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Abstract. This paper presents our preliminary explorative data mining 
experiments on stock data. The experiments are performed using information 
gain evaluation, chi-square test and decision tree, which aim to explore the 
underlying patterns of the stock dataset. The explorative patterns obtained show 
some unexpected outliers in deriving the influential stocks with regard to Kuala 
Lumpur Composite Index. 

1   Introduction 

Time-series data mining is identified as one of the 10 challenging problems in data 
mining research [11]. It can be focusing on trend analysis, similarity search, 
segmentation, clustering and classification [1, 2, 3, 9].  

To gain better understanding on mining time-series data, we have embarked by 
performing preliminary data mining experiments on a stock dataset. The main 
objective of our experiments at this stage is explorative, which aims to understand the 
underlying patterns of the stock data.  We have performed three experiments using 
information gain, chi-square test and decision tree. The first two experiments will 
generate a list of stocks which are influential to Kuala Lumpur Composite Index 
(KLCI), while the third experiment will produce classification rules, which denotes 
the inter-relationships among the stocks in terms of their trading performance with 
respect to KLCI.  

This paper is organized as follows. Section 2 briefly discusses some related works 
which motivate our experiments. Section 3 presents the stock dataset and the data pre-
processing. Section 4 to Section 6 explain the experiments, the results as well as our 
findings. Lastly, we conclude this paper in Section 7.  

2   Related Works 

There are numerous issues and challenges in mining time-series data to be addressed 
[1, 3, 7, 8]. Active research works have been done on the representation of time series 
data for classification purpose, such as Fourier transformation and weight vector. At 
this stage, our data mining experiments are purely descriptive by using the symbolic 
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representation of the stock dataset. In [9], sequential and non-sequential association 
rule mining (ARM) were used to perform intra and inter-stock pattern mining. 
Compared to [9], our exploratory mining experiments are similar to their inter-stock 
pattern mining, where associative relationships among different stocks were derived 
for inter-stock mining. In our work however, instead of deriving the expected 
association among the stocks, we are more interested in observing the performance of 
stocks with respect to a specific stock index, namely KLCI, which is always closely 
monitored in financial analyses.    

3   Stock Dataset and Data Pre-processing 

For the purpose of these experiments, we have used the stock trading dataset of 
Malaysia Exchange from December 31, 2001 till December 31, 2006, which amounts 
to 1233 days [4, 5]. Being one of the indices under Malaysia Exchange, KLCI is 
viewed as the local stock market barometer. It is a capitalization-weighted index, 
consisting 100 index components or stocks, where the list is updated every six 
months.   KLCI’s index components are selected based on several criteria, such as 
market capitalization, the company’s performance, trading volume and so on [5].   

The trading of the stock market within a day is recorded in a single text file. Figure 
1 shows a snippet of a file. Each line represents the trading information of an index or 
a stock. Table 1 describes the information captured for the first line in Fig. 1. 

 

Fig. 1. Snippet of our stock dataset 

Table 1. Information recorded at each line in the files 

Information Description 
COMPOSITE Kuala Lumpur Composite Index  
D Date 
12/29/06 Dated December 29, 2006 
1089.2800 Previous value (Last value of December 28, 2006). 
1096.2400 Highest value of the day. 
1088.8000 Lowest value of the day. 
1096.2400 Closing / Last value of the day. 
9950 Trading volume. 
0 Constant. 
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Since noisy data is not an alien property of real-world datasets, we have spent 
almost 90% of our effort in these experiments on data pre-processing. Armed with the 
supporting information by Malaysia Exchange [5], we have developed a program to 
semi-automate the pre-processing activities.  

The noise exists in our stock dataset can be generally classified into three main 
categories, which are duplicate records, inconsistent stock codes and incomplete files. 
Certain files contain duplicated records. For example, the transaction of stock 4863 is 
recorded twice in files dated December 9, 2002 and September 13, 2006. Thus, we 
have automated a thorough checking on all the files, ensuring only unique records on 
the same date. 

In most of these files, stocks are represented by stock codes. For example, Telekom 
Malaysia Limited is recorded as 4863. However, in certain files, stocks are 
represented differently, such as TM or Telekom for Telekom Malaysia Limited. This 
inconsistency gets more complicated when the listed companies change their names 
or when companies merge. Having such inconsistencies, we have no choice but to 
rely on human intervention for the remedial action. Figure 2 depicts the steps in 
combating this problem. For the consistency of our experiments, we have chosen 
stock codes to represent the stocks, and COMPOSITE to represent KLCI. Note that T 
and I are provided by Malaysia Exchange for this purpose [5]. 

Input:
 Raw dataset R (1232 files with approximately 1300 records.) 
 List of indices I, where each index i has its name ni N.
 List of stocks T, where each stock t has its code ct C and name st S.

Output:
 List L containing valid stock codes and indices’ names. 
 Dataset D with stocks represented by stock codes and indices represented by names. 

Automated Steps:
(1) for every file in R
(2)  for every line in the file //refer Fig. 1 
(3)  split every record according to commas 
(4)   o = first item captured from step (3). 
(5)   if (o = st, where st S)
(6)  o = ct   // ct = stock code of st

(7) end if 
(8)   if (o C) or (o N)
(9)   if (o L)
(10)   Li = o
(11)   i++ 
(12)   end if 
(13) end for 
(14) end for 

Manual Checking:
 Given T, I, L and D, verify unique stocks and indices. 

 

Fig. 2. Pre-processing steps for combating data inconsistency in the stock dataset 

The files in the raw dataset contain all the market indices and stocks under 
Malaysia Exchange, where most of them contain approximately 1300 records. 
However, the file dated June 7, 2002 contains only stock indices without any record 
on stock trading. Up to the moment when this paper is prepared, the stock trading 
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information on this date is still not available. Therefore, we have disregarded the 
empty file in order to maintain the integrity of our mining results. As a result, instead 
of the initial 1233 files, we used only 1232 files for our experiments. 

Let st denotes a stock code together with its performance and C represents all the 
stock codes in our dataset, every record in these files is converted into the following 
format: 

st: c = v (1) 

where c ∈ C and v ∈ {UP, DOWN, SAME}. UP, DOWN and SAME denote positive, 
negative and unchanged performance of a stock respectively. For example, the record 
shown in Table 1 is converted to COMPOSITE=UP. For every file in the dataset, 
after converting each record into format (1), we then combined them into one row, 
separated by commas. Every file was formatted as a single row composing the stock 
trading on that same day. These rows were then inserted into a file, which eventually 
contains 1232 rows of data, as illustrated in Fig. 3.  

Each line is 
depicting 
stock trading 
on a specific 
date. 

 

Fig. 3. Converted dataset, which is ready for the experiments 

4   Information Gain Evaluation 

Since KLCI serves as the benchmark for Malaysia equity market, we are particularly 
interested to identify influential stocks with respect to KLCI. Information gain is an 
attribute selection measure based on entropy, where it studies the value of certain 
piece of information [2]. This experiment uses information gain to derive a set of 
stocks which are sorted according to their collective worth with respect to KLCI 
within 31 December 2001 to 31 December 2006. The stocks with higher information 
gain imply greater worth or influence against KLCI. We used the Select Attribute 
feature provided by Weka [10], with 10-fold cross validation for this experiment. 

Intuitively, the 100 stocks which constitute KLCI should appear as the top 100 
stocks by information gain with respect to KLCI. However, some of the results 
generated by the experiment are not as expected. Out of the top 100 stocks by 
information gain, only 38 of them constitute the current KLCI. Table 2 shows the top 
20 stocks by information gain with respect to KLCI. Since market capitalization is 
one of the criteria in selecting KLCI’s constituents, it is listed for every company in 
the third column. For example, AMMB is the 23rd highest companies in terms of 
market capitalization in Malaysia Exchange, which is MYR6775.2 million [5]. TIME 
is not one of the top 100 companies by market capitalization, but it is included in 
current KLCI and has the market capitalization of MYR519.41 million. 
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Although some of these stocks are not KLCI’s constituents, by the statistical 
analysis of information gain, their performance throughout this period of time are 
considered as worthy to KLCI’s performance. Several reasons may lead to the 
unexpected results. One is because the dataset spread across 31 December 2001 to 31 
December 2006. Hence, the experimental results represent the order of stocks by their 
collective information gain with respect to KLCI within this period of time. 

Out of the top 20 stocks (Table 2), only 4 of them do not constitute the current 
KLCI. We consider LEADER and MRCB as exceptional cases as they belong neither 
to KLCI nor the top 100 companies by market capitalization [5]. Nevertheless, both of 
these companies have been performing steadily. Market analyses considered the 
performance of LEADER, which has MYR257.5 million of market capitalization is 
ahead of expectation. Although not included in KLCI, AMMB-WA and PBBANK-
FOREI are sister companies of AMMB and PBBANK respectively.  

Table 2. Top 20 Stocks by Information Gain Evaluation 

No. Stock Status Remarks 
1 AMMB KLCI Market Cap.: 23rd  
2 RHBCAP KLCI Market Cap.: 24th  
3 TM KLCI Market Cap.: 3rd 
4 MAYBANK KLCI Market Cap.: 2nd  
5 GENTING KLCI Market Cap.: 8th  
6 COMMERZ KLCI Market Cap.: 5th  
7 TENAGA KLCI Market Cap.: 1st  
8 LEADER Non-KLCI Exceptional 
9 MRCB Non-KLCI Exceptional 

10 PBBANK KLCI Market Cap.: 6th  
11 AMMB-WA Non-KLCI Sister company of AMMB 
12 YTL KLCI Market Cap.: 17th  
13 MULPHA KLCI Market Cap.: 81st  
14 MAS KLCI Market Cap.: 28th  
15 BJTOTO KLCI Market Cap.: 24th  
16 PBBANK-FOREI Non-KLCI Sister company of PBBANK 
17 PLUS KLCI Market Cap.: 13th  
18 DRBHCOM KLCI Market Cap.: 82nd  
19 MAGNUM KLCI Market Cap.: 46th  
20 TIME KLCI Market Cap.: MYR519.41 Mil. 

In short, this experiment has sorted the stocks according to their worth or influence 
with regard to KLCI. We are surprised to observe that market capitalization of the 
stocks and their influence capabilities to KLCI may not be directly correlated. 

5   Chi-Square Test 

In this second experiment, we have applied χ2 (chi-square) test to discover the 
statistical correlation between every stock and KLCI. However, note that correlation 
analysis does not imply causality [2]. Table 3 shows the contingency table between 
stock AMMB and KLCI. The columns represent the distinct values of AMMB. NULL 
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value is possible when the trading information of AMMB is not available in certain 
trading days. The first and third rows represent the distinct values of KLCI. Out of 1232 
days of stock trading, there are 372 days where both AMMB and KLCI performed 
positively; and 368 days where both of them performed negatively. The chi-square test 
for the correlation relationship between AMMB and KLCI can be computed as 

56.213
47.0

)47.00(
...

81.284

)81.284171(

16.254

)16.254372( 222
2 =−++−+−=χ  

Table 3. Contingency Table Between KLCI and AMMB 

KLCI \ AMMB UP DOWN SAME NULL Total 
UP 372 171 107 1 651 

UP-Expected Frequency 254.16 284.81 111.49 0.53   
DOWN 109 368 104 0 581 

DOWN-Expected Frequency 226.84 254.19 99.51 0.47   
Total 481 539 211 1 1232 

By convention, we can reject the hypothesis that AMMB and KLCI are 
independent if its χ2 value exceed a threshold (significance value). However, as we 
intend to explore the chi-square value of all the stocks, we do not apply any threshold 
in this experiment. We have used 10-fold cross validation in this experiment [10].  

Table 4. Top 20 Stocks By Chi-Square Test 

No. Stock Status Remarks 
1 AMMB KLCI Market Cap.: 23rd  
2 RHBCAP KLCI Market Cap.: 24th  
3 TM KLCI Market Cap.: 3rd 
4 MAYBANK KLCI Market Cap.: 2nd  
5 GENTING KLCI Market Cap.: 8th  
6 COMMERZ KLCI Market Cap.: 5th  
7 TENAGA KLCI Market Cap.: 1st  
8 MRCB Non-KLCI Exceptional 
9 LEADER Non-KLCI Exceptional 

10 PBBANK KLCI Market Cap.: 6th  
11 AMMB-WA Non-KLCI Sister company of AMMB 
12 YTL KLCI Market Cap.: 17th  
13 MULPHA KLCI Market Cap.: 81st  
14 MAS KLCI Market Cap.: 28th  
15 BJTOTO KLCI Market Cap.: 24th  
16 PBBANK-FOREI Non-KLCI Sister company of PBBANK 
17 DRBHCOM KLCI Market Cap.: 82nd  
18 PLUS KLCI Market Cap.: 13th  
19 TIME KLCI Market Cap.: MYR519.41 Mil. 
20 UEMBLDR Non-KLCI Market Cap.: 89th  

Table 4 shows the top 20 stocks sorted according to their chi-square values. 
Comparing the results from information gain and chi-square test, different stocks are 
presented at 8th, 9th, and 17th – 20th. Likewise, 8th and 9th stocks are considered as 
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anomalies which may trigger further financial analysis. One significant difference 
between the lists generated by information gain and chi-square is on MAGNUM (19th 

in Table 2) and UEMBLDR (20th in Table 4). MAGNUM is placed at 22nd by chi-
square test. Despite not being as one of KLCI’s constituents, UEMBLDR is the 89th 
highest company in Malaysia Exchange by market capitalization. 

Nevertheless, the overall results generated by both information gain and chi-square 
test are generally consistent, which can be considered as a positive verification of the 
results from both experiments. Again, we can conclude that market capitalization and 
the performance of KLCI are not directly correlated in most of the cases. 

6   Decision Tree  

Different from the previous two experiments, we only select the 100 index 
components of current KLCI in this experiment. Having KLCI as the class attribute, 
we expect to derive a set of classification rules. Our experiment on DT is performed 
using the implementation of C4.5 in Weka [6, 10]. The best accuracy – 74.51% is 
obtained at 14-fold cross validation.  

Table 5. Classification Rules Derived from Decision Tree 

No. Classification Rules 

1 if AMMB=UP and RHBCAP=UP and TIME=UP then COMPOSITE=UP (191, 8) 

2 if AMMB=DOWN and MBB=DOWN and MAS=DOWN then COMPOSITE=DOWN (118, 5) 

3 if AMMB=DOWN and MBB=SAME and COMMERZ=DOWN then COMPOSITE=DOWN (80, 
12) 

4 if AMMB=DOWN and MBB=UP and MMBCORP=DOWN and TA=DOWN then 
COMPOSITE=DOWN (38,4) 

5 if AMMB=UP and RHBCAP=UP and TIME=SAME then COMPOSITE=UP (36, 3) 

6 if AMMB=SAME and MAS=UP and YTL=UP then COMPOSITE=UP (34, 1) 

7 if AMMB=UP and RHBCAP=DOWN and TENAGA=UP and GENTING=UP then 
COMPOSITE=UP (28) 

8 if AMMB=UP and RHBCAP=UP and TIME=DOWN and BERNAS=UP then COMPOSITE=UP 
(22) 

9 if AMMB=SAME and MAS=DOWN and GUTHRIE=DOWN then COMPOSITE=DOWN (18) 

10 if AMMB=UP and RHBCAP=DOWN and TENAGA=DOWN and DRBHCOM=DOWN and 
COMMERZ=DOWN then COMPOSITE=DOWN (18) 

With 220 leave nodes in the decision tree, it composes 293 classification rules. 
Based on the number of records covered by these rules, the top 10 rules are listed in 
Table 5. The figures followed after each classification rule indicate the number of 
records correctly and incorrectly classified by the rule respectively. Having the 
highest information gain, AMMB is selected as the root node. In the second level, the 
selected stocks are RHBCAP, MBB and MAS. All these 4 stocks are blue chip stocks 
which have high market capitalization. Using these classifications rules, we may 
observe the inter-relationships among these KLCI constituents as well.  
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7   Conclusion and Future Works 

In this paper, we have presented our experience and findings on exploratory stock 
data mining using information gain, chi-square test and decision tree. Extensive data 
pre-processing steps has been performed. Within the generated underlying patterns, 
we obtained some unexpected results, which trigger further investigation by the 
financial analysts. With proper data pre-processing, we believe that these insightful 
patterns will be of valuable knowledge for stock market analysis.   

For our future works, we plan to explore the temporal semantics of the dataset, 
such as the evolution of the correlation relationships among the stocks over a period 
of time. Having the patterns of stock data captured over time, we may perform 
similarity search among the stocks. Besides, the possibility of conceptualizing the 
relationships among stocks and indices ontologically will be investigated. 
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