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ABSTRACT 

 
If the given fact for an antecedent in a fuzzy production rule 
(FPR) does not match exactly with the antecedent of the rule, the 
consequent can still be drawn by technique such as fuzzy 
reasoning. Many existing fuzzy reasoning methods are based on 
Zadeh’s Compositional rule of Inference (CRI) which requires 
setting up a fuzzy relation between the antecedent and the 
consequent part. There are some other fuzzy reasoning methods 
which do not use Zadeh’s CRI. Among them, the similarity-
based fuzzy reasoning methods, which make use of the degree 
of similarity between a given fact and the antecedent of the rule 
to draw conclusion are well known. In this paper, new Fuzzy 
Decision Tree (FDT) has been constructed by using weighted 
fuzzy production rules (WFPR). In WFPR, assign a weight 
parameter to each proposition in the antecedent of a fuzzy 
production rule (FPR) and assign certainty factor (CF) to each 
rule. Certainty factors have been calculated by using some 
important variables (e.g. effect of other companies, effect of 
other stock exchanges, effect of overall world situation, effect of 
political situation etc) in dynamic stock market. Finally, our 
proposed approach will be able to predict stock share indices, 
and improve computational efficiency of data mining 
approaches 
. 
Keywords Data Mining, Fuzzy Logics, Decision Tree, 
Neural Networks.  
 
1. INTRODUCTION 
 
Time series data are of growing importance in many new 
database applications, such as data mining. A time series is a 
sequence of real numbers, each number representing a value at a 
time point. For example, the sequence could represent stock or 
commodity prices, sales, exchange rates, weather data 
biomedical measurements, etc. Different similarity queries on 
time-series have been introduces [1, 2]. For example, we may 
want to find stocks that behave in approximately the same way 
(or approximately the opposite way) for hedging; or products 
that had similar selling patterns during the last year; or years 
when the temperature patterns in two regions of the world were 
similar. In queries of this type, approximate, rather than exact, 
matching is required. However mining different queries from 
huge time-series data is one of the important issues for 
researchers. In useful data mining techniques like classification 
and clustering, to handle time-series data is one of the 
stimulating research issue.  

First we convert dynamic time series data segment 
into equal set of pattern (sample), which are appropriate for 
general data mining method, and use the attributes of these static 
samples as the basis for exploratory fuzzy rule induction. Each 
static sample consists of a set of fuzzy attributes and each fuzzy 
attribute consist of a set of linguistic terms. By using these 
linguistic terms, we calculate classification attribute. From the 
stock investor perspective, the simple change in the general 
trend (i.e., from increasing to decreasing) is very important, 
since it may trigger a buying or a selling action.  Therefore to 
analyze every simple change, we have used powerful fuzzy 
reasoning method in our algorithm.  

The general data-mining method (such as FDT) can 
then be used directly on the information database to uncover the 
rules for predicting the length of sample (i.e., the turning point 
of a stock market quotation).  FDT’s are perhaps successful 
methods for accurate decision making. It can provide a high 
level of predictive accuracy, which rarely do they facilitate 
human inspection or understanding. FDT can be build by using 
our algorithm to training these static samples. Our proposed 
FDT can be used to generate and mine WFPR’s. The 
representation power of WFPR’s can be enhanced by including 
several knowledge parameters such as weight and certainty 
factor. Many factors are affecting stock market directly or 
indirectly, in this paper we have analyzed some factors which 
will be presented in next section. We use these factors to 
evaluate certainty factor in WFPR’s.  
The reminder of this paper is arranged as: section 2 construction 
of FDT, section 3 experimental results (extract WFPR’s from 
FDT), and finally conclusion in section 4.  
 
2. PROCESSING (FDT CONSTRUCTION) 
 
FDT induction can be used to generate and mine WFPR’s and 
the representation power of WFPR’s can be enhanced by 
including several knowledge parameters such as weight and 
certainty factors [3]. In this section, we present a new FDT by 
enhancing these parameters. We use some live parameters which 
can affect stock market directly or indirectly.  

Our proposed FDT [4, 5] was based on minimum 
classification information entropy to selected expanded 
attributes. This concept proposed by Quinlan in 1986 [6]. In this 
paper, we extract WFPR’s from FDT by using parameters, 
weight and certainty factors. FDT has four components: set 
patterns, Fuzzification of numerical numbers, similarity-based 
fuzzy reasoning method, built fuzzy decision tree to training 
fuzzy sets examples. The following sections will present the 
comprehensive study of these components of FDT.  



 
In first step of FDT we identify patterns, and then 

fuzzy sets are used to optimize the profitability of the identified 
patterns. Historical data is very important for stock prediction. 
Using information how stock performed in the past, we can 
predict stock indices the best course of action to take now.  

In second component of FDT to define fuzzy sets 
selection. For fuzzy sets defining, we use triangular fuzzy 
membership function corresponds to each patterns. In next fuzzy 
reasoning, we check that given fact for an antecedent in a fuzzy 
production rule does not match exactly with the antecedent of 
the rule, and then consequent can be drawn by using our 
proposed similarity-based fuzzy reasoning method. After fuzzy 
reasoning we construct fuzzy decision tree for training data. In 
the following sections these components are outlined in detail.  

 
2.1 Set Patterns for FDT 
 
In first step of FDT to identify patterns, then fuzzy sets are used 
to optimize the profitability of the identified patterns. We 
convert dynamic time series stock market data segment into 
equal set of pattern, which are appropriate for general data 
mining method, and use the attributes of static samples as the 
basis for exploratory fuzzy rule induction. These samples 
consider as a static samples.  
 
2.2 Fuzzification of Numerical Numbers 
 
Fuzzification is a process of fuzzifying numerical numbers into 
linguistic terms, which is often used to reduce information 
overload in human decision making process. The numerical 
salary, for example, may be perceived in linguistic terms such as 
high, average and low. Linguistic terms are simple forms of 
fuzzy values but generally their membership functions are 
unknown and need to be determined. One way of determining 
membership functions of these linguistic terms is by expert 
opinion or by people’s perception. Yet another way is by 
statistical methods [7]. An algorithm for generating certain type 
of membership functions, which is based on self-organized 
learning [8], can be found in [9].   
Let X is a given data set which will be sample into k   linguistic 
terms kjT j ,...,2,1, = . The triangular membership function 

is denoted as �A(x) and is defined as:  

 

A triangular membership function can be represented by a triple 
numbers ),,,( hml  where l  is lower number, m  is mid point 

and h is higher number in the triangular membership function.  
Consider Open attribute from table I has three linguistic 
terms )3( =k , we can find membership function for these 
linguistic terms as: 

 
It is obvious that the three linguistic terms can be described as 
Low, Medium and High. The second column of Table II shows 
the membership degree of the attribute Open belonging to the 
three membership functions. Similarly we can find membership 
function for others attributes and result shows in table II. 
 
2.3 Similarity-based Fuzzy Reasoning 
Method 
  
The similarity measure between linguistic terms can be defined 
their membership functions. In this section we propose another 
similarity-based fuzzy reasoning method, which calculates the 

similarity between A  and 'A using equality and cardinality as 
Yeung et al [10]. In our algorithm certainty factor (CF) is the 
key point. In previous similarity-based method certainty factor is 
just assign for strength of every rule but here we first calculate 
certainty factor by applying some variables in stock market. Let 
us first calculate similarity measure, which is denoted 
by ),'( iic aaE and defined as: 
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Figure 1: The Components of Fuzzy Decision Tree  
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TABLE I: One sample from stock exchange databases 
 



                  TABLE II: Training Set with Fuzzy Representation    
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It is observed that ),'( AAEc , which is the degree of equality 

of ia' in ia , differs from ),'( iic aaE  and 

1),'(0 ≤≤ iic aaE , for instance, if ii aa =' , then 

1),'( =iic aaE . Again if aiiic aaE λ≥),'(  for all ia', 

the rule can be fired and the aggregated weighted average, 

wAG  is defined as  
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After the aggregated weighted average has been calculated, two 
modification functions are proposed to modify the consequent 

'C .  

 

{ } )8....()*/(,1min' 5.0µwAWCC =  

 where µ  is defined as: 
5.0

2
ορδγµ −−+=  

where ορδγ ,,,  are active variables that can affect stock 
market. 

The following shows what 
'C  can be drawn for each of the 

three cases: 

Case 1: The antecedent A  has only one proposition  
)9)..(,'(),'( 11 AAEaaEAW ccw ==  

Since � =
=n

i iww
11 1/ with n=1 If  

1),'( aiic aaE λ≥  

then   
 
Depending on whether we want to restrict or dilate the 

membership value ofC . 
Case2: The antecedent A  has two or more proposition 
connected by “AND” 
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Figure 2: Fuzzy Decision Tree by using our proposed algorithm to train table II  
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If aiiiDS aaS λ≥),'(  for all ),1( ni ≤≤ then  

)12}....()*/(,1min{ 5.0' µwAWCC =  

Case3: The antecedent A  has two or more propositions 
connected by “OR” This rule can be split into n simple rules as 

shown in Case1, i.e., ),'( iiCw aaEAW = Because for each 

� =
= n

j jwni
1

,,....,1 is reduced to a single term iw , and 

becomes 1/ =ii ww  

If i∃ s.t. aiiic aaE λ≥),'( , for all ),1( ni ≤≤ then 
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In this paper, we are interested to predict dynamic stock 
exchange databases. Therefore, we are considering four possible 
cases for every consequent portion. Consequent places 
(conclusion) have been considering every possible fluctuation in 
dynamic stock market. Here is the simple example that we have 
used in our algorithm:    

IF 1a  is 1fa  AND 2a is 2fa  THEN C  is fc , ( CF = µ ), 

},{ 21 aaTh λλ= , },{ 21 wwW = e.g., IF Open is low 

AND Close is low THEN Signal is low 
 
2.4 FDT Algorithm  
 
We first formulate a problem of learning from examples with 
fuzzy representations. Consider a set of examples 

},.......,{ 21 Nppp which is defined as the universe of 

discourse X , where X  is denoted as },.....,2,1{ N . Let 
)()2()1( ,.....,, nAAA  and )1( +nA  be a set of fuzzy attributes 

where )1( +nA  denotes a classification attribute. Each fuzzy 

attribute )( jA  consist of a set of linguistic term 

},.....,,{)( )()(
2

)(
1

)( j
mj

jjj LLLTL =                                                 

)1,....,2,1( += nj . All linguistic terms are defined on the 

same universe of discourse X . The value of the thi  example 

ip  with respect to the thj  attribute, denoted by ijµ , is a fuzzy 

set defined on )1,...2,1,,...,1)(( )( +== njNiTL j . In 

other words, fuzzy set ijµ  has a form of 
)()()(

2
)2()(

1
)1( /.....// j

mj
mj

ij
j

ij
j
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where 
)(k

ijµ denotes the corresponding membership 

degree jmk ,.....,1= . To illustrate these notations, we 

consider an example shown in table I which describes a small 
training set of learning from fuzzy.  
Assume that these linguistic terms is consider as a set of 
data D , where each data has l  numerical values for 

n attributes )()2()1( ,.....,, nAAA .  
We take the reasonable sample size from 

n attributes )()2()1( ,.....,, nAAA .   
1.   Generate the root node that has a set of all data, i.e.,  
      a fuzzy set of all data with the membership value 1. 
2.   If a node O  with a fuzzy set of data D  satisfies the  
      following conditions: 

2.1 the proportion of a data set of a class kC  is 

greater than or equal to a threshold rθ , that is  

)15......(
||

||
,r

C

D
D K

θ≥  

2.2 there are no attribute for more classifications, 
      then it is a lead node and assigned by the class name. 
3.   If it does not satisfy the above conditions, it is not a                        
leaf and the test node is generated as follows: 
Consider a test node S  having n attributes to be selected. For 

each ),1( nkk ≤≤ the attribute )(kT takes km fuzzy 

subsets (linguistic terms), .,.....,, )()(
2

)(
1

k
mk

kk LLL  )1( +nA  

denotes the classification attribute, taking values 

.,.....,, )1()1(
2

)1(
1

+++ n
m

nn LLL  For each attribute value (fuzzy 

subset), )1,1()(
k

k
i minkL ≤≤≤≤ , its relative 

frequencies concerning the thj fuzzy class 

)1()1( mjL n
i ≤≤+

at the considered nonleaf node S  is 

defined as 
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At the considered nonleaf node S , the fuzzy classification 

entropy of  )1,1()(
k

k
i minkL ≤≤≤≤  is defined as  
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The averaged fuzzy classification entropy of the thk attribute is 
defined as  
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in which iw  denotes the weight of the thi  value 
)(k

iL and is 

defined as  
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The above FDT aims to search for an attribute such that its 
average fuzzy classification entropy attains minimum, i.e., 

selecting such an integer ok  (the thko  attribute) 

that knkko EMinE ≤≤= 1 . 

 
 
 
 



3. EXPERIMENTAL RESULTS 
 

We demonstrate our approach on the stock market database. 
Dynamic time series stock market includes date, open, low, 
high, close and volume attributes. In this paper we have taken 
open, close, and volume attribute because by these attributes 
investors pay more attention on movements of stock shares to 
every single unit of time. In this section we extract WFPR’s 
from FDT.  

 
3.1 WFPR’s Extraction from FDT 
 
We can extract WFPR’s from FDT shown in figure 3: 
Rule1: IF (Open=Low) AND (Close=Low) AND 
(Volume=Low) THEN (Optimal Signal=Low), (

1CF =0.95, 

1jw =5.65, 4jw =7.35, 7jw ) 

Rule2: IF (Open=Low) AND (Close=Med) AND 
(Volume=High) THEN (Optimal Signal=Med), (

2CF =0.85, 

1jw =1.65, 5jw =5.56, 9jw =1.45) 

Rule3: IF (Open=High) AND (Close=Low) AND 
(Volume=Med) THEN (Optimal Signal=Low), (

3CF =0.75, 

3jw =1.45, 4jw =3.15, 8jw =7.45) 

Rule4: IF (Open=Med) AND (Close=High) AND 
(Volume=Low) THEN (Optimal Signal=High), (

4CF =0.65, 

2jw =5.25, 6jw =3.58, 7jw =2.23) 

Rule5: IF (Open=Low) AND (Close=High) AND 
(Volume=Low) THEN (Optimal Signal=High), (

5CF =0.60, 

1jw =5.98, 6jw =2.05, 7jw =4.45) 

Rule6: IF (Open=High) AND (Close=High) AND 
(Volume=High) THEN (Optimal Signal=High), (

6CF =0.55, 

3jw =0.65, 6jw =2.53, 9jw =2.35,) 

 
4. CONCLUSION  
 
This paper presents a new FDT for unpredictable dynamic stock 
exchange databases. Most of the existing data mining techniques 
are not so efficient to dynamic time series databases. FDT has 
been constructed with power of WFPR’s. It is based on 
minimum classification information entropy to select expanded 
attributes. In similarity-based fuzzy reasoning method we 
analyze WFPR’s which are extracted from FDT. The analysis is 
based on the result of consequent drawn for different given facts 
(e.g. variables that can affect stock market) of the antecedent. 
Proposed method has some advantages such as accurate stock 
prediction, efficiency and comprehensibility of the generated 
WFPR’s rules, which are important to data mining. These 
WFPR’s allow us effectively classify patterns of non-axis-
parallel decision boundaries using membership functions 
properly, which is difficult to do using attribute-based 
classification methods.  

  We are now applying our algorithm for generating 
WFPR’s from online stock market data. For experimentation, we 
are using historical data. By using information how stock 
performed in the past, you can use our system to predict the best 
course of action to take now. 
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