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Abstract - Data Analysis and classification is widely used in 

many applications. Classification is one of the data mining 

methodologies which help to assign data in a collection to 

target classes. The objective of this work is to develop a rough 

set based Neuro-fuzzy inference system for decision making 

with high predictive accuracy. In this work, we have proposed 

an enhanced technique to incorporate the concept of rough set 

theory with Neuro-fuzzy system to minimize the uncertainties 

of the data set by removing the redundant attributes. The goal 

of classification is to forecast accurately the target class for 

each data case. Huge volumes of data will usually have a large 

number of attributes and there will be lot of missing and 

invalid attributes. To overcome these shortcomings due to 

invalid or missing attributes we incorporate rough set 

approximation concept with Neuro-fuzzy. Thus, the proposed 

system will increase the accuracy of the classification even 

with missing attributes and the rules generated thereby 

resulting in efficient classification of decision attributes based 

on the condition attributes. The proposed methodology can be 

used for forecasting and prediction techniques such as clinical 

diagnosis, stock market prediction, weather forecasting, 

landslide prediction and so on. 
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I. INTRODUCTION 

 

Data mining is an interdisciplinary field of computer science 

that deals with the process of discovering new patterns from 

large data sets. Classification is one of the major domains in 

data mining. The classification system needs data for training 

the system. However the system may not classify the data if 

the data contains invalid or missing attribute(s).Huge volumes 

of data are more prone to have missing attributes and those 

data with missing attributes are hard to classify. Rough set 

analysis helps to synthesize approximation of concepts from 

the acquired data. It helps to classify the data even the data 

have uncertainties such as missing or don‟t care attributes. The 

attribute concept value method deals with replacement of 

missing attribute with a valid attribute whereas on the other 

hand rough set is also helpful in forming reduct [9] which is 

the set containing minimum number of attributes that can be 

used for classification and decision making. 

 

 

One of the most commonly used classification system is 

Artificial Neural Networks (ANNs). ANN consists of 

interconnecting artificial neurons. The basic architecture 

consists of three neuron layers: input, hidden, and output. 

Multilayer perceptron contains multiple layered computational 

neurons, interconnected in a feed-forward way. Every neuron 

in one layer is connected directly to the neurons of the 

successive layer. Back propagation is a common learning 

algorithm for ANN. The algorithm can be divided into two 

phases, propagation and weight update. There are two modes 

of learning, namely on-line learning and batch learning. The 

online learning will be used when there is weight update 

needed immediately after propagation where as in batch 

learning weight update is done after some propagation are 

done. The neuro-fuzzy models can be used to retrieve 

qualitative and quantitative information [7]. Rough set 

incorporated with neuro-fuzzy system will help to classify the 

data even it has some attributes missing [12]. Rough set 

incorporated with will further improve the performance metrics 

when compared to simple neuro-fuzzy system. The neuro-

fuzzy model was used in several systems for classification. The 

rough set based neuro fuzzy system is used in stock market 

price prediction which generates rules with higher 

interpretability and accuracy [1]. Also rough set can be used in 

rule based applications in which the rule based models are 

incorporated with rough set [3]. 

 

II. RELATED WORK 

 

Biswajeet Pardhan et al (2010) [2] has proposed “Landslide 

Susceptibility Mapping by Neuro-Fuzzy Approach in a 

Landslide-Prone Area”. The system is used for landslide 

mapping by interpreting aerial photographs and satellite image. 

For this work a spatial database that is related to landslide 

susceptibility modeling has been acquired for the Cameroon 

islands. The study area covers 26.7km
2
. The study area has 

only 3.04% of the total area under the very high slope 

category. Lithology and the area structure play a major role in 

determining the sites of failure. There was a total of eight land 

slide conditioning factors were analyzed. Rainfall is taken as 

the triggering factor. A Normalized Difference Vegetation 

Index (NDVI) was considered as a landslide conditioning 

parameter. The sugeno model was used to generate fuzzy rules. 

The verification results showed 97% accuracy for a model 

which employs all parameters for landslide conditioning 

factors. J.Liet al (2009) [5] has proposed “A Novel Neuro-

Fuzzy Model-Based Run-to-Run Control for Batch Process 

with Uncertainties”. Here Model uncertainties are handled 

using updating algorithm. The model aims to optimize the 

operation policy of batch process. Iterative Learning Control 

(ILC) has been used in the batch-to-batch control of batch 

processes. In this work a run-to-run control with neuro-fuzzy 

model updating mechanism was developed. The Neuro-fuzzy 

System used here is a multilayer feed forward network 

integrates the TSK-type fuzzy logic system and RBF neural 

network into a connection structure. Simulation results show 

that by updating the model from batch to batch, the control 

profile converges to the corresponding suboptimal solution. 

 

Moreoet al (2010) [6] has proposed “Maneuver Prediction for 

Road Vehicles Based on a Neuro-Fuzzy Architecture With a 
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Low-Cost Navigation Unit”. The system is used for collision 

avoidance in on roads using Road Intelligent Transportation 

system. Here the classification system is implemented using a 

IHDR-base method and a supervised version of dFasArt. IHDR 

algorithm is appropriate for operation with high volume of 

data. Four different circuits were used in the three tests carried 

out in this experiment. For vehicle to vehicle communication 

wireless local area network and ad-hoc network are used. To 

integrate the data coming from different sensors, a set of 

extended Kalman filters with different kinematic models were 

used. The results of the experiments carried out using IHDR 

and SdFasArt were compared and SdFas supplies good and 

consistent predictions with lower computational cost compared 

with IHDR algorithm. Several experiments with real data 

showed that this method provides 97% correct predictions with 

latency value of 0.3s. 

 

V. H. Hinojosa et al (2010) [4] has proposed “Short-Term 

Load Forecasting Using Fuzzy Inductive Reasoning and 

Evolutionary Algorithms”. In this paper fuzzy inductive 

reasoning is applied to the problem of short-term load 

forecasting (STLF) in power systems for a day in advance. The 

FIR and SRA methodology is applied to the Ecuadorian power 

system as an application example. Results are compared with 

other STLF methodologies. The objective is to increase the 

optimization speed drastically. Load forecasting for 1 to 

several hours in advance for the hourly programming very 

short term methodology is applied in supervision and control 

of real-time operation. This innovative algorithm finds other 

correlation mask that produces an accurate load forecasting 

compared with the masks obtained by original FIR and other 

STLF models. With this methodology both quantitative 

variables and qualitative variables without any complex 

formulation have been incorporated to the model. R.Nowicki 

(2009) [8] has proposed “On Combining Neuro-Fuzzy 

Architectures with the Rough Set Theory to Solve 

Classification Problems with Incomplete Data”. The paper 

presents a better approach for fuzzy classification in case of 

missing features. In this work rough set theory is incorporated 

into Neuro-fuzzy structures based on Modified Indexed Centre 

Of Gravity (MICOG) defuzzification is used. The Mamdani 

type classifier is transformed to a rough-neuro-fuzzy classifier. 

The work presented the neuro-fuzzy classifier for working in 

case of complete attributes and rough-neuro-fuzzy classifier in 

case of missing features. The model uses four inputs, three 

rules and two possible cases. The system has been applied to 

solve several problems with missing features. Experimental 

results showed that the proposed system is characterized by the 

best performance in case of missing features. 

 

 

Robert Nowicki (2009) [10] has proposed “Rough Neuro-

Fuzzy Structures for Classification with Missing Data”. The 

goal of this work is to find whether a data belongs to a class or 

not. Thus there is only either of the two decisions yes or no. 

The problem of decision support in case of limited edge can be 

solved by applying Bayesian decision theory and knowledge of 

posterior possibilities. In this paper, the authors developed a 

new algorithm for classification in the case of incomplete 

knowledge about classified object. The main idea is to 

combine fuzzy methods with the rough set theory. The goal is 

to develop a transformation of the classifier, so that it could 

also work when some data are unavailable. The system has 

been applied to solve several problems with missing features. 

The results of three of them, i.e., Iris flower classification (Iris) 

and table glass identification (GI), and Pima Indians Diabetes 

(PID). In each experiment, data are randomly divided into a 

learning sequence containing 80% instances and a testing 

sequence containing 20% instances. 

 

III. SYSTEM DESIGN 

 

The proposed system processes the raw data set using rough 

set theory in order to handle the first level of uncertainty due to 

missing attributes and then the data are processed using neuro-

fuzzy from which the rules are inferred. The figure Fig 3.1 

represents overall system architecture of the proposed system 

which incorporates rough set with neuro-fuzzy system. Data 

pre-processing is necessary before the data set is used because 

it may contain impure data. Rough set approximation theory is 

used in data pre-processing there by the first level of 

uncertainty is by dealing data with missing attributes. The 

neuro-fuzzy system will make use of the trained data set that 

results from rough set approximation that handles uncertainties 

due to missing data. 

 
 

Fig 3.1. System Architecture 

 

The rules are generated by the fuzzy logic by using the 

membership functions which handles the next level of 

uncertainty. Thus the system will generates rules by using data 

even with missing attributes. The rules extracted by the neuro-

fuzzy system are stored in the knowledge base. These rules are 

used in future by the inference engine to deal with user query. 

The knowledge base can be a database or flat file. The user 

query is passed through the Inference engine. The engine 

matches the query with the rules available in the knowledge 

base. Based on the rules and the input provided by the user it 

infers the result and shows it to the user. Dataset consists of 

different attribute values stored in flat files. The Life insurance 

dataset is used to demonstrate the work. Each data has 14 
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attribute values out of which 13 attributes are condition 

attributes and the remaining one is the decision attribute. The 

dataset contains unclean data which should be processed 

before being used. Data pre-processing is necessary before the 

dataset is used because it contains impure data. Hence pre-

processing is done to clean and normalize the data before it is 

manipulated. This is done by performing various operations on 

the data such as removing redundant data, removing outliers, 

data segregation, data normalization etc., 

 

Once the dataset is harmonious, the degree of dependency of 

the decision attribute with respect to each condition attribute is 

computed. This is done by comparing the tuples of the dataset 

with all attributes except the given attribute. Similar tuples are 

grouped together into equivalent classes and the positive 

region is computed from which degree of dependency is 

calculated. The higher the degree of dependency, greater is the 

importance of the attribute. An attribute a Є C is called 

superfluous with respect to D if the condition (1) gets satisfied. 

 

K(C-{a}, D)/K(C, D) =1                                                         (1) 

 

Otherwise “a” is indispensable in C. Eliminating a superfluous 

C-attribute will not decrease or increase the degree of 

dependency. This means that this attribute is not necessary for 

the decision. In most cases it is quite not possible to find a 

totally redundant attribute. In that case, we calculate the 

relative dependency of each condition attribute and take into 

account those attributes whose dependency value is greater 

than a particular value. Thus we generate the minimal set of 

attributes which should be input to the algorithm [11]. Once 

the degree of dependency is calculated, the attributes with 

degree of dependency above a threshold value are selected to 

be used. The remaining attributes which fall below the 

threshold are discarded as the removal of these attributes will 

not result in reduction of classification rate of the dataset. The 

neuro-fuzzy system will make use of the trained data set that 

results from rough set approximation that handles uncertainties 

due to missing data. The back propagation neural network 

system should be trained using the trained data set. The rules 

are generated by the fuzzy logic by using the membership 

functions which handles the next level of uncertainty. Thus the 

system will generates rules by using data with missing 

attributes. The extracted rules are stored in the knowledge 

base. The user query is passed through the Query engine which 

matches the query with the rules available in the knowledge 

base and infers the result. 

 

A. Algorithm 

The following algorithm fig.3.2. is used for Rough set 

Approximation which includes the computation to find 

attribute-value pairs, characteristic set and upper and lower 

approximation sets. 

Rough set Approximation Algorithm: 

 

Input: The set of all cases U and set of attributes A. 

Output: A single local covering of set U 

Assumption: Let „?‟ denotes “missing/lost values” 

//Get the blocks of attribute-value pairs for each a Є A do 

if A(x, a) = ‟?‟ then 

B[(a, v)] = A[v] 

end 

end 

// Find the characteristic set KB(x) 

KB(x) = Intersection of blocks of attribute-value pairs (a, v) a 

Є B and A(x,a) = A[v] 

// Derive the characteristic relation for each x Є KB(x) then 

if [ X – {x}  KB then X = X - {x} 

L(x) = {x Є U | KB(x) X} U(x) = {x Є U | KB(x) ∩ X} ≠ } 

end 

end 

 

Attribute value pair block is the block containing the collection 

of data which contains the same attribute values. The data with 

missing attribute(s) (denoted by “?”) will be considered for all 

the attribute value pair blocks formed for the attributes of the 

same kind. The characteristic set is formed by considering the 

attribute value pair block. This set is constructed for each row. 

It is formed by taking intersection among all the attribute value 

pair blocks which include that row. The Lower and Upper 

approximation sets are formed from the characteristic sets 

formed. They can be computed by using the equations. Using 

these sets we can decide whether to include the data with 

missing attribute(s) into an equivalence class or not. 

 

IV. PERFORMANCE METRICES 

 

Classification Accuracy - It is the measurement of the 

percentage of accuracy of the classification result is with the 

actual result. Classification Rate - It is the measurement of 

time taken for classification which measures how fast the 

system is in order to classify the data and to infer the results for 

a query. 

 

A. Other Parameters 

True Positive rate - eg., Life insurance='YES' and 

Classification Result='YES'. True Negative rate - eg., Life 

insurance='NO' and Classification Result='NO'. False Positive 

rate - eg., Life insurance='NO' and Classification Result='YES. 

False Negative rate - eg., Life insurance='YES' and 

Classification Result='NO'. 

 

V. DATASET DESCRIPTION 

 

To demonstrate the work insurance data set is used. The data 

set is collected from UCI Repository which is one of the 

repositories used for research. Each data in the data set 

contains 14 attributes. There are data with complete attributes 

as well as data with missing attributes. The data set is 

maintained in form of flat files and can be used directly by the 

system. 

 

A. Attribute Information  

1. CUSTOMER SUBTYPE: 1, 2, 3,…., 41  

2. AVERAGE SIZE HOUSEHOLD: 1, 2,…, 6  

3. AGE: 1(20 – 30), 2(30 – 40), 3, 4, 5, 6(70 – 80)  

4. MARRIED: yes,no  

5. CHILDREN: yes, no  

6. HIGH STATUS: yes, no  

7. ENTERPRENEUR: yes, no  

8. FARMER: yes, no  

9. MIDDLE MANAGEMENT: yes, no  

10. SKILLED LABOURERS: yes, no  

11. RENTED HOUSE: yes, no  
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12. NO CAR: yes, no  

13. AVERAGE INCOME: 1, 2,…, 8  

14. LIFE INSURANCE: yes, no  

 

VI. RESULTS AND DISCUSSION 

 

The system developed helps us in classifying the data even 

with missing attributes. The proposed system was developed 

using C language and was tested using Life insurance data set. 

Experimental analysis shows that rough set based neuro-fuzzy 

system offers better performance when compared to simple 

neuro-fuzzy system. 

 

 
 

Fig 6.1. Comparison of Data Size used to generate rules 

 

The performance enhancement is achieved by classifying the 

data with missing attributes. Rules are generated for both data 

with complete and data with missing attributes. This improves 

the system performance to generate more rules with improved 

classification accuracy. The following figure will illustrate the 

comparison between rough set based neuro-fuzzy and simple 

neuro-fuzzy systems. 

 

VII. CONCLUSION 

 

Rough set theory is useful to identify rules from data sets with 

incomplete data. This approach can handle three types of 

missing attribute values: “do not care" attribute values, 

attribute-concept values and lost values. In this work rough set 

approach is used to overcome the shortcomings due to missing 

attributes and hence improves the classification accuracy. Thus 

rough set approach helps us to classify the data even some 

attributes are missing. The rough set approach is incorporated 

with Neuro-Fuzzy system. Neuro-Fuzzy system is used to 

classify the data by extracting rules from the input data. Rough 

set helps the classification system to classify the data with 

enhanced classification rate. Rules can be formed with minimal 

number of attributes or by replacing the missing attributes 

which reduces the complexity involved while forming rules. 

This makes the Neuro-Fuzzy system to offer a better 

classification even with missing attributes in data. On the 

whole rough set approach incorporated with Neuro-Fuzzy 

system will help in classification of data with improved 

efficiency. The future work can focus on the classification of 

data containing don‟t care attributes also using the rough set 

based neuro-fuzzy system. Don‟t care attributes are those 

which do not impact on the decision attribute whatever may be 

the value of the attribute. In such cases those attributes can be 

removed from the data set prior to classification process. 
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