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Abstract 
Using data mining for medical prognosis becomes a promising approach recently. In the mining process, the 
raw data are commonly suffering from outlier and imbalanced problems which affect the performance of the 
model in predicting the unseen data. Thus, choosing appropriate data mining algorithms has a straight  
forward impact on the prediction model. The objective of this study is to investigate the use of three kinds of 
data pre-processing techniques including outlier filtering, Synthetic Minority Over-sampling TEchnique 
(SMOTE) and attribute selections for improving the quality of breast cancer data at Srinagarind Hospital in 
Thailand. Three types of decision rule building techniques, i.e. Decision Table with Naïve Bays (DTNB),  
Repeated Incremental Pruning to Produce Error Reduction (RIPPER) and PART Decision List were employed. 
The performance of proposed approaches was evaluated through the Area Under the receiver operating 
characteristics Curve (AUC) of the decision rules. Experimental results have shown that applying the suitable 
data pre-processing, especially the outlier filtering method, can lead to the significant improvement of the 
prediction performance of decision rule models.  
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1. Introduction 

Breast cancer is a common cancer and the 
second largest cause of cancer death among women in 
all countries[1]. Death from breast cancer accounts 
for 1.6% of female deaths every year worldwide[2]. 
The mortality rates of breast cancer vary among 
different countries. The overall survival rate show 
that breast cancer from 18 SEER geographic is at 
89.2% [3] but 42.9% for Thai women [4]. Survival 
rates describe the percentage of people who 
survive a certain type of cancer for a specific 
amount of time. An overall survival rate  includes 
people of all ages and health conditions diagnosed 
with their cancer, including those diagnosed very 
early and those diagnosed very late [5]. 

The traditional tools for predicting the survival 
rate include Cox-Proportional hazard and Kaplan-Meier 
which reapplied to estimate the survival rate of a 
particular patient suffering from a disease over a 
particular time period[6]. Currently, data mining in 
the field of medical prognosis has shown to be 
more accurate than those traditional tools in            
predicting the new sample of breast cancer [7]. It 
provides many techniques such as decision tree, 
Neural Network, and rule-based method. Firstly, 
decision tree’s outcomes are easy to understand 
but the outcomes can be complicated when the tree 
becomes large [8, 9]. Secondly, Neural Network 
provides complicated outcome structure and hard 
to understand. Lastly, rule-based method is 
commonly exploited to form the decision rules 
which are more easily understood and can be 
combined with previous knowledge for medical 
practitioners to make appropriate decisions in their 
prognoses [10].   

A decision rule refers to a set of ‘If- Then’ 
conditions which exhibit the information and knowledge 

in data [11, 12]. This decision rule becomes necessary 
when a decision tree is too large to be interpreted. 
Many researchers have utilized rule-based 
techniques to generate decision rules. For example, 
Zhou and Jiang [13] applied C4.5rule to build their 
decision rules. Their results indicated that C4.5rule 
produces rules with high generalization ability. In 
spite of this, Alshammari and Zincir-Heywood [14] 
employed RIPPER to classify motor traffic log files 
and compared its performance and effectiveness 
with basic AdaBoost. Their results showed that 
RIPPER outperforms basic AdaBoost in terms of 
accuracy. On the other hand, a PART decision list 
was developed based on both C4.5rule and  
RIPPER methods to generate decision rules without 
global optimization to provide more accurate   
decision rules than C4.5 and RIPPER [15].  

However, survival data from the databases 
have some problems including missing data,   
outliers and imbalanced data frequently occur after 
applying data mining[16-18]. These problems  
directly affect the performance of the prediction 
models generated from data mining techniques [17-
19]. Therefore, without data pre-processing to 
improve data quality, these techniques hardly  
produce a significantly, accurate model [20, 21]. 
Many research studies have employed several 
techniques in pre-processing to improve the quality 
of data including filing the missing values, eliminating 
the outliers and balancing the data. For instances, 
Mussa and Tshilidzi [22] used Neural Networks and 
genetic algorithms to filing missing data. Their  
results indicated that the number of missing data 
effects the accuracy of the prediction model.          
Besides, Gamberger, Šmuc and Marić [23]         
presented algorithms to eliminate the outlier in 
medical domain. Their results showed that the  
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accuracy prediction models is significantly           
increased. Furthermore, Thong- kam, Xu, Zhang 
and Huang [24] introduced Support Vector Machine 
technique to detect outliers in cancers survivability 
prediction dataset. Their results demonstrated that 
this technique is superior to AdaBoost and Bagging 
techniques. To date, few research studies have  
investigated how much each technique affects the 
performance of prediction models especially in 
medical survival data.    

Therefore, this study investigated several 
data pre-processing techniques including outlier 
filtering, a Synthetic Minority Over-sampling 
TEchnique (SMOTE) [25] and a combination of 
outlier filtering, SMOTE and Relief [26], and carried 
out the implementation of rule-based techniques for 
generating the decision rules. 

The remainders of this paper include data 
pre-processing, decision rule, methodologies and 
experimental design, experimental results, discussions 
and conclusions. 

2. Data pre-processing 

Data pre-processing is an important step in 
data mining. It can be used to filter, transform,  
increase and decrease instances in data set mainly 
to improve data quality ensuring the model’s   
performance. In this section, Outlier Filtering, 
SMOTE and Relief are briefly reviewed.   

2.1 Outlier filtering  

Outlier Filtering (OF) is commonly utilized to 
identify outliers using distance measures to detect 
outsider instances using k-Nearest Neighbors (k-
NN) in order to improve the performance of  
classifiers [12, 27]. In this study the C-Support 
Vector Classification Filter (C-SVCF) [24] was  

employed to identify and eliminate outliers. This is 
because this C-SVCF algorithm is effective in  
classifying two classes in classification problems 
[28], and is a new generation learning algorithm 
based on recent  advances in statistics, machine 
learning and pattern recognition [24, 29]. 

2.2 SMOTE 

SMOTE is commonly applied to resize the                
imbalanced data. It utilizes a synthetic minority 
over-sampling technique to match the majority class 
by taking minority class instances and introducing 
synthetic instances [25]. Several research studies 
have exploited SMOTE to balance their data sets. 
For example, He, Han and Wang [30] applied 
SMOTE to ensemble classifiers trained on data sets. 
Their results indicated that SMOTE can enhance the 
C4.5 classifier performance. Similarly, Pelayo and 
Dick [31] employed SMOTE to resize the minority 
class to match the majority class. Their results 
demonstrated that SMOTE improves the accuracy 
of four NASA benchmark models.  

2.3 Relief 

Relief [26] is an instance-based attribute  
ranking algorithm utilizing the random sampling to 
locate the nearest neighbour from the same and 
opposite classes. This method is suited to selecting 
relevant attributes to improve the effectiveness of 
prediction models [32]. Relief for attribute selection 
defined from the weight wj on input feature j can be 
computed in Equation 1. 

 
)()( sjdjj xxPxxPw ≠−≠=    (1) 

  
Where xj refers to the randomly selected  

training sample, and xd and xs are the two nearest 
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training instances to xj in the same class and a  
different class, respectively. Moreover, )( dj xxP ≠ is 
the probability of nearest training instances to xjin 
the same class, and )( sj xxP ≠ is the probability of 
nearest training instances to xj in the different class. 

3. Decision rules 

In this section, the background of decision 
rules including DTNB, RIPPER and a PART Decision 
List is outlined. 

3.1 Decision table with naïve bays 

DTNB [33] is the combination model 
proceeded as the traditional stand-alone Decision 
Table (DT). However, it evaluates the merit 
associated with splitting the attributes into two 
disjoint subsets in order to searching at each point: 
one for the decision table and the other for Naïve 
Bays (NB). Therefore the selected attributes are 
modeled by NB at each step and the remainder by 
the decision table. 

3.2 RIPPER  

RIPPER [34] is a well-known decision rules  
induction method in which accuracy is increased by 
revising individual rules and combining cross-
validation and minimum-description length 
techniques to prevent the over fitting problem [35]. 
Therefore, the accuracy of decision rules produced 
from RIPPER is increased [34, 35].  

3.3 PART decision list 

PART decision list [15] is a new method for 
inducting decision rules by combining both C4.5 
and RIPPER to: a) find and generate a set of rules 
by exploiting a rule induction approach, b) adopt 

the divide and conquer strategies to build a sub-
tree, and c) construct rules from the sub-tree. 
Although this method is similar to C4.5 rule, it 
avoids constructing a complete decision tree and 
leads to improving the training time. Unlike RIPPER, 
a PART decision list produces each decision rule 
corresponding to the leaf with the largest coverage 
in the partial decision tree [36]. In this way, the 
PART decision list generates and prunes a partial 
decision tree, handles missing data, numerical and 
discrete attributes, and provides accurate rule sets 
[15, 36, 37].   

4. Methodologies 

In order to build 5-year breast cancer 
survivability decision models, the background of 
breast cancer survivability is explained. The data 
preparation, data pre-processing framework and 
experimental design are presented.  

 4.1 Data preparation 

In this paper, the breast cancer data sets 
were obtained from Srinagarind Hospital. This  
hospital is the only medical school associated  
hospital in northeastern Thailand established in 
1972 as part of the faculty of medicine at Khon 
Kaen University. The total data of breast cancer 
became 4,462 records as of January 2007. 
However, some attributes are missing and unknown 
values comprise of more than 30%. This may be 
due to the fact that some patients were diagnosed 
in this hospital but received treatments in other 
hospitals. In order to compute the 5-year breast 
cancer survivability data sets, the selected 
attributes are displayed in Table 1.  
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Table 1 Input attributes  
No. Attributes Name Initial Values 

1 Age (Age) Number 

2 Marital status (Mars) Category(3) 

3 Occupations (Occ) Category(19) 

4 Basis of diagnosis (Dx) Category(6) 

5 Topography (Top) Category(8) 

6 Morphology (Mor) Category(12) 

7 Stage (Stage) Category(4) 

8 Extent (Ext) Category(4) 

9 Received surgery (Surg) Category(2) 

10 Received radiation (Radi) Category(2) 

11 Received chemotherapy (Chem) Category(2) 

12 Received hormone (Horm) Category(2) 

13 Received Immune (Immu) Category(2) 

14 Survivability (Class attribute) (Class) Category(2) 

Table 1 shows the attributes and the attribute 
names used in this study. These attributes were 
chosen as the powerful prognostic factors identified 
in most studies [38] For example, Topography 
consists of nine values which point out the position 
of cancer in breast that related to the choice of 
treatments in the clinical trial. Moreover, the extent 
of disease is aggregated attribute with Morphology 
to see the patterns related to the breast cancer 
survival periods. The class attribute is composed of 
two classes including ‘Dead’ and ‘Alive’. The ‘Dead’ 
class refers to patients who died within five years 
following the diagnosis. On the other hand the 
‘Alive’ class refers to patients who have survived for 
more than five years after the diagnosis. Moreover, 
the instances with unknown of values in each 
attribute are excluded. Therefore, the initial 
numbers of instances are displayed in Table 2. 

 

 

Table 2  The initial numbers of instances 
Data Sets Years ‘Dead’ ‘Alive’ Total 

5-year 
Surviability 1985-2002 210 314 524 

 
4.2 Data Pre-processing  

Pre-process is an important step in data  
mining. It is used to improve the data quality by 
eliminating outliers, balancing classes and selecting 
attributes [39]. Padmaja, Dhulipalla, Bapi and 
Krishna[40] utilized a three step framework to      
improve data quality: 1) employ k-Nearest Neighbours 
(k-NN) to eliminate outliers in a minority class, 2) 
apply over-sampling to increase the size of the 
minority class, and 3) exploit under-sampling to 
reduce the size of the majority class. Nevertheless, 
in this paper, investigation has been conducted not 
only the combination of outlier elimination and over-
sampling but also the integration of attribute 
selection approaches as follows. 

1) Apply C-Support Vector Classification filtering 
(C-SVCF) to identify and eliminate outliers from both 
‘Dead’ and ‘Alive’ classes.   

2) Utilize SMOTE to increase the size of the  
minority class to the same size of majority class by 
using the different ratio between  majority and 
minority classes.  

3) Select the top nine relevant attributes arranged 
by Relief. 

As a result, the number of instances 
corresponding 5-year breast cancer survivability 
data sets is tabulated in Table 3.  
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Table 3  The number of instances after applying 

pre-processing 
Approaches Number of instances Diff. 

Ratio 

 

Number of 

attributes Classes Total 

‘Dead’ ‘Alive’ 

Raw 210 314 524 49.52 14 

SMOTE 313 314 627 0.31 14 

OF 136 232 368 70.58 14 

OF +SMOTE 233 232 465 0.42 14 

OF +SMOTE+Relief 233 232 465 0.42 10 

Note: Different ratio = ((majority class– minority class)/ majority 

class)*100 

Table 3 illustrates the number of instances in 
both classes (‘Dead’ and ‘Alive’) of 5-year breast cancer 
survivability data sets after data pre-processing. It 
seems that using C-SVCF to filter outliers leads to 
increase imbalanced problem to the data sets. 

4.3  Experimental design  

In order to evaluate the performance of the 
preprocessing, stratified 10-fold cross-validation 
[12]and AUC were applied as the procedure to  
validate the decision rules in order to minimize the 
variance and bias associated with the results [41, 
42]. This is because they are popular methods in 
data mining widely used in medical research.They 
are also able to increase the performance of models 
which results in a greater reliability. There are six 
main processes of stratified 10-fold cross-validation 
which are displayed as follow. 
1) Divide the data set into a set of ‘dead’ and 

‘alive’ subclasses.  
2) Assign a new sequence number to each set of 

subclasses. 
3) Divide each subclass into 10 subsets called 

fold. 

4) Combine each fold of each subclass into a 
single fold. 

5) Combine nine folds as a training set and 
remaining fold as a test set. 

6) Repeat step five using different fold of test set 
each time nine times. The average of AUC 
score would be computed to demonstrate the 
performance of prediction models. 

Ten iterations of stratified 10-fold cross-validation 
were used. This means that 100 prediction models 
of each technique were built in order to minimize 
the uncertainty of these experimental results.   
Besides, AUC is an alternative measure for evaluating 
the predictive ability of learning algorithms based 
on the true positive rate against the false positive 
rate [43-45]. Moreover, the average AUC is chosen 
as a performance selection criterion of filtering 
methods in the classification tasks. It usually has 
scores between 0 which is the lowest performance 
and 1 which is the highest performance so that the 
results are easy to be understood [46].  

5. Experimental results 

In these experiments, WEKA version 3.7 [36] 
was selected as a data mining tool. This is because 
it provides several data pre-processing and learning 
algorithms in data mining and machine learning.            
In order to evaluate the effectiveness of data            
pre-processing, the generalization performance of 
5-year breast cancer survivability, decision rules 
generated from DTNB, RIPPER [34] and a PART 
Decision list [15] is employed. Furthermore, random 
seed one of stratified 10-fold cross-validation is 
exploited to divide 5-year breast cancer survivability 
data sets into training and test sets to reduce 
variance and bias of prediction results. Then, this 
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test was run for 10 iterations to increase the 
reliability of the results. 

5.1 Area under ROC curve 

Area Under the receiver operating 
characteristic Curve (AUC) is used to evaluate the 
performance of classifiers in both balanced and 
imbalanced classification problems such as that 
presented in  medical data sets [47-49]. In this 
experiment, the AUC score of 5-year breast cancer 
survivability classifiers generated from DTNB, 
RIPPER and PART after data pre-processing is 
presented in Table 4. 

 

Table 4 The average AUC score of 5-year decision 

models 

Pre-processing 
The averageAUC of Classifiers (%) 

DTNB RIPPER PART 

Raw 71.29±6.76 68.82±5.65 65.89±7.64 

SMOTE 71.13±6.31 68.15±5.88 65.75±6.48 

OF 92.99±5.92 89.36±5.74 90.88±5.86 

OF +SMOTE 92.99±4.38 88.79±4.95 91.20±4.97 

OF +SMOTE+Relief 92.80±4.77 89.72±4.72 92.13±4.46 

Average 84.24 80.96 81.17 

Table 4 demonstrates the overall AUC score 
of 5-year breast cancer survivability decision rules 
generated from DTNB, RIPPER and the PART  
decision list after applying SMOTE, OF, C-SVCF 
+SMOTE and OF+SMOTE+Relief. The experimental 
results showed that the average AUC scores of 
DTNB (92.80%) are superior to RIPPER 
(89.72%)and a PART Decision List (92.13%) in 5-
breast cancer survivability data sets after employing 
the OF +SMOTE+Relief. 

5.2  Decision rules for 5-year survivability 

In this section, 5-year breast cancer 
survivability decision rules are built using the PART   
Decision List which provides visual rule base.  
Unlike DTNB, PART Decision List are unable to 
present the visual rules. Therefore, PART Decision 
List was employed to generate the rules from a 
whole data set which involves 465 instances after 
employingOF +SMOTE. In order to interpret decision 
rules, the example of the rules computed from the 
PART Decision List technique is illustrated in Table 
5.  

Table 5  Rule for decision-making 

Rule No. Conditions 

Rule 1: ext = 3 AND Dx = 7: 1 (158.0/2.0) 
Rule 2: ext = 5: 0 (104.0/8.0) 
Rule 3: ext = 4 AND age <= 68 AND occ = 1 AND top 

= 509 AND mor = 8500: 0 (78.0/3.0) 
Rule 4: ext = 2: 1 (19.0) 
Rule 5: mor = 8000 AND age > 37 AND age <= 67: 0 

(10.0) 

Table 5 presents the 5-year breast cancer 

survivability rules generated from the PART decision 

list. Each rule provides the number of the coverage 

( eragencov ) and uncorrected cases ( incorrectn ). 

Therefore the accuracy of each rule can be  

computed as Equation 2. 

 

erage

incorrecterage

n
nn

accuracy
cov

cov −
=  (2) 

Results of the first five rules, for example are 

interpreted as follows: 
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Rule 1: If a patient with direct extension (‘ext’ = ’3’) 
and histology of primary (‘Dx’ = ‘7’) at the first 
diagnosis, the model correctly predicted 
98.73% ((158-2)/158) for this patient to live 
more than 5 years after the first diagnosis.  

Rule 2: If a patient with distant metastases (‘ext’ = 
‘5’) at the first diagnosis, the model correctly 
predicted 92.30% for this patient to live less 
than 5 years after the first diagnosis.  

Rule 3: If a patient with regional lymph nodes (‘ext’ 
= ‘4’), age less than 68, labor occupation 
(‘occ’=’1’), breast (NOS) (‘top’ = ‘509’) and 
infiltrating duct carcinoma (‘mor’ = ‘8500’), 
the model correctly predicted 96.15% for this 
patient to live within 5 years after the first 
diagnosis. 

Rule 4: If a patient with localized (ext = ‘2’) at the 
first diagnosis, the model correctly predicted 
100% for this patient to live 5 or more years 
after the first diagnosis.   

Rule 5:If a patient with neoplasm (‘mor’ = ‘8000’) 
and age between 37 to 67 years old, the 
model correctly predicted 100% for this 
patient to live within 5 years after the first 
diagnosis.  

6. Discussions 

Pre-processing including Outlier Filtering 
(OF), SMOTE and a combination of three methods 
(OF, SMOTE and Relief) are investigated in this  
paper in order to enhance the generalization  
performance of 5-year breast cancer survivability 
decision rules. These rules were generated by 
DTNB, RIPPER and PART decision list.  

Firstly, we found that after applying outlier 
filtering and SMOTE, the accuracy of 5-year breast 
cancer survivability decision rules using DTNB was 

significantly increased up to 21.32%. These findings 
were consistent with those of Padmaja et al.[40] 
who found that the different performance  
improvements of classifiers are obtained after  
eliminating outliers rather than using over-sampling 
to resize the minority class to match the majority 
class. This may be because using the outlier filtering 
method reducing the insignificance resulting in 
increasing the performance of the model.  

Secondly, the experimental results in this 
study presented that exploiting the right attribute 
selection method leads to the performance          
improvement of the decision rule models. This   
observation is also evidenced by Yi and Fuyong 
[50] who claimed that the most practical machine 
learning algorithms are less concerned with 
selecting the  irrelevant attributes that may damage 
the accuracy of the model. This may due to the fact 
that some  attribute selection method scan be able 
to identify the significance attributes in the data set.  

Lastly, another important finding is that the  
average AUC of the model generated from DTNB is 
superior to the average AUC the model generated 
from RIPPER and PART in 5-year breast cancer 
survivability data sets. Correspondingly, Ozbakir 
and Delice [51] found that the DTNB is better than 
PART in heart cancer and world breast cancer data 
sets. This may due to the fact that DTNB is 
performed well in the data set with less outlier. 

7. Conclusions 

In this paper, we have investigated the use 
of data pre-processing and decision rule building 
for the study of Thai breast cancer survivability 
prediction. The data pre-processing including 
outlier filtering SMOTE and combination of outlier 
filtering with SMOTE, outlier filtering with SMOTE 
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and Reliefisutilized to improve the data quality. And 
the 5-year cancer survivability decision rule models 
are generated by DTNB, RIPPER and a PART 
decision list to demonstrate the effectiveness of the 
proposed approaches. The Experimental results 
have showed that applying outlier filtering, outlier          
filtering+SMOTE and SMOTE are able to generate 
the better decision rule models. Therefore, we 
believe that employing the suitable method for data 
pre-processing can lead to the enhancement of the 
generalization performance. Moreover the decision 
rules built from this study are expected to provide 
meaningful and interpretable findings to medical 
practitioners in real applications. 
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