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Abstract: Big Data is a current burning challenge for the data 

analytics research community. Many conventional data analytics 

techniques have been extended to the MapReduce framework to 

process Big Data. But in our literature review, we find that for 

the MapReduce system there is an absolute lack of rough set-

based technique. To facilitate this and recognize the importance 

of the rule-based classification techniques, we suggest a rough-

set associative classification rules extraction process for the 

MapReduce framework. The implementation and evaluation of 

the Big Data Standard data set demonstrated the efficiency of our 

suggested approach. 

I. INTRODUCTION 

In the recent era of development, the magnitude of data 

increasing at uncontrollable speed, the mining of Big Data 

and the discovery of knowledge is conceivably a new 

challenge. Rough set theory was applied effectively in data 

mining to detect knowledge. MapReduce's approach 

subsequently noted a great deal of interest from both groups, 

such as scientific and industry, for its importance throughout 

big data research. With the escalation of information and 

communication technology, vast amounts of data are 

collected in various forms through various sources such as 

gadgets and sensors. In order to process such data, 

autonomous or coupled applications usually go beyond the 

zeta scale, the need for computation is successively 

required. With rapid growth and updating of big data in real-

life applications, the latest challenge is to quickly obtain 

helpful information with big-data mining methods. Google 

built a system called MapReduce to process big data, to 

effectively evaluate huge amounts of data, to carry huge 

disseminated data sets on clusters of computers. MapReduce 

turns out to be a popular cloud computing environment 

model. Go ahead with Google's work, there are numerous 

developments in MapReduce and a lot of conventional 

methods linked to the MapReduce framework. 

To determine formerly unknown patterns efficiently from 

huge databases Data mining has turned out to be a burning 

issue for decision-maker. RST was invented by Pawlak in 

1982 as the usual mathematical theory, the representation of 

knowledge in the area of relevance in terms of the 

equivalence relationship group [1]. 

Rough sets don’t need any overture or supplementary 

information concerning data similar to probability in 

probability theory, grade of membership in fuzzy set theory 

this is the primary advantage of it. Several rough-set 

methods to data mining have been applied successfully at 

present [2]. 
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Since it is a useful tool for dealing with vagueness, 

incompleteness and elusiveness, the roughest theory has 

recognized both theoretical and practical awareness as it was 

launched in 1982[3]. Several extensions were introduced to 

address the requirements of actual applications in order for 

tolerance [4], similarity [5], relations of governance[6], two-

fold relationships[7], wrappers[8], and environs[9] to take 

care of indiscernibility[2]. Various hybrid systems, for 

example decision-making rough sets [10], game theoretical 

rough sets [11], floating rough sets and raw fluctuation sets 

[12] have evolved as a combination of new theories. These 

theoretical frameworks are useful in a broad range of areas, 

for instance knowledge on the detection of credit fraud, 

medical diagnosis, databases, fault analysis, selection of 

features, outlier detection, etc.[13–24]. 

Because of the plenty of noisy, immaterial or deceptive 

features, vague and conflicting information in real life issues 

has become a major requirement for the selection of 

features. Rough sets [25-27] are capable of removing 

ambiguity and vagueness, of finding patterns in conflicting 

information. 

Rough set 

 Rough set theory is a method for working out the 

incidence of imprecision. RST expansion is a 

classical set theory, for use corresponding 

indistinctness or elusiveness. A rough set involves 

working on the edge regions of the set [28]. The 

idea of space approximation is a fundamental RST 

scheme that can be an ordered pair P = (N, S), 

where 

 P  system for information, 

 N  group of objects are nonempty, also known as 

the universe, and 

 S uniformity relation on N, nothing but the 

indiscernibility relation. If a, bϵN, & aRb, a and b 

be identical in P. 

Each class of uniformity stimulated by S is known as a 

basic set in N, a group of finite traits can be symbolized as 

N / S. Any finite union of basic sets in P is a definable set P. 

Pro aϵU, let [A]S refer the uniformity class of S includes a. 

Pro every      , A characterized within P via a couple of 

sets, its min and max approximations in P be defined as 

correspondingly: 

                  

                     . 
 

Rough set P includes every subsets of N by the identical 

min and max approximations. 
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Rule generation is the fundamental job in any system of 

learning [29]. At this point, we illustrate how generate 

decision rules based on the reduct system acquired as of the 

relation with the equivalence relations related by attribute 

sets may be used to produce decision rules. Presume that a 

set P = {pi, pi, . . . , pn} of autonomous attributes and a only 

dependent attribute k. Here no constraint of generalization, 

since we are passing through merely the division 

information of θk, and therefore k can be a compound 

attribute achieved from Q   Ω. 

Presume that the division induced by means of θp is {A1, 

A2, . . . , Au}, and the lone induced via θk is {B1, B2, . . . , 

Bv}. Through every Ai link the set Ni = {Bj : Ai ∩ Bj = {}}. 

Because the sets B1, B 2, . . . , Bv partition N, we get: If a   

Ai, then a   Bj1 or . . . or a   Bji(j) . every class Ai of θP  

communicates to a feature vector (ai)1_i_n, where a   Ai  if 

and as long as fp1 = a1 and & fpn(a) = xn, likewise, a   Bj if 

& provided that fk(a) = yj pro some yj   Vk. Equation leads 

to the a rule form: If fp1(a) = x1 and & fpn(a) = xn after that 

fk(a) = yj1 or . . . or fk(a) = yji(j) . 

In the RST, distinguish two different kinds of rules: 

deterministic & non-deterministic rules: If a class Ai of θp 

intersects precisely one Bj, after that Ai   Bj , and the worth 

of k of any a   Ai is distinctively resolute. Or else fk(a) 

possibly Ni contained in any class and it contain a suitable 

disjunction on the RHS of Equation. A class Ai is nothing 

but deterministic if it included in some Bj , or else call it 

indeterminisic. If every classes of Ai be deterministic 

afterward θp   θk as well as k is dependent on P. 

 According to us, the majority of conventional algorithms 

driven by rough sets are chronological algorithms and rough 

set tools available now can only run on a individual 

computer on its own to handle huge data sets. The rough set 

of parallel computation approximations is implemented in 

the direction of enhancing rough sets applications in the data 

mining field and handling huge data sets. And the use of 

MapReduce Technique[30] can achieve this parallel 

approximation. 

map () input to the mapping function as a pair and 

generate the key, the value pairs. MapReduce clusters 

together all the values linked by the same k key and convert 

them to the reducer() function.  

reduce () Reduce is the function that uses the output of 

the map function as input as key k and its associated values. 

These values are merged together to form a perhaps smaller 

set of values. By performing sorting and shuffling, it 

generates reduced values from the Map function.  

The storage system which is used by Hadoop applications 

is the Hadoop Distributed File System (HDFS). A data 

block generates numerous reproductions of HDFS and 

assigns these reproductions to data nodes to allow reliable, 

extremely fast computing. Hadoop consists of two key 

elements: a file storage space and a dispersed processing 

system. The primary key element in file storage space is also 

called HDFS (Hadoop Distributed File System). It gives 

reliable, scalable, relatively inexpensive storage. HDFS 

stores the file crossways of all servers in a cluster. By 

repeatedly checking cluster servers and blocks that monitor 

HDFS data and ensuring ease of use of information. The 

subsequent very important element of Hadoop is nothing but 

"MapReduce" the parallel data processing framework. The 

code for HDFS (Hadoop distributed file system) and 

MR(Map Reduce) runs on the same set of nodes. It enables 

the implementation of java source code in MapReduce 

programming, as well as other languages. 

 

 
The Map Reduce programming model 

II. SURVEY ON ROUGH SETS BASED 

CLASSIFICATION 

In the presence of vague and partial information, the 

categorization of rough sets was introduced. Core and 

Reduce are two key concepts in RST. The primary 

definition of a reduct is a subset of attributes that is 

appropriate to explain the verdict's attributes. An NPhard 

problem is to pronounce any set of reductions pro a set of 

data [31]. 

Set estimation algorithms are used to achieve a reduction 

[32]. The hub includes all the reducts. The hub corresponds 

to the main data in the actual data set. The hub is the 

intersection of every feasible reduction. 

There are several efforts to apply RST to rule finding. 

Decisions and rules are drawn up on the basis of the 

reductions, are envoy of the knowledge that can be obtained 

from the data set. Two components are used in the mining 

process of association rule to support organizational 

decision-making and knowledge management in the 

contribution of Li and Cercone [33]. 

Customer records may be used for cluster sales events 

based on likeness in the characteristics of the SOMs. Each 

cluster may be subject to rules to make clear the RST 

associations. A.O et al. [34] shall be used for all data reducts 

that comprise a nominal subset of attributes linked to the 

class label for the classification of rough sets. RST can help 

resolve whether there is pleonastic information in the data in 

order that the data required for applications could be 

obtained. In conflicting data, RST-driven rule generation 

system may generate minor and non-redundant rule sets. 

For example, in [35 ], the rough set method can be used to 

categorize diverse types of meteorological squall events that 

are accountable for ruthless summer climate. A rough set 

approximation-driven approach was presented in [ 36 ] to 

cluster web dealings from web access logs. Using this 

method, users can successfully find patterns of web page 

access to mine web log records. 
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In applications of technology, qualitative and quantitative 

data as of different sources perhaps associated; therefore the 

quantity of attributes can be increasing significantly [37].  

Under the traditional RST, incremental mining algorithms 

for learning classification rules are resourcefully conferred 

in [38,39] as soon as the attribute set in the information 

system grows eventually. 

Rules are the contemplation of certain principles on the 

basis of which decisions can be made for the purpose of 

making them. Rule is a declaration to launch a standard or 

principle, and as a standard to guide or mandate action or 

conduct. The rule is a qualified statement that can tell the 

system how to respond in an exacting situation. The 

generation of rules in data mining is in the form of 

association rules and was primarily introduced as a market-

based analysis [31]. 

In the case of association rules, the creation of a rule is 

based on the idea of a frequent pattern of mining for the 

discovery of inspiring relationships and association between 

elements. Subsequently, techniques are developed for the 

mining classification rule [40]. Normally, rules are 

represented in the form of an IF-THEN set of patterns. The 

IF element (or LHS) of the pattern is referred to as an 

antecedent rule. The THEN component follows. In the 

precursor rule, the stipulation includes single or multiple 

attribute check which are logically linked to AND 

procedures. 

The result includes the forecast of the class. Mining of 

brief rules is presented in the contributions of [41] a rough 

set-driven method of conflicting data. In this method, a 

heuristic algorithm is used to construct brief classification 

rules. In numerous decision-making and analytical 

applications, such as financial and economic research [42] 

and network security, rule-driven approaches have been 

successfully applied. 

There are three different types of rule generation methods 

that are very common: frequent association rules for mining, 

unusual rule association for mining, and multi-objective rule 

for mining. inside Frequent Association Rule Mining 

(FARM)[31 ], if its support is not below a given threshold, 

an association rule is often called in this technique. And this 

can be true if it also has a min confidence over a user-set 

threshold. 

 Association rule r is referred to in Rare Association Rule 

Mining (RARM)[32 ] as rare or sporadic if its assistance is 

not more than the total aid given. This means rule r is 

uncommon if its funding is beneath the minimum amount of 

aid given. If it is sure, an uncommon principle of association 

is true. 

The mining problem is known in Multi-Objective Rule 

Mining (MORM)[44 ] as a multi-objective problem instead 

of a single objective problem. Procedures for instance 

support count, comprehensibility and interest is measured to 

be diverse goals in judging a rule; the mining issue has to be 

addressed. Support count is the quantity of records that 

gratify every conditions present in the rule. Knowing it 

helps to measure the understandability of the rule that can be 

metric by the number of attributes took part in the policy. 

Value can be calculated by the shocking nature of the rule. 

The extent of multimodality data is usually very huge in 

the era of big data; it takes time to perform efficient 

assessment and reduction of attributes. With regard to this 

MapReduce, there is an admired parallel computing model 

[45]. ZR Chen et al. In 2010, introduced a MapReduce-

based attribute-reduction approach in the sense of rough 

data sets [46]. In 2012, TR li et al. suggested a parallel 

approach pro the estimation of rough approximation sets 

[47]. Such parallel algorithms calculate large-scale data well 

and efficiently. 

The MapReduce framework [48] for programming was 

presented in 2004. It is a framework designed to process 

huge amount of data in a tremendously parallel manner, thus 

offering a platform for the simple development of 

applications that are scalable and fault-tolerant. 

Apache Hadoop [49, 50] is an accepted MapReduce open 

source implementation. Mahout [51, 52] is a library for 

machine learning at the zenith of the Hadoop system. It 

includes a set of cluster algorithms, advice systems and 

classification issues. Similar to a Hadoop, Mahout is a freely 

available project as well. Mahout is responsible for a range 

of classification models, including Support Vector 

Machines, Bayesian models, Logistic Regression, and 

Random Forest. More recently, in the process of dealing 

with big data are other projects. a few of them are spark 

[53], a cluster computing system designed to speed up data 

analytics; storm [54], a disseminated and fault-tolerant real-

time computing platform that makes it easy to reliably 

process unlimited data stream; dremel[55 ], a versatile, 

collaborative Ad-hoc search system pro read-only data 

analysis, and Apache Drill[56 ], a Distributed Framework 

enabling information-intensive distributed applications for 

large-scale, interactive data analysis. 

Dean J and G Sanjay [57] gave a brief narrative of the 

MapReduce programming model with various programs as 

examples. And also provides a summary of implementation 

of the MapReduce programming model, with fault tolerance, 

task granularity and location. This gives explanations for the 

successful use of Google's MapReduce programming 

framework. The design conceals parallelization information, 

fault tolerance, and load balancing, making it accessible. 

And as MapReduce computations, a wide variety of 

problems are also presented effortlessly. To reduce the 

impact of slow machines and to handle system errors and 

data loss, superfluous execution can be used. 

Zdzisław Pawlak and Andrzej Skowron[58 ] present key 

concepts for rough set theory and various directions for 

study and very good application based on the rough set 

approach.  

In this paper, the style based on discernibility and 

Boolean reasoning for the ability to compute unlike entities, 

including reductions and rules of decision, was mentioned. 

It was explained that the rough set strategy be able to be 

used for synthesizing and analyzing notion approximations 

in the distributed ambiance of clever systems. 

Knowledge acquisition using the MapReduce technique 

three rough set of methods are proposed by Zhang, T Li, Yi 

pan [59]. Testing the accomplishment of the projected 

parallel speedup techniques. 

 

 

 



 

Rough Sets Base Associative Classification Rules Extraction from Big Data 

3099 

Published By: 
Blue Eyes Intelligence Engineering 

& Sciences Publication  

Retrieval Number: A9140119119/2019©BEIESP                                               

DOI: 10.35940/ijitee.A9140.119119 

 

 Exhaustive findings on actual and synthetic data sets 

have shown that a large number of data sets in data mining 

can be effectively processed by the proposed methods. 

Junbo Zhang, Tianrui Li, Da Rusan[60 ] are suggesting a 

parallel technique for computing rough-set approximations. 

As a result, algorithms matching the parallel technique 

based on the MapReduce systems are provided to handle 

with the vast data. And in order to test the performance of 

suggested parallel algorithms, scaleup ,speedup and sizeup 

were also used.  

III. PROPOSED ROUGH SET BASE 

CLASSIFICATION MODEL FOR HDFS 

 
Fig 1. MapReduce Knowledge Discovery architecture 

based on associative classification 

The proposed framework work constructs generalized 

Rough sets for the discovery of knowledge by MapReduce. 

The framework presumes that the data is fragmented 

horizontally between manifold shared nothing systems 

coupled to the distribution environment. The framework 

diminishes the time-complexity of the classifier generation 

process by using generalized Rough sets & parallel 

generation of items at local sites. A centralized site called 

Reducer Global Computation Node (Global_CM) will 

initiate and manage the total system operation. 

Two MapReduce processes are initiated by the Global 

Computation Node (Global_CM) to generate targeted 

rough-set associative classification models. The MapReduce 

framework will parallel the computation and improve the 

computational efficiency of the model. The first MapReduce 

process initiated by Global Computation Node is "Class 

label-based generation of tid-list from HDFS data chunks" 

where basic class label base item sets are discovered by 

targeted dataset. The next MapReduce process is the "Rough 

set-Based Associative Classification Rules Generation" that 

applies the rough set to finalize rules by rough set 

approaches. In the subsequent sections, the detailed 

discussion of the MapReduce process will be discussed.  

3.1 Class label based Tid-list generation of HDFS data: 

     The proposed approach adopts HDFS to manage data 

spread across the distributed file system, using MapReduce 

framework to extract associative classification rules. 

However, considering easy updating of processed results 

while dynamic increments and data decrements, HDFS will 

organize increments and data decrement in logic units called 

chunks. The HDFS uses the Map node to process each 

logical data chunk, so the output Map function corresponds 

to the output of the local data chunk. At Reducer node, the 

output of all local chunks will be aggregated, resulting in a 

global Tid-list.The other contribution of the paper is we 

make use of class label base Tid-list where a same attribute 

value with diverse class labels will be measured to be 

different. This is because the same value of the attribute in a 

different transaction can lead to a different label of the class. 

For example, the Rented-Home attribute can lead to a high 

income group in the case of some user data, where the same 

attribute can lead to a lower income group in some 

transactions. 

     According to the above strategy, the proposed model 

first uses Map Node Computation to generate Class Label 

Base Tid-list from each loaded data chunk, then this whole 

class label Tid-list will switch to the corresponding reducer 

node according to their class label to generate a global Tid-

list. The merge Tid-list function is used to merge two 

different Tid-lists. In this approach, the number of Reducer 

Nodes dependence straightly on the number of dataset class 

labels. The combination of class labels Tid-list yields of all 

Reducer nodes is a global class label based on Tid-list. 

Using the resulting Tid-list, associative classification rules 

can be easily created using global support and confidence 

threshold. As parallel processing over the distributed file 

system mainly involves the generation of item set, this paper 

focuses on extending the MapReduce framework over the 

generation of item set. The process of generating a rule over 

a single processor follows the standard Tid-list Base 

Classification Method [61]. In the following algorithm, the 

MapReduce base algorithm for the global class tag base 

generation Tid-list is shown. 

Algorithm3.1: Tid-list based on the globally supported 

generation of class item: 

   

  Input   :  Data set loaded in HDFS 

  Output :  Global Tid-list and classification rules 

Map: Local Class label base Tid_list generation 

1. Read the data chunk assigned 

2. for every transaction Ti do  

a. Generate a new row in Tid-list representing Ti 

b. If grouping of attribute value and class label of 

record Ti is not present  

c. Create same as a new column label in Tid-list  

d. If grouping of attribute value and class label is 

present in Ti then  

e. store value 1 at corresponding entry 

f. Else store value 0. 

3. End  

Reducer: 

1. Read all local Tid-list 

2. merge_Tid-list() 

a. create separate rows for all transactions in 

Global_Tid-list 

b. create separate columns for each attribute labels 

in Global_Tid-list 

c. if combination of transaction and attribute label 

supported by local tid-list 

d. place 1 

e. else place 0 

3. Generate class label base association rules with global 

support and confidence. 
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3.2 Rough set based associative classification rules 

generation: 

Once the associative classification rules generated from 

HDFS using map reduce framework, the same rules will be 

used to generate rough set rules. According to this, the Map 

process will read the generated rules and apply to them 

decision variables training data to generate lower boundary 

approximation rules, where the other Map-Process will 

generate Upper boundary approximation rules and finally 

these two sets of rules will be consolidated in the Reducer 

process. In turn to produce a rough set of boundary rules, we 

propose the MapReduce method shown in the following 

algorithm 3.2. 

Algorithm3.2: Rough set based associative classification 

rules generation 

  Input   :  Class label based association rules in HDFS, 

Training data D 

  Output :  Global rough set based classification rules 

Map-1: Generation of classification rules using lower 

rough set  approximations 

1. Read the rule Ri 

2. Apply on data D to generate lower approximation 

space (LRi) 

Map-2: Generation of classification rules using upper 

rough set  approximations 

1. Read the rule Ri 

2. Apply on data D to generate upper approximation 

space (URi) 

Reducer: 

I. Read the associated rules from (LRi & URi) 

II. Generate the best boundary rules (BRi) 

IV. IMPLEMENTATION EVALUATION & 

RESULTS 

The proposed methods were experimentally evaluated on 

8 nodes out of these eight nodes 1 node acting as master 

node and other nodes acting as slaves. The nodes are rich in 

Pentium-i5 processor configuration and 8 GB RAM 

interconnected with 10 GBPS data cable and 1Tb hard disk 

accompanied. The cluster network formed on Ubantu 14.4 

operating systems using the version of Hadoop2.0.0-

cdh4.4.0. The experimental evaluation resulted in the 

measurement of system performance on accuracy and 

scalability with respect to dynamic increments and data 

decreases.  

The proposed dynamic MR Tid-AC model was 

experimentally evaluated at three levels, including 

classification accuracy, time accuracy with respect to 

dynamic changes and dynamic scalability with respect to 

mapping nodes. In order to do so, out of the total data 70% 

of the data loaded and the classification rules generated as 

per the proposed model will remain 30% of the data loaded 

and the classification rules generated with the proposed 

approach and finally the accuracy will be calculated. 

Usually 10 cross 10 partition approach used to divide the 

data into data sets for testing and training. In order to 

develop classification rules for associative in the form of 

preparation, map nodes were first initiated and then local 

Tid-lists were generated which were farther used to generate 

classification rules supported globally as explained in the 

projected models. The number of counts of map nodes is 

calculated by the system itself in the experimentation 

derived from load where the reducer nodes are added 

founded on the number of classes in the data set of the 

evaluation. 

The KDD-96 UC-Census dataset [62] is an open source 

classification data set with even more than 1, 41,544 data 

records for accurate testing. The best claimed accuracy of 

the standard classification models for 84.47% NBTree, 

Naive-Bayes 81.69% and C4.5 81.91% [KDD-1996] for the 

comparative assessment of the accuracy of the proposed 

model. Finally, the proposed model showed 83.91% 

significant performance compared to c4.5 and Naïve-Bayes 

but slightly more inaccurate than the NBTree model. 

Third stage of experimentation was carried out toward 

assess the dynamical nature of the projected model. Two 

parts are divided into 70: 30 ratios in the 10cross1 validation 

system to determine the dynamical nature of the training 

data. The projected MapReduce Tid-AC process, captivating 

Eight-number of core systems, was initially performed 

resting on 70% of HDFS data dealings and apply to the 

training set. The training time of this stage is 921 seconds. 

In the subsequently, the outstanding 30% of dealings further 

to the HDFS incremental MapReduce Tid-AC technique 

were run at 386 seconds (total: 921sec+386sec=) 1307sec 

with a total of 8 accuracy. Instead of applying MR Tid-Ac if 

we go back to the total associative classification algorithm 

by remaining 30% of the data, it takes 1342 sec which 

results in (921 + 1342=) 2,263 seconds. These experimental 

results show, therefore, that the projected incremental 

MapReduce Tid_AC technique is well-suited in case of 

accuracy and offers a much enhanced time complexity 

compared to the re-run of the total dynamic dataset 

increment process. 

As indicated by the purpose of the subsequent stage of the 

trial to determine the scalability of the suggested 

classification method, time efficacy is reported with regard 

to the changeable number of systems. For record the 

experiment performed on 8, 16, 32, 64 map sizes, a 

significant increase in time complexity was identified with 

the increased number of computing systems in the proposed 

model. It indicates the proposed system's scalability 

function. The product of the device scalability factor shown 

in Figure4.2 

    

 
Figure.4.2: Scalability of 

the scheme by the varying 

number of maps. 
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V. CONCLUSION 

 Increasing data, known as Bigdata, is forcing 

researchers to adopt MapReduce computing techniques to 

process data. Realizing that we are proposing MapReduce 

base techniques for the generation of rough set base 

classification rules that can handle uncertainty in Big data 

that is a heterogeneous data collection. The suggested 

solution has two stages that include the generation of base 

item sets for the MapReduce base class label and rules 

generation for the rough set based classification. The 

proposed approach tested on the standard data set showed its 

effectiveness. The valid extension of the proposed approach 

could be proved by extending the system with fuzzy 

roughest. 
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