results are far less then those rules which include the index
category of electronics. Consequently, we can conclude
that the index category of electronics is more vigorous than
other index categories of stocks.

In addition, it can be found that the index categories of
electronics, appliance and cable, others, electric and
machinery, textiles and food have the highest associations,
with lift value of 1.865 and confidence of 91%. Hence, we
may propose the investment suggestions from Tables 2
Table 5
Set of association rules between NIKKEI 225 and categories (min sup = 24%

Rule Lift Sup (%) Conf (%) Consequent A

RD1 1.436 25.0 69.7 NIKKEI 225 F
RD2 1.391 27.0 67.5 NIKKEI 225 O
RD3 1.373 28.0 66.6 NIKKEI 225 O
RD4 1.351 27.4 65.5 NIKKEI 225 F

Table 6
Set of association rules between Hang Seng and categories (min sup = 27%; m

Rule Lift Sup (%) Conf (%) Consequent A

RE1 1.418 27.1 69.6 Hang Seng E
RE2 1.396 27.1 68.6 Hang Seng E
RE3 1.375 27.8 67.5 Hang Seng O
RE4 1.37 28.4 67.2 Hang Seng E
and 3 and Fig. 4 that the index category of others should
be added to a portfolio. This is because the index category
of others is the most frequent in Table 3, indicating that the
index category of others has a high association to with
other index categories of stocks.
5.2. Mining results for the international and Taiwan’s stock
market

We selected the stocks’ indices of Taiwan’s dominant
trading countries in 2005 as decision variables. After sev-
eral testing sequences, we set the minimum support as
17% and minimum confidence as 45%. The association
rules were mined and are shown in Table 4, which shows
that the confidence of TAIEX with South Korea, Tokyo
and Hong Kong all exceed 60% and the lifts are also higher
than the others. These results reveal that TAIEX has the
strongest linkages with these three indices and they will
have the same trends as TAIEX.

If we exploit the categories of stocks of Taiwan to mine
the correlations with these three countries’ stock indices,
the mining results have been listed in Tables 5–7 and
Fig. 5 which is composed by Tables 5–7.

The index categories of food, finance and insurance, and
electronics have the strongest correlation with NIKKEI
225 Index. Their lift and confidence value are 1.436 and
69.7% respectively. Furthermore, the Hang Seng Index of
; min conf = 65%)

ntecedent

oods Financial and insurance Electronics
thers Financial and insurance Electronics
thers Electric appliance and cable Electronics
inancial and insurance Foods Plastic

in conf = 65%)
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lectric appliance and cable Electronics Financial and insurance
lectric appliance and cable Electronics Textiles
thers Electronics Textiles
lectric appliance and cable Others Electronics



Table 7
Set of association rules between KOSPI and categories (min sup = 31%; min conf = 70%)

Rule Lift (%) Sup (%) Conf Consequent Antecedent

RF1 1.406 33.9 74.8 KOSPI Electronics Other categories
RF2 1.393 33.4 74.1 KOSPI Electronics Electric appliance and cable
RF3 1.335 32.4 71.0 KOSPI Others Electric appliance and cable Chemicals
RF4 1.329 31.2 70.7 KOSPI Others Electric appliance and cable Foods

Hang Seng Index

NIKKEI 225 Index

KOSPI

ElectronicsTextiles Others

Plastics
ChemicalsElectric appliance & Cable 

Food
Financial & Insurance

Association between Hang Seng Index and categories for Taiwan

Association between NIKKEI 225 Index and categories for Taiwan

Association between KOSPI and categories for Taiwan

Fig. 5. Association map of categories with international markets.
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Hong Kong is correlated with the categories of electric
appliance and cable, electronics and finance and insurance
with lift of 1.418 and confidence of 69.6%. In addition,
KOSPI is highly correlated to the categories of electronics
and others with lift of 1.406 and confidence of 74.8%.
Hence, we can conclude that these three countries stocks’
indices are most correlated to the categories of electronics,
electric appliance and cable and others.

Comparing the NIKKEI 225 index and the Hang Seng
index from Table 4, KOSPI has highest confidence and
support with TAIEX. This reveals that TAIEX is highly
correlated with KOSPI. Therefore, they both will have
the same trend of variation. In this study, we find that
TAIEX has higher correlations with Asian stock markets,
because Taiwan is in this region. Taiwan’s top 5 dominant
trading countries are all located in Asia which give the
TAIEX correlations with these three indices. Finally, in
contrast to previous studies, we find that in addition to
the category of electronics, the categories of electric appli-
ance and cable and others have high correlation with inter-
national stock markets, especially the Asian markets.

5.3. Clustering results for the whole market

To provide overall statements between Taiwan and glo-
bal markets, we use cluster analysis to separate the markets
and use association rule for these separated markets. The
clustering results are shown in Table 8, which indicates that
there are two clusters, cluster-1 and cluster-2 of these, clus-
ter-1 has less possibility to increase. From each cluster, we
select 4 categories that have the greater possibility to
increase for cross-comparison and the comparison results
are shown in Table 9. Although the lifts are all greater than
1 in both clusters, the lifts in cluster-2 are greater than in
cluster-1. This reveals that the categories in cluster-2 are
more able to pull up TAIEX, which is similar to the asso-
ciation analysis. In Table 3, we can easily find that the asso-
ciation rules comprised by the categories in cluster-2 have
higher lifts. Consequently, the results of association analy-
sis and cluster analysis are not conflicting, but are identical.
Moreover, the lifts in cluster-1 are smaller than the lifts
between cluster-1 and cluster-2 shown in Table 9 lead to
insufficient power to pull up a bear market. Therefore, clus-
ter analysis could not provide the information of cross-
effect between cluster-1 and cluster-2.

Fig. 6 is the bar chart composed of the 1s in two clusters.
Fig. 8 also reveals that the situations in two clusters are
identical to TAIEX. For instance, the confidence values
in Tables 2 and 3 are all above 90%. Similar results emerge
for cluster-2, since the rising possibilities are all above 70%.
Furthermore, we could investigate the linkages between
Taiwan and international stock markets. The stock mar-
kets of Tokyo, Hong Kong and South Korea are most
linked to Taiwan. Although the Shanghai synthesis index
has more than 80% rising possibility with TAIEX in
cluster-2, the degree of correlation between three countries’



Table 9
Lift value among categories that have most rising possibility on two clusters

Tourisma Steela Automobilea Whol

Tourisma 1 1.276 1.31 1.368
Steela – 1 1.361 1.274
Automobilea – – 1 1.318
Wholesalea – – – 1
Othersb – – – –
Chemicalsb – – – –
Electricb – – – –
Textilesb – – – –

a Represent higher rising possibility of stock category on cluster-1.
b Represent higher rising possibility of stock category on cluster-2.

Table 8
Percentages in two clusters of stock market

Category Cluster-1, 574
records

Cluster-2, 607
records

Fall:0/rise:1 0 1 0 1

Others 83.97% 16.03% 17.13% 82.87%
Chemicals 81.01% 18.99% 18.78% 81.22%
Plastics 78.22% 21.78% 24.71% 75.29%
Rubber 81.71% 18.29% 22.24% 77.76%
Cement 80.14% 19.86% 25.21% 74.79%
Automobile 77% 23% 27.84% 72.16%
Construction 81.36% 18.64% 29.82% 70.18%
Glass and ceramics 79.62% 20.38% 24.88% 75.12%
Wholesale and retail 77% 23% 28.83% 71.17%
Textiles 83.80% 16.20% 19.44% 80.56%
Tourism 75.61% 24.39% 32.45% 74.30%
Paper and pulp 82.06% 17.94% 25.70% 74.30%
Transportation 77.70% 22.30% 26.52% 73.48%
Finance and insurance 82.23% 17.77% 23.23% 76.77%
Steel and iron 76.31% 23.69% 29.98% 70.02%
Electric appliance and cable 82.58% 17.42% 22.90% 77.10%
Electronics 77.70% 22.30% 29.49% 70.51%
Electric and machinery 81.18% 18.82% 18.78% 81.22%
Food 80.66% 19.34% 21.91% 78.09%
TAIEX 86.24% 13.76% 18.78% 81.22%
South Korea 58.89% 41.11% 36.08% 63.92%
Hong Kong 60.28% 39.72% 42.17% 57.83%
Tokyo 61.15% 38.85% 41.35% 58.65%
Shanghai 51.05% 48.95% 18.78% 81.22%
Singapore 59.93% 40.07% 40.36% 59.64%
Shenzhen 51.39% 48.61% 49.26% 50.74%
Dow Jones 49.13% 50.87% 49.26% 50.74%
NASDAQ 54.01% 45.99% 45.14% 54.86%

Fig. 6. Bar chart of two cluster com
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indices and TAIEX are higher than the Shanghai synthesis
index in cluster-1. From the point of view of linkage, Tai-
wan is most synchronous with Tokyo, Hong Kong and
South Korea. We can prove this result from the association
rules Rc1, Rc2 and Rc3 in Table 4, which have confidence
value above 60%. The results are identical with in Table
8 and Fig. 6.

6. Research findings

6.1. In the regard of Taiwan’s stock market

According to statistics of the Taiwan Stock Exchange
Corporation (TSEC) published in 2004, there is a total
of 538,085,368,762 stock shares issued to the public mar-
ket. In these issued stocks, the category of electronics
comprise 42.2%, while the category of finance and insur-
ance comprise 23.99%. Both of them occupied a propor-
tion of 66.19% to the whole issued stocks. Because
TAIEX is computed based on the weighting values (pro-
portions), the category of stock which has larger weight-
ing value will become the primary affected factor of
TAIEX. Because the category of electronics has the larg-
est proportion of the market, it has the greatest primary
ability to pull up TAIEX, while the category of finance
and insurance was a secondary ability to pull up TAIEX.
Therefore, investors in Taiwan’s stock market are sug-
gested to favor these two categories of stocks for their
portfolios.
esalea Othersb Chemicalsb Electricb Textilesb

1.351 1.41 1.376 1.37
1.381 1.382 1.416 1.408
1.454 1.379 1.416 1.412
1.423 1.396 1.391 1.394
1 1.495 1.557 1.509
– 1 1.469 1.515
– – 1 1.514
– – – 1

parison based on lift value 1.
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In addition, according to the statistics of transaction
percentage published by TSEC in 2005, domestic legal enti-
fies occupied 13.3%, and the foreign legal entifies occupied
15.5% of transactions on the market. Although together
they comprise less 30% of the total transactions, they both
have the significant abilities to affect Taiwan’s stock market
due to their superior information and capital. In particular,
the foreign entifies have the most impact on Taiwan’s stock
market. The investors may refer to the categories of stocks
which the domestic legal and foreign entifies invested, but
they should be cautioned to avert the trap that the both
two entifies deliberately manipulate stock prices and then
put their stocks back on the market. In this case, we would
propose the following suggestion to diversify investment
risk. Due to the correlations between the categories of elec-
tric machinery, chemicals, textiles, others and electric
appliance and cable, investors may allocate these categories
of stocks with categories of electronics and finance and
insurance in their portfolios to diversify investment risk
(Fig. 7).
6.2. In the regard of Taiwan with international stock market

TAIEX has higher correlations with NIKKEI, Hang
Seng index, and KOSPI than other Asian indices. This
shows that TAIEX will rise easily, when other Asian indi-
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ces are rising. It revealed that the linkages between nations’
indices in the same area are higher than linkages with indi-
ces from other area. Thus investors can use these regional
indices as a reference for their investment decisions. In
these three indices which have the most correlation to
TAIEX, the category of electronics also has an important
role. Furthermore, in addition to the category of electron-
ics, the categories of electric appliance and cable as well as
others could be better choices for investment. Therefore,
we suggest that investors investigate the trends of these
three indices in order to select the investing targets most
which link to these 3 regional indices in Taiwan’s market
(Fig. 8).
6.3. In the regard of global market

Emerging markets are more vulnerable to local informa-
tion than mature markets. Taiwan’s stock market is an
emerging market which is easily affected by local informa-
tion and this will be reflected in the stock’s index. Thus,
investors should allocate their portfolio in a specific area
and diversify their portfolio in this area’s market. For
example, stock index futures are a hedging tool to diversify
the risk investment of stocks. Due to highly correlations
between TAIEX and the indices of Tokyo, Hong Kong,
and South Korea, investors could refer these 3 regional
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indices to anticipate the variation trends of TAIEX. Inves-
tors should diversify their investment in a specific regional
market rather than diversified their capital over several
regional markets. The Taiwan 50 index was issued by
TSEC in October 2002 and is composed of the top 50
stocks in market value on the Taiwan public market.
Because the Taiwan 50 index is closely linked to TAIEX
with a correlation of up to 98%, investors could select it
as an investment target for Taiwan market when they refer
to those 3 regional indices (Fig. 9).

7. Conclusion

This paper considers that a stock market strong associ-
ations with both inside and outside factors. Some stock
index categories of stock rise or drop together at the same
time or are influenced by domestic or foreign economic,
social, and political situations. For individual or institu-
tional investors, finding indications for the trend of stock
market association is a valuable task. Data mining of the
stock market analysis and interpretation of the properties
of the data mining results gives new insights into possible
associations in the stock markets. In this paper, we use
two data mining approaches, Apriori algorithm and K-
means, for association rule and clustering analysis. By
doing so, this research finds that different possible portfolio
of stock categories investment can be implemented in the
Taiwan stock market. Thus, this case study of implement-
ing data mining approaches and integrating them into
stock market research on Taiwan stock market is an exam-
ple for future research and implementation.
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