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Abstract: Rough sets have been proposed for a very wide variety of applications. In particular, the 

rough set approach seems to be important for Artificial Intelligence and cognitive sciences, especially 

in machine learning, knowledge discovery, data mining, expert systems, approximate reasoning. The 

problem of imperfect knowledge has been tackled for a long time by philosophers, logicians and 

mathematicians. Recently it became also a crucial issue for computer scientists, particularly in the 

area of Artificial Intelligence. There are many approaches to the problem of how to understand and 

manipulate imperfect knowledge. Rough set theory has more advantage than fuzzy set and any other 

theory like probability theory etc. This paper presents some Rough Set theory concept and its 

applications over  various fields. 

 

Index Terms—Rough set theory, Approximation spaces and Set approximation, Missing value 

handling, Rule induction, Software Systems, Cluster analysis, Applications of classification. 
 

I. INTRODUCTION 

Rough sets are applied in many domains, such as, medicine, finance, telecommunication, 

vibration  analysis, conflict resolution, intelligent agents, image analysis, pattern recognition, control 

theory, process industry, marketing, banking risk assessment etc. It also presents an introduction to 

logical, algebraic and topological aspects and major extensions to standard rough sets. Discovering 

possible areas of application. 

 

The main advantages of the rough set approach are as follows: 

• It does not need any preliminary or additional information about data − like probability in statistics, 

grade of membership in the fuzzy set theory.  

 

• It provides efficient methods, algorithms and tools for finding hidden patterns in data. 

• It allows to reduce original data, i.e. to find minimal sets of data with the same knowledge as in the 

original data. 

• It allows to evaluate the significance of data.  

• It allows to generate in automatic way the sets of decision rules from data.  

• It is easy to understand.  

• It offers straightforward interpretation of obtained results.  

• It is suited for concurrent (parallel/distributed) processing.  
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• It is easy internet access to the rich literature about the rough set theory, its extensions as well as 

interesting applications, e.g. http://www.rsds.wsiz.rzeszow.pl 

 

 
 

 

II.  Basic Concepts of Rough Sets 

 

INFORMATION SYSTEM: A data set is represented as a table, where each row represents a case, 

an event, a patient or simply an object. Every column represents an attribute (a variable, an 

observation, a property etc.) that can be measured for each object; the attribute may be also supplied 

by human expert or users. This is called an information table.  More formally, it is a pair   S = (U, A), 

where  U is a non-empty finite set of objects called the universe and A is a non-empty finite set of 

attributes such that a: U → Va for every a ∈ A. The set Va is called the value set of  a. Based on the 

information given, if the decision column is not given then the table is called the information table. 

 

EXAMPLE: A very simple information table which shows two cases or objects  𝒙𝟏, 𝒙𝟐, and two 

attributes Ages and LEMS (Lower Extremity Motor Score). 

 

Table: 1 Information System: 

 

OBJECTS AGE LEMS 

𝑥1 16-30 50 

𝑥2 16-30 0 

 

 

DECISION SYSTEM: A decision system is any information system of the form  S = (U, A ∪ {d}) 

where  d ∉ A is the decision attribute. The elements of  A are called conditional attributes or simply 

conditions.   

 

EXAMPLE:The table 2 represents a decision system with two conditional attributes and a decision 

attribute 
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Table: 2 Decision Table 

OBJECTS AGE LEMS WALK 

𝑥1 16-30 50 YES 

𝑥2 16-30 0 No 

𝑥3 31-45 1-25 No 

𝑥4 31-45 1-25 YES 

𝑥5 46-60 26-49 No 

𝑥6 16-30 26-49 Yes 

𝑥7 46-60 26-49 No 

 

From table 2 is found that the cases 𝑥3 and 𝑥4 as well as 𝑥5 and 𝑥7 still have exactly the same values 

of conditions, but the first pair has different value of the decision attribute while the second pair has 

the same value. 

 

EQUIVALENCE RELATION: 

A binary relation 𝑅 ⊆ 𝑋 × 𝑋 which is reflexive (i.e. an object is in relation with itself 𝑥𝑅𝑥), 

symmetric (if 𝑥𝑅𝑦 then 𝑦𝑅𝑥) and transitive (if 𝑥𝑅𝑦 and 𝑦𝑅𝑧 then 𝑥𝑅𝑧) is called an equivalence 

relation. The equivalence class of an element 𝑥 ∈ 𝑋 consists of an object 𝑦 ∈ 𝑋 such that 𝑥𝑅𝑦. 

 

INDISCERNIBILITY:  

Let 𝑆 = (𝑈, 𝐴) be an information system, and 𝑃 ⊆ 𝐴. A binary relation 𝐼𝑁𝐷𝑠(𝑃) defined in the 

following way  

𝐈𝐍𝐃𝐬(𝐏) = {(𝐱, 𝐲) ∈ 𝐔𝟐| ∀ 𝐚𝐏 , 𝐚(𝐱) = 𝐚(𝐲)} 

 

is called a P-indiscernibility relation. If (𝒙, 𝒚) ∈ 𝑰𝑵𝑫𝒔(𝑷), then x and y are indiscernible (or 

indistinguishable) by attributes from P. The equivalence classes of the P-indiscernibility relation are 

denoted by[𝒙]𝑷. 

 

DISCERNIBILITY MATRIX: 

The study on the indiscernibility of the objects is carried out by Skowron and Rauszer (1992). In this 

study, indiscernibility function and indiscernibility matrix related to the creation of efficient 

algorithms for creating minimal feature subsystems sufficient to define all the aspects in a given 

information system are presented.  

Let us assume that A is an information system that contains n number of objects. The indiscernibility 

matrix  MA for the information system A is a n×n symmetrical matrix, containing the elements c pq  

shown below. Each element cpq  of this matrix comprises the attributes set that distinguishes the 

objects  xp and  xq . 

Cpq = {a ∈A|a(XP) = a(Xq),  (p,q = 1,2,……….,n)   

Conceptually the indiscernibility matrix MA is  a |U|×|U| matrix. In order to generate the 

indiscernibility matrix. Let us consider the different object pairs. Because  cpq  = cqp  and  c pp  = ∅ for 

all objects  xp and  xq , it is not necessary to calculate half of the elements when generating the 

indiscernibility matrix  MA . That will lead to a reduction in computational complexity. 

 



 
 Journal of Applied Science and Engineering Methodologies  

Volume 3, No.2, (2017): Page.447-455  
www.jasem.in 

450 

 

CORE:The set of attributes which is common to all reducts is called the core. The core is the set of 

attributes which is possessed by every legitimate reduct, and therefore consists of attributes which 

cannot be removed from the information system without collapse of the equivalence class structure. 

The core may be thought of as the set of necessary attributes, for the category structure to be 

represented. 

 

APPROXIMATION SPACES AND SET APPROXIMATION: 

Let us consider given a set of objects 𝑈 called the Universe and an indiscernibility relation 𝑅 ⊆ 𝑈 ×

𝑈 representing our lack of knowledge about elements of 𝑈.Let us assume that 𝑅 is an equivalence 

relation. A pair (𝑈, 𝑅) is an approximation space where 𝑈 is the Universe and 𝑅 is an equivalence 

relation on 𝑈. Let X be a subset of U, i.e. 𝑋 ⊆ 𝑈 The main goal is to characterize the set X with respect 

to R. By R(x), denote the equivalence class of R determined by elements x .The indiscernibility 

relation represents they lack of knowledge about the universe 𝑈. Equivalence classes of the relation 

R, called granules represents an elementary portion of knowledge they able to perceive due to R. 

Using this indiscernibility relation they are not able to observe individual objects from U but only the 

accessible granules of knowledge described by this relation.  

 

Lower approximation: 

The set of all objects which can be with certainty classified as members of X with respect to R is 

called the R-lower approximation of a set X with respect to R, and denoted by 𝑹∗(𝒙).  

i.e. 𝐑∗(𝐗) = {𝐱: 𝐑(𝐱) ⊆ 𝐗}.  

 

Upper approximation: 

The set of all objects which can be only classified as possible members of X with respect to R is called 

the R-upper approximation of a set X with respect to R, and denoted by 𝑹∗(𝒙). 

 i.e. 

𝐑∗(𝐗) = {𝐱: 𝐑(𝐱) ∩ 𝐗 ≠ ∅}. 

 
 

 

Negative Region: 

The set 𝑼 − 𝑹∗(𝑿) represents the negative region, containing the set of objects that can be definitely 

ruled out as members of the set X. 
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Boundary Region: 

The set of all objects which can be decisively classified neither as members of X nor member of –X 

with respect to R is called the boundary region of a set X with respect to R, and denoted by 𝑹𝑵𝑹(𝑿).  

i.e. 

𝐑𝐍𝐑(𝐗) = 𝐑∗(𝐗) − 𝐑∗(𝐗).  

 

 
 

Crisp Set: 

A set X is crisp (exact) with respect to R if and only if the boundary region of X is empty.  

The four basic classes of rough sets, i.e. four categories of vagueness: 

1.   A set X is roughly R-definable, iff 𝑹∗(𝑿) ≠ ∅ and 𝑹∗(𝑿) ≠ 𝑼. 

2.   A set X is internally  R-undefinable, iff 𝑹∗(𝑿) = ∅ and 𝑹∗(𝑿) ≠ 𝑼. 

3.   A set X is externally R-undefinable, iff 𝑹∗(𝑿) ≠ ∅ and  𝑹∗(𝑿) = 𝑼. 

4.   A set X is totally R-undefinable, iff 𝑹∗(𝑿) = ∅ and  𝑹∗(𝑿) = 𝑼. 

 

Missing value handling: 

There are two main reasons why an attribute value is missing: either the value was lost (e.g., was 

erased) or the value was not important(such values are also called "do not care" conditions). 

Therefore, rule induction requires pre processing, where missing attribute values are replaced by 

appropriate values i.e. positive values. 

 

An Example of a Dataset with Missing Attribute Values:  

 

case              Attributes                                       Decision                

Temperature Malaria Fever Nausea Shivering 

1 very- high yes yes No Yes 

2 ? yes ? Yes No 

3 normal  no yes Yes No 

4 normal  ? no No Yes 

5 high no yes No No 

6 high no no Yes No 

7 normal yes no No Yes 

 

 

 

 

Rule induction: 
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Rule induction is one of the most important techniques of machine learning. Since regularities hidden 

in data are frequently expressed in terms of rules, rule induction is one of the fundamental tools of 

data mining at the same time. Usually rules are expressions of the form (attribute − 1, value − 1) and 

(attribute − 2, value − 2) and ··· and (attribute − n, value − n) then (decision, value). Some rule 

induction systems induce more complex rules, in which values of attributes may be expressed by 

negation of some values or by a value subset of the attribute domain. 

Rule length: Rule length is the number of elementary condition elements in the rule. 

Rule strength:Rule strength is the number of objects in the data set that have the property described 

by the conditions and the decision of the rule. 

Exact rule: Exact rule an outcome corresponds to one or more different conditions.  

Approximate rule: Approximate rule the same condition corresponds to more than one outcome. 

Note that exact rules are generated for the set of objects in the lower approximation, while 

approximate rules are generated for the boundary.  

Rule support: Rule support is the number of all objects in the data set that have the property described 

by the conditions of the rule.  

Rule coverage:Rule coverage is the proportion of the objects in the training set that are identifiable 

by this rule. Both rule coverage and rule support are estimators of the conditional probability.  

Rule acceptance: Rule acceptance is a subjective measure that reflects the user confidence in the 

extracted rules. It is more general than the rule support and rule coverage. The rule acceptance 

measure can be expressed as the number of condition terms of a rule.  

Discrimination level: Discrimination level measures the level of precision with which a rule 

represent the corresponding objects. 

 

III. Software Systems for Rough Set 

1.Rough Set Exploration System (RSES).RSES is a toolset used for analysis of data using concept 

of the Rough Set theory. 

2.Rosetta:The Rosetta system (Rough Set Toolkit for Analysis of Data) is a toolkit for analyzing 

datasets in tabular form using Rough Set Theory. 

3.Rose2:ROSE (Rough Sets Data Explorer) is another software that implements Rough Set Theory 

and other techniques for rule discovery. 

4.Waikato Environment for Knowledge Analysis (WEKA):The project WEKA, Waikato 

Environment for Knowledge Analysis  is a machine learning software suite developed at the 

University of Waikato, New Zealand. 

5.TASTools for Analysis and Synthesis of Concurrent Processes using Rough Set Methods. 

6. PROB ROUGH A System for Probabilistic Rough Classier  Generation.  

7. KDD-RRough Sets-Based Data Mining System. 

8. Rough Fuzzy LabA System for Data Mining and Rough and Fuzzy Sets Based Classification. 

 

IV. Cluster analysis 

Cluster analysis is the task of grouping a set of objects in such a way that objects in the same cluster 

are more similar to each other than to those in other clusters. Cluster analysis is an important function 

in data mining. A good clustering algorithm should possess expansibility; fast process high handle 
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dimensions of data, and is insensitive to noise. Some conventional clustering methods and their 

limitations are reviewed in detail. 

Market Segmentation: 

To subdivide a market into distinct subset of customers where each subset can be targeted with a 

distinct marketing mix. 

Document Clustering: 

1. To find groups of documents that are similar to each other based on  important terms appearing in 

them. 

Stock market: 

1.Observe stock movements everyday 

2.Clustering points: Stock–{UP / DOWN} 

3.Similarity measure: Two points are more similar if the events described by them frequently happen 

together on the same day. 

Deviation/Anomaly Detection: detect significant deviations from normal behaviour. 

1. Ex. Detection of fraudulent credit card transactions. 

2. Detection of intrusion of a computer network. 

 

V. Applications of Classification 

Marketing: Goal: Reduce cost of mailing by targeting set of consumers likely to buy a new cell 

phone product. 

Approach: Use the data collected for a similar product introduced in the recent past. 

             Use the profiles of customers along with their {buy, didn’t buy} decision. The profile of the 

information may consist  of demographic, lifestyle and  company interaction. 

Fraud Detection: Goal:  Predict fraudulent cases in credit card transactions. 

Approach: Use credit card transactions and the information on its account holders as 

attributes(important information: when and where the card was used). Label past transactions as 

{fraud, fair} transactions to form the class attribute. Learn a model for the class of transactions and  

use this model to detect fraud by observing credit card transactions on an account. 

Medical:  Medical diagnosis, an important application of data mining, is a complicated task which 

needs to be executed very accurately based on symptoms. Medical databases usually contain high 

degree of ambiguity. Applications of Rough sets to medical diagnosis has been very successful 

because rough sets offer tools which are very efficient in handling ambiguity in data. From an 

information system of patients’ records, minimum set of attributes are obtained through reducts.  

Case studies: 

1.Treatment of duodenal ulcer by HSV . 

2.Analysis of data from peritoneal lavage in acute pancreatitis. 

3.Supporting of therapeutic decisions. 

4.Knowledge acquisition in nursing. 

5.Diagnosis of pneumonia patients.  

6.Medical databases (e.g. headache, meningitis, CVD) analysis. 

7.Image analysis for medical applications. 

8.Surgical wound infection. 

9.Classification of histological pictures.  
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10.Analysis of factors affecting the occurrence of breast cancer among women treated in US military 

facilities . 

11.Analysis of factors affecting the differential diagnosis between viral and bacterial meningitis. 

12.Developing an emergency room for diagnostic check list. 

A case study of appendicitis. 

Analysis of medical experience with urolithiasis patients treated by extra-corporeal shock wave 

lithotripsy. 

Diagnosing in progressive encephalopathy.  

Automatic detection of speech disorders.  

Rough set-based filtration of sound  applicable to hearing prostheses. 

Discovery of attribute dependencies in experience with multiple injured patients. 

Modelling cardiac patient set residuals . 

20.Multistage analysis of therapeutic experience with acute pancreatitis. 

1. 21.Breast cancer detection using electro-potentials . 22.Attribute reduction in a database for 

hepatic diseases. 

2. 23.EEG signal analysis. 

Social sciences, others: 

1. conflict analysis . 

2.Social choice functions. Rough sets in librarian science. 

3.Rough sets based study of voter preference. 

4.Analysis of test profile performance. 

5.Online prediction of volleyball game progress. 

Following are some of the many real time applications of rough sets: 

a. Pattern Recognition 

b. Emergency room diagnostic medical 

c. Acoustical analysis 

d. Power system security analysis  

e. Spatial and meteorological pattern classification 

f. Bioinformatics 

 

VI. Conclusion 

Rough Set properties such as indiscernibility, reduct, core, discernibility matrix etc. are applied 

effectively in attribute reduction, rule mining and evaluation, missing value handling and clustering. 

This results in several novel algorithms in these selected areas. 

This study is an approach to knowledge discovery from incomplete, vagueness and uncertain data. 

Rough sets have been proved to be a very useful tool in handling such ambiguity. Rough sets help in 

framing propositional rules from databases which are then used in expert systems. This paper 

reviewed Rough Set Theory and the various application areas of rough set theory. 
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