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Abstract- Stream data processing and stream data mining 

are the hot research topics today. Many solutions are given  

by the research community on various problems of stream 

data from time to time. Single model(incremental) 

classification, single model(incremental) clustering, 

Ensemble classification, and Ensemble clustering are the 

basic techniques which had been received  much  interest 

from researchers. Several single model(single partition 

single chunk) techniques are proposed for stream data 
classification[15,16,17,18]. The single model techniques 

need complex operations to modify the internal structure of 

the model and use most recent data to update the model , 

forgetting a lot of historical data. Ensemble methods are the 

other side of the coin which overcome the drawbacks of 

single model methods. Though the ensemble methods are 

giving more classification accuracy than the former, they 

ignore some amount of historical data while pruning the 

weakest classifier in the ensemble periodically. A multi 

partition multi chunk ensemble classification 

technique(MPC approach) was first proposed by 

Mohammad M. Masud et. al.[1] to gain maximum 

classification accuracy without ignoring the historical data 

of even a single data chunk. This technique has some 

limitations. It‟s main focus is only on classification 

accuracy. The other problems like classification cost, time 

eating, and scalability are ignored. These are overcome by 

the proposed MRMPCME(mapreduce based multi partition 

multi chunk mixed ensemble) approach. The classifier and 

cluster ensemble technique[2] is combined with the original 

MPC approach and applied mapreduce in addition. The 

solution saves the execution time, reduces the classification 

cost and solves the scalability problem. It is proved to be a 
better technique when compared to the state-of-the-art 

techniques of stream data classification and more suitable 

for big stream data applications. 
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I. Introduction 
We are in the era of big data. At present the data 

generated by big data sources per day is in peta bytes range 

and it may reach exa bytes or zetta bytes in near future. The 

wireless sensor data, radio frequency identification(RFID) 

data, and web traffic data are the best examples. These data 

arrive continuously and rapidly which form a new class of 

data called “big stream data”. The classification of big 

stream data became a challenging task because of the 

following problems. 
i) It is highly labor-intensive. ii) It is time eating. 

iii) Scalability problem arises. iv) Complex characteristics 

of stream data such as infinite length, evolving nature and 

concept drift become major hurdles to classification. 

Various solutions are proposed to solve the issues 

of concept drifting data streams(the last problem). One of 

the main issues in mining concept-drifting data streams is to 

select the appropriate train data set to learn the evolving 

concept. The following are some techniques proposed by 

researchers to handle concept drifting data streams. i)The 

technique which selects and stores the training data that are 
most consistent with the current concept [25]. ii)The 

technique which updates the existing classification model 

when new data appear, such as the Very Fast Decision 

Tree(VFDT)[15] approach. iii)Other single model 

(incremental) approaches[16, 17, 18]. iv)The ensemble 

approach which uses an ensemble of classifiers and updates 

the ensemble every time new data appear[4]. For handling 

unexpected changes and concept drifts, the ensemble 

classifier is proven to be the best solution[4,26]. All the 

ensemble approaches except the multi partition multi chunk 

approach(MPC approach)[1] use a single partition and a 

single chunk at a time. The multi partition multi chunk 

approach(MPC approach)[1] improves the stream data 

classification accuracy significantly by using multiple 

partitions and multiple chunks at a time. But the other 

problems(high labor cost for classification, time eating for 

classification, and scalability)are not focused in many 

solutions including MPC. The proposed MRMPCME 

algorithm gives an efficient solution  in this paper  

addressing  these  problems by getting the advantage from 

the combination of the following techniques. i)Mapreduce 

ii)The MPC approach  iii)The classifier and cluster 

ensemble technique[2]. 
The classifier and cluster ensemble technique[2] 

gives higher reduction in classification labor cost and it also 

reduces the time taken for labeling process. By using the big 

data technique called mapreduce, the scalability problem 

can be solved. The MPC approach maintains the accuracy. 

As the MRMPCME algorithm is the combination of all the 

above three techniques, it gains all the respective 

advantages. 

In the MPC approach, there are three controlling 

parameters : v, r, and k. The parameter „v‟ determines the 

number of partitions (v=1 means single-partition ensemble), 

the parameter „r‟ determines the number of chunks (r= 1 

means single chunk ensemble), and the parameter „k‟ 
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controls the ensemble size. The ensemble consists of k*v 

models. In the MRMPCME approach, „v‟ is replaced by 

„p‟(to differentiate between „v‟ classifiers in MPC and „p‟ 

cluster models in MRMPCME).This ensemble is updated 

whenever a new data chunk is labeled. The labeling process 

may be either classification or the sequence of steps 

including label propagation and cluster internal structure 

information propagation[2]. As the classification process 

eats time, while very few of the data chunks are being 

classified, huge number of unlabeled data chunks complete 

their labeling process through the label propagation and 

cluster internal structure information propagation steps. The 
initial ensemble Ek*p is the set of best k*p models of all the 

models from  m1 to mn. This selection of best models is 

based on the measured consistency with respect to the up-to-

date model mn. The top most k*p models having higher 

consistency are selected. To achieve the better accuracy than 

the usual ensemble approaches, the most recently labeled „r‟ 

consecutive data chunks(through the steps label propagation 

and cluster internal structure information propagation) are 

merged, shuffled and divided into „p‟ number of equally 

distributed partitions. Each labeled partition di contains 

equally distributed parts of the information of all the recent 

„r‟ data chunks(p-fold partitioning) and it is modeled by 

taking di as the test set and Dp-{di} as the training set where 

Dp is the entire data set containing all the data in „p‟ 

partitions. By comparing the new label obtained by this 

process  with the existing label information, the consistency 

of the clustering model λi is determined. The graph G 

containing information about all the models from λ1 to λp is 

used in this process. The generation of graph G is discussed 

in [2] and section IV.  En   is  the  set of „p‟ models formed in 

this way(where En={λ1,λ2,….,λp}).Each model λi is the 

representative of all the recent „p‟ partitions. 

 

 
Fig.1. The content of graph „G‟ and group of partition„1‟ 

having similarity comparisons with remaining groups in 

other partitions.(Subscript of group  is existing label 

number and superscript of  is the partition number. 

Similarly each group has it‟s own label number and partition 

number). 

So pruning of any model formed in this way does not mean 

ignoring a whole data chunk. As the number of recent 

chunks „r‟, the number of partitions ‟p‟ and the number of 

labels „nl‟ are large in real time, the size of graph G is large 

and the problem is more closer to a big data scenario. The 

scenario is as shown below. 

From fig.1, total number of similarity comparison 

pairs formed with group  = (p-1)*nl                         

                                                            ---- (1) 

Total number of similarity comparison pairs formed with 

each partition = nl*(p-1)*nl---- (2) 

Total number of similarity comparison pairs formed for „p‟ 

partitions = p*nl*(p-1)*nl = 2*nl2 *pC2 ---- (3) 

So, total number of similarity pair comparisons will become 

very large if r,p and nl become large. 

The new mixed ensemble Enew is the set of best k*p 

models of the set (Ek*p U En).The total number of models in 

the ensemble is always kept constant. The proposed 

MRMPCME is compared with MPC and other ensemble 

approaches. The results prove that the proposed approach is 

better than the MPC and other state-of-the-art ensemble 

approaches. 

 

 

II. Related Work 
Many solutions were given by researchers to solve 

the problem of big stream data classification. The basic 

approaches are, (i)Single model classification (ii)Ensemble 

classification. Various single model solutions are proposed 

in [15,16,17,18].A comparative study between single 

model(incremental) and ensemble learning on data streams 

was done by Wenyu Zang, Peng Zhang, Chuan Zhou and Li 

Guo[3].Due to their complexity and less classification 

accuracy, the single model methods are replaced by 

ensemble methods now a days. The alternatives to single 

model in a non-streaming environment are discussed in 

[19].several ensemble techniques for data stream mining 

have been proposed in [20,21,22]. A review on real time 

data stream classification in various concept drifting 
scenarios was done by Ms.Priyanka B. Dongre and 
Dr.Latesh G.Malik[14].The solution of ensemble 

classification accuracy. Several Mapreduce based 

classification solutions were given by Latifur Khan, Ahsanul 

Haque and others[10,11,12,13]. 
 

 

III. Motivation 
Big stream data classification has become a 

challenging task for real time applications like credit card 

fraud detection, target marketing, network intrusion 

detection and so on. In this paper big stream data 

classification  and clustering are focused. Many single 

partition  single chunk approaches are proposed by 

researchers in [15,16,17,18] taking single partition and 

single data chunk at a time for classification. In 

[1],Mohammad M. Masud and others proposed a multi 

partition multi chunk ensemble technique based on new 

ensemble formation for last „r‟ labeled data chunks. This 
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technique focused on the accuracy of classification and there 

was no discussion about classification cost, scalability and 

speed-up. The above three goals are achieved through the 

proposed solution. The mapreduce based stream data 

classification approaches[10,11,12,13], the MPC 

approach[1] and semi-supervised learning approaches for 

stream data classification [2,23,24] motivated us to develop 

the algorithm. 

 

 

IV. Problem Statement 
When the big stream data arrives more rapidly, labeling of 

the data instances  becomes  much difficult, time consuming  

and cost consuming. One idea is adding sufficient number of 

processors and computing labels in parallel. But this is not 

economical always. Furthermore, the big stream data flow 

rate may be so high that we can not increase the processing 

capability at a time. So another alternate idea is using 

clustering methods which is more economical and practical 

compared to the first solution. We proposed a mapreduce 

based solution using the above idea which focuses on 

scalability and speed-up issues of the big stream data 

classification problem. A multi partition and multi data 

chunk approach(MPC) is considered to improve the 

accuracy of big stream data classification. This approach is 

combined with clustering methods to meet the needs of cost 

reduction and speed-up.The below figure(fig.2) depicts the 

idea clearly. 
 

 
Fig.2.The MRMPCME approach. 

 

Target data=Dt= Set of classified data chunks+ Set of  

clustered data chunks+ Set of  recently labeled „r‟ 

consecutive data chunks = 

{D1+D2+…+Da}+{Da+1+Da+2+..…+Dn-r}+{Dn-r+1+ 

Dn-r+2+…+Dn}={D1+D2+…+Da}+{Da+1+Da+2+…+ 

Dn-r}+{d1+d2+……+dp}.  

{after merging and shuffling of recently arrived „r‟ data 

chunks and dividing them into „p‟ partitions}. 

D1+D2+….+Da     = Set of  „a‟ classified data chunks, 

Da+1+Da+2+….+Dn-r = Set of „c‟ clustered data 

chunks.{where c = n-r-a}, 

Dn-r+1+Dn-r+2+….+Dn = Set of „r‟ recently labeled 

consecutive data chunks. 

m1,m2,….,mn are the models of the data chunks from D1 to 

Dn.(Note: For the data chunks other than „a‟ classified data 

chunks, the labeling process is the sequence of steps called 

label propagation and cluster internal structure information 

propagation). 

Current classifier and cluster ensemble=Ek*p=best k*p 

models in {m1,m2,….,mn}={A1,A2,….,Ak*p}. 

p‟ newly trained models of „p‟ partitions=En ={λ1, 

λ2,….,λp}. 

New classifier and cluster ensemble(mixed 

ensemble)=Enew=best k*p classifiers and cluster models in 
(Ek*p U En). 

The number of classifiers and the number of cluster 

models in the ensembles Ek*p and Enew are in the ratio a:c+r. 

The problem is to determine the new ensemble Enew with 

less cost consumption and less time consumption added with 

the advantage of scalability. 

 

 

V. Problem Solving 
Assume a big stream of data „S‟ containing an 

infinite number of data records (xi, yi), where xi∈   Rd denotes 

an instance containing d-dimensional attributes, and yi∈   Y 

={c1,… , cnl} represents its class label (Note that only a small 

portion of data records are labeled and actually contain the 

labeling information yi). 

         Let us assume all the data records those are labeled 

by classification are divided into „a‟ number of consecutive 
data chunks(where a≥1).Since the classification is time 

consuming, in real time, most of the data chunks are 

unlabeled and a very few number of initial data chunks (Say 

„a‟) are labeled by classification process. Of all the  

unlabeled data chunks, ‟r‟ number of data chunks are recent. 

Usually each classifier is determined from each data chunk. 

Since determination of classifier is time consuming and 

costs more labor, the alternate choice is clustering. So very 

small number of data chunks are classified and large number 

of data chunks are clustered to reduce the labor cost and 

computation time. Label propagation and cluster 

information propagation are used to determine the labels for 

all the clusters as accurate as possible. Finally an ensemble 

of „k*p‟ models is formed. This ensemble is very useful in 

the decision making process. 

      In the usual approach, each time a new classifier is 
determined from single data chunk and no partitions are 

done. If this new classifier‟s accuracy is more, it replaces 

the weakest classifier in the ensemble. A different ensemble 

formation technique(MPC) using multiple partitions and 

multiple chunks[1] is considered in the proposed approach. 
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Rather than usual single partition-single data chunk 

approach, a multi partitioning multi data chunk approach is 

applied on the training data to improve the accuracy of 

labeling process. In the rapidly arrived „n‟ number of 

consecutive data chunks, a small number, say „a‟ number of 

data chunks are classified and all the remaining „c+r‟(where 

n-a=c+r) data chunks are clustered and labeled through label 

propagation and cluster internal structure information 

propagation steps. The models of the remaining „c+r‟ data 

chunks are termed as cluster models here to differentiate 

them from „a‟ classifiers. In the „c+r‟ number of remaining 

data chunks, the „r‟ number of data chunks are recent and 
clustered. An initial classifier and cluster ensemble is 

formed with top most consistent k*p models by using 

Eq(1).Then the recent „r‟ number of data chunks are divided 

into „p‟ equally distributed partitions. The proposed 

algorithms are applied on these „p‟ number of partitions to 

handle the concept drift. 

  In real time scenarios, as most of the stream data is 

unlabeled, instead of  the classification accuracies of the 

models, the consistencies of all the classifiers and cluster 

models in the ensemble with the up-to-date cluster model 

are considered. The classifier or cluster model with more 
consistency replaces the classifier or cluster model with 

least consistency. Let mn be the up-to-date model, then for a 

base model mi(1 ≤ i< n), its weight W(mi)can be computed 

using,  

W(mi)=Sim(mi,mn)/z ------- Eq.(1)         (where z = 

mi,mn),and z is called a regularization factor) . 

The top k*p models(classifiers and cluster models are in the 
ratio a:c+r) having best consistency values measured with 

the up-to-date model mn are formed as a mixed ensemble, 

say Ek*p, pruning the poorly consistent classifier or cluster 

model each time a new model is added. 

 According to the proposed approach, recently labeled 

„r‟ consecutive chunks are taken. They are merged shuffled 

and divided  into equally distributed „p‟ partitions by using 

p-fold partitioning. 

 The models of the „p‟ number of partitions are named 

from λ1 to λp (where En={λ1,λ2,….,λp}, and Dp is the entire 

set of data points under „p‟ number of partitions).Each ith 

partition di is modeled considering partition „di‟ as the test 

set, and Dp-di as the training set and it‟s consistency is 

measured by using step 6 in algorithm 1. 

  New Ensemble=Enew=Best consistent (k*p) models of 

{Ek*p U En} with classifiers and clustering models in the 

ratio a:c+r. 

           Each model related to any partition in the „p‟ number 

of partitions is the representative of all the „r‟ recent data 

chunks. Though some models from a chunk may have been 

removed, other models from that chunk may still remain in 

the ensemble. Whereas, in the approach of Wang et al.[4], 

removal of a classifier means total removal of the 

knowledge obtained from one whole chunk. In addition to 

this, The mapreduce technique is applied to this approach to 
serve the purpose of scalability in big stream data 

applications. The proposed algorithms use graph G = {V,e} 

as the basic input which is generated by the procedure given 

in [2] where each vertex, ‟V‟ in graph „G‟ is a group formed 

by a model λi from the ensemble En and each edge „e‟ in the 

graph G is the similarity between any two groups in „G‟ 

measured by the Euclidian distance between any two groups 

using Eq(2). 

Simg( , ) = d-1( , ) = 1 / || - ||   (where i≠j, 1≤ k ≤ 

nl, and 1≤ h≤ nl) ------ Eq.(2) 

(Note: nl=number of existing labels, i and j are two different 

partition numbers). 

 The proposed algorithms including  mapper and 

reducer processes are mentioned below. 

 

Algorithm1. MapReduce based multi partition multi 
chunk mixed ensemble(MRMPCME) approach 

 
MRMPCME(Dt,a,c,r,n,Ek*p,G,Dn,mn,p,nl,Yold) 

 
Input: Dt= Target big stream data set={ D1…Da}+{ Da+1…Dn-

r}+{Dn-r+1…Dn} 

{ D1…Da}=set of  classified data chunks , and  
{ Da+1…Dn-r}= set of  clustered data chunks. {a <<< n}. 

{Dn-r+1…Dn}= set of „r‟ recent, consecutive and clustered data 

chunks. 
a =number of classified chunks or number of classifiers. 

c+r=number of clustered data chunks through label propagation 
and cluster internal structure information propagation. 

r=number of recently labeled data chunks to be merged,shuffled 
and divided into „p‟ partitions. 

n=Total number of data chunks. 
nl=Total number of existing labels. 

Ek*p=Initial mixed ensemble of  k*p models. 
G=The graph representation for all the groups in all the „p‟ number 
of partitions. 

Dn=Up-to-date data chunk. 
mn= Model of up-to-date data chunk Dn. 

Yold= Array of the existent group information vectors related to all 
partitions ={y1,y2,….,yp} where yi is the group information vector 

pertaining to partition „di‟.    

p = The total number of partitions made by  dividing „r‟ 
consecutive data chunks. 

 
Output: 

Enew=New mixed ensemble. 

 
1:  Ek*p=Best k*p models from all the models including recent 
model mn with the consistencies or   weights measured using Eq(1).  

2: Merge, shuffle and divide „r‟ recently labeled consecutive data 
chunks  into „p‟ partitions by p-fold partitioning. 

3:   IF = WRITE(G,1,p,nl); 
4:  Ȳ new =MR-MULTIPARTITION-LABEL(IF,nl,Ȳ ,f,v); 

5:     for f=1,…,p do 

6:             W(λf) = Sim(ȳ f,yf) , where ȳ f is the vector of all 

             aggregate( )s related to partition df obtained from Ȳ new 

and yf is the existent group information vector related to partition df 

obtained from Yold.       

7:     end for. 
8:    Enew = Best consistent (k*p) models of {Ek*p U En} with 

classifiers and cluster models in the ratio a:c+r, where 
consistencies of partitions or chunks are W values(weights) in the 

algorithm as mentioned in the above equation in the step 6.  

{ Here | yf|=| ȳ f|=nl in the step 6 and IF is the input file to the 

mapreduce job}. 
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Algorithm2.Pseudocode for mapper of MR- 
MULTIPARTITION-LABEL( ) 

 
MAP-MULTIPARTITION-LABEL(IF,nl, Ȳ ,f,A) 

Input: 
IF=Input file containing similarity pairs each of the form (gx, gy)  
where gx and gy are group information vectors related to any two  

different partitions. 

Ȳ=Set of all values initialized to „0‟.  

nl=number of labels for each classifier or cluster model. 
f=Serial number of a partition.    

A=Total number of all partitions. 
 

Output:Ȳ= Set of all modified values.  

 

1:   for f ϵ  {1,…,A} and k ϵ  {1,…,nl} do 
2:     for i ϵ  {1,…,A}-{f} and h ϵ  {1,…,nl} do 

3: = Simyϵ Y( , )Label( )); 

(where, group/cluster of partition „df‟, group/cluster of 

any partition other than partition„df‟ , 1≤h≤nl,1≤k≤nl, and i ϵ  
{1,…,A}-{f} ). 

4:     end for; 

5:   end for; 

{ Here, ( , ) is a line(or a tuple) in the input file IF and the 

argument of the maximum (abbreviated arg max or argmax) is the 
set of points of the given argument for which the given function 

attains its maximum value. }. 
 

 

Algorithm 3. Pseudo code for reducer of  MR-
MULTIPARTITION-LABEL( ) 

 
REDUCE-MULTIPARTITION-LABEL(Ys) 

 
Input: 

 
Ys=Union of all Ȳ s.(Where each Ȳ  is the output of each mapper) 

 

Output:Finalset Ȳ new. 
 

1:for f ϵ  {1,…,A}do 

2:  aggregate( ) = argmax(Union of all  s related to same partition 

„df‟ where 1 ≤ k≤ nl ) 

3: end for. 

4: Ȳ  new = Set of all aggregate( )s. (where 1≤ f≤ A and | Ȳ  new | = 

nl.A) 

5: return Ȳ  new. 

 

Algorithm 4.Pseudo code for writing input file for 
mapreduce job. 

 
WRITE(G,a,b,nl) 

 
Input: 

Graph G of classifiers/clusters. 
a= starting partition. 

b=ending partition. 
nl=number of existent labels. 

 

Output:Input file IF.(used as an input for the mapreduce job). 

 
 

1:   for f=a…b do 

2:      for k=1…nldo 
4:         for m=a…b do 

5:          if m=fthen 
6:            go to 4; 

7:           for s=1…nldo 

8:           Write each line of group information ( , ) in the   

input file IF. 
9:           end for; 

10:        end for; 

11:     end for; 
12:  end for; 

13: return IF. 

 
 

VI. Highlights 
Our contributions are highlighted as follows. 

1)Reduction in time complexity: 

From [1], it is observed that the time complexity of  MPC 

approach is O(n.(Ks+f(rs))),where „s‟ is the size of one data 

chunk, ‟n‟ is the total number of data chunks, f(x) is the time 

to build a classifier on a training data of size „x‟. Let us 

assume f1(x) is the time to build a cluster model on a 

training data of size „x‟ using mapreduce. While the MPC 

approach is taking „ rp‟ times higher running time than that 

of Wang et al[4],getting significant error reduction, the 

actual running time of MRMPCME is „µ‟ times lesser than 

that of MPC[1]without any compromise on the accuracy. 

The time complexity of the proposed approach becomes 

O(n.(Ks+f1(rs))) (According to MRMPCME approach). 
= n.O(Ks+f1(rs)) where r = number of recently labeled 

chunks to be merged, shuffled and divided into „p‟ 

partitions. 

As the MRMPCME uses mapreduce and semi 

supervised learning approaches, it‟s actual running time 

takes „µ‟ times lesser running time than that of MPC. 

Where, Tz=Total time taken for label propagation + Total 

time taken for cluster internal structure information 

propagation+ Total time taken for mapreduce.=Tl+Tcis+TMR. 
Tc = Estimated classification time for all the recent data 

chunks, if they were classified= (Average classification time 

of  „a‟ classified chunks)* r . 
µ = Tc/Tz (where Tz<<  Tc) 
Hence Time complexity is reduced by „µ‟ times than that of  

MPC. 

2)Reduction in classification labor cost: As huge number of 

data chunks are labeled by label propagation and cluster 

information propagation, the classification labor cost is 

reduced a lot compared to MPC. 

3)Solving the scalability problem: For a large number of „p‟ 

or „nl‟ the result is obtained in time because of the use of big 

data technique called mapreduce. This solves the scalability 

issue. 

                 The above contributions, and the results in section 

VI show that the proposed MRMPCME is better when 

compared to MPC and other state-of-the-art ensemble 

approaches as the latter failed in solving the above three 
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problems(i.e. Time eating by classification, classification 

labor cost, and scalability issue). 

 

VII. Results and Comparative Analysis 
 Disadvantages of the MPC approach and other 

ensemble approaches: 

a)Not suitable to big stream data applications: As the MPC 

approach does not use any big data technique like 

mapreduce, it is not suitable for big stream data applications. 
b)Classification cost: As the MPC approach only depends 

on classification, it is cost-consuming process. 

c)Time consumption: More time is needed for classification 

in the MPC approach and other ensemble approaches. 

d) In most of the ensemble approaches, classifier removal 

from the ensemble means removal of the knowledge from 

whole data chunk. 

e)No scalability: If the data chunk size goes very large or the 

variable „r‟(number of multiple chunks taken each time in 

the MPC approach)  increases to a large number, then the 

MPC approach is not scalable. Even other ensemble 

approaches are also not scalable. 

 Advantages of the proposed approach : 

a)More suitable for big stream data applications: Since, 

MRMPCME uses big data technique like mapreduce, it is 

most suitable for big stream data applications. 

b)Less classification cost: As the number of data chunks 

classified are very limited in number, classification cost is 

reduced to a greater extent compared to MPC approach. 

c)Less time consuming: As the label propagation, the cluster 

information propagation, and the mapreduce processes take 

less time compared to traditional processes, the actual 

running time is reduced to a greater extent. 
d)Though some classifiers are removed from the ensemble, 

other classifiers of the particular chunk still remain in the 

ensemble. So no loss of the knowledge pertaining to that 

data chunk. 

e)Solves the scalability issue: The semi supervised learning 

processes and the mapreduce solve the problem of 

scalability. 

 

TABLE.1.Execution time Comparison for synthetic data 

Cluster size 

(in number of 

data points) 

MPC 

(Execution 

time in 

seconds) 

MRMPCME 

(Execution 

time in 

seconds) 

250 130 56 

500 135 59 

750 138 61 

1000 140 62 

 

The execution times are measured for different 

sized chunks,for both MPC and MRMPCME approaches as 

shown in tables.1&2 for both synthetic and real data sets. 

For the results shown in fig.3, fig.4, fig.5 and fig.6 the 

parameter values are fixed(i.e. K=8,p=5 and r=2). 

 

TABLE.2.Execution time comparison for real data 

 

Cluster size 

(in minutes) 

MPC 

(Execution 

time in 

seconds) 

MRMPCME 

(Execution 

time in 

seconds) 

30 4.8 2.3 

60 5.8 2.8 

90 5.9 3.0 

120 6.0 3.1 

 

It is observed that MRMPCME takes lesser execution time 

than MPC approach, maintaining the maximum 

accuracy(minimum error %) as MPC. The pseudo 

distributed mode Hadoop 2.2.0and ubuntu 13.10 operating 

system environment is used for mapreduce jobs. The 

comparison graphs are shown below in fig .3, fig.4, fig.5 

and fig.6 for both synthetic and real data sets. As the semi 

supervised learning methods(label propagation and cluster 

internal structure information propagation)are used, the 

classification labor cost is reduced a lot. For example, if the 

percentage of classified chunks is 30%,then the remaining 
chunks are subjected to semi supervised learning reducing 

the classification cost to 60% approximately.(where, 10% is 

the overhead cost for semi supervised learning). 

 For the constant chunk size(parameter „s‟) of 

750 data points, execution times are measured for MPC and 

MRMPCME taking different „r‟ values, different „p‟ value 

 
Fig.3.Execution times comparison of MPC and  

MRMPCME  approaches for synthetic data. 

 

-s and different „nl‟ values each time keeping the other 

parameters constant. From fig.7, fig.8 and fig.9, it is 

observed that the performance of  MPC degrades when „r‟ 

„p‟ and„nl‟ grow, going beyond time limits and we can 

conclude that MRMPCME has the ability to handle the 

stream data classification problem when the parameters „r‟, 

‟p‟ and „nl‟ grow. So scalability issue is solved. The above 

results prove that the proposed approach works far better 

than the MPC approach and other state-of-the-art big stream 

data classification approaches. 
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Fig.4.Execution times comparison of MPC and  

MRMPCME  approaches for real data. 

 

 
Fig.5.Error vs chunk size comparison of  MPC and  MR    -

MPCME approaches for synthetic data 

 
Fig.6.Error vs chunksize comparisonof MPC and 

MRMPCME approaches for real data. 

 
Fig.7.Execution times comparison of MPC and MRMPCME 

approaches for different „r‟ values, keeping p, s, and nl 

constant. 

 
Fig.8.Execution times comparison of MPC and MRMPCME 

approaches for different „p‟ values, keeping r, s, and nl 

constant. 

 
Fig.9.Execution times comparison of MPC and MRMPCME 

approaches for different „nl‟ values, keeping r, p, and s 

constant. 

 

 

VIII. Conclusion 
 Many solutions are proposed for stream data 

classification using single chunk and single partition.  MPC 

is recent technique that uses multiple partitions and multiple 

chunks without focusing on classification cost, execution 

time and scalability issues. But it maintains maximum 

accuracy compared to other state-of-the art approaches. The 

proposed MRMPCME approach solves the above three 

problems maintaining the maximum accuracy and is more 

suitable for concept drifting and evolving big data streams in 

real time, when number of existing labels and number of 

partitions are large. It is proved that the MRMPCME 

performs better than MPC and other state-of-the-art 

approaches. In the future, we would focus on other real time 

big data scenarios in various fields. 
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