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Abstract— The problem of data analysis and making 

decisions are increases with the volume of data. In other 

words, processing of large data requires large resources to 

process and providing the final response. The big data is 

environment which is used for the large data processing and 

their analytics. But when the traffic is slow and block size of 

data is larger than the query response is generated with the 

significant amount of delay. In order to optimize the delayed 

response, need to make some effort for improving the 

performance of the big data systems. In this presented work a 

new technique for solving this delayed data response a 

streamed data mining based technique is proposed. The 

proposed technique contributes for demonstration of the live 

twitter stream gathering, pre-processing of data and 

transformation of the unstructured data into the structured 

data features, classification of data streams using the 

ensemble learning concept for streamed text data and finally 

the performance study of the developed data model. By using 

the given model the system improves the query processing 

time and produces response in less time even when a single 

pattern is appeared for the query processing. The technique’s 

implementation requires twitter data API, Strom 

infrastructure implementation, ensemble learning technique, 

Hadoop technology and the java technology. The outcomes 

of the given model using the experimental observations are 

concluded in two different parts first based on the 

classification performance of streamed data and second the 

utilized time for generating the query response. According to 

both the scenarios the proposed technique is found optimal 

and their performance is adoptable for classifying different 

kinds of text data on live streams. 

Key words: Big Date, Hadoop, Security, Authentication, Map 

Reduce, Natural Language Processing 

I. INTRODUCTION 

In number of applications such as network monitoring, the 

volume of such data is so large that it may be impossible to 

store the data on disk. Furthermore, even when the data can 

be stored, the volume of the incoming data may be so large 

that it may be impossible to process any particular record 

more than once. Therefore, many data mining and database 

operations such as classification, clustering, frequent pattern 

mining and indexing become significantly more challenging 

in this context. In many cases, the data patterns appear 

continuously, as a result of which it is mandatory to design 

the mining algorithms effectively in order to account for 

changes in underlying structure of the data stream. This 

makes the solutions of the underlying problems even more 

difficult from an algorithmic and computational point of view 

[1]. Data streams are sequential and potentially unbounded 

sequences of data points created by a typically non-stationary 

data generating process. Common data mining tasks 

associated with data streams include clustering, classification 

and frequent pattern mining. New algorithms for these types 

of data are suggest f and it is important to evaluate them 

thoroughly under standardized conditions. Similarly, 

advances in information technology have lead to large flows 

of data across IP networks. In many cases, these large 

volumes of data can be mined for interesting and suitable 

information in a wide variety of applications. Recently a new 

class of data-intensive applications has become widely 

recognized: applications in which the data is modelled best 

not as persistent relations but rather as transient data streams. 

Examples of such applications comprise financial 

applications, network monitoring, security, 

telecommunications data management, web applications, 

manufacturing, sensor networks, and others. In the data 

stream model, individual data items may be relational tuples, 

e.g., network measurements, call records, web page visits, 

sensor readings, and so on [2]. 

II. LITERATURE SURVEY 

This section provides the listing of different research efforts 

that are made in order to enhance query processing time for 

streaming data, whereas different methodologies have been 

adopted for significant literature; 

There is currently appreciable devotion around the 

MapReduce (MR) paradigm for large-scale data analysis. 

Although the basic control flow of this framework has existed 

in parallel SQL database management systems (DBMS) for 

over 20 years, some have called MR a dramatically new 

computing model. In this paper, Andrew Pavlo et al. [34] 

describe and compare both paradigms. Furthermore, authors 

evaluate both kinds of systems in terms of performance and 

development complexity. To this end, define a benchmark 

consisting of a collection of tasks that we have run on an open 

source version of MR as well as on two parallel DBMSs. For 

every task, each system’s performance is measured for 

various degrees of parallelism on a cluster of 100 nodes. This 

results reveal some interesting trade-offs. Although the 

process to load data into and tune the execution of parallel 

DBMSs took much longer than the MR system, the observed 

performance of these DBMSs was strikingly better. They 

guess about the causes of the powerful performance 

difference and consider implementation concepts that 

forthcoming systems should take from both kinds of 

architectures. 

MapReduce based data warehouse systems are 

playing important roles of supporting big data analytics to 

understand quickly the dynamics of user behavior trends and 

their needs in typical Web service providers and social 

network sites (e.g., Facebook). In these system, the data 

placement structure is a critical factor that can disturb the 

warehouse performance in a crucial way. Based on our 

observations and analysis of Facebook production systems, 

authors have characterized four requirements for the data 

placement structure: (1) fast data loading, (2) fast query 

processing, (3) highly efficient storage space utilization, and 

(4) strong adaptive to highly dynamic workload patterns. 

They have examined three commonly accepted data 
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placement structures in conventional databases, namely 

rowstores, column-stores, and hybrid-stores in the context of 

large data analysis using MapReduce. Authors show that they 

are not very suitable for big data processing in distributed 

systems. In this paper, Yongqiang He et al. [35] present a big 

data placement structure called RCFile (Record Columnar 

File) and its implementation in the Hadoop system. With 

intensive experiments, we show the effectiveness of RCFile 

in satisfying the four requirements. RCFile has been chosen 

in Facebook data warehouse system as the default option. It 

has also been adopted by Hive and Pig, the two most widely 

Large-scale data analysis has become increasingly important 

for many enterprises. Recently, a new distributed computing 

paradigm, called MapReduce, and its open source 

implementation Hadoop, has been widely adopted due to its 

impressive scalability and flexibility to handle structured as 

well as unstructured data. In this paper, Songting Chen et al. 

[36] describe data warehouse system, called Cheetah, built on 

top of MapReduce. Cheetah is designed specifically for 

online advertising application to allow various 

simplifications and custom optimizations. First, we attention 

at the data warehouse schema design. In particular, they 

define a virtual view on top of the common star or snowflake 

data warehouse schema. This virtual view abstraction not 

only allows us to construct a SQL-like but much more concise 

query language, but also makes it easier to support lots of 

advanced query processing features. Next, authors describe a 

stack of optimization techniques ranging from data 

compression and access method to multi-query optimization 

and exploiting materialized views. In fact, at cluster every 

node with commodity hardware is adequate to process raw 

data at 1GBytes/s. lastly, they show how to seamlessly 

integrate Cheetah into any ad-hoc MapReduce jobs. This 

grant MapReduce developers to fully advantage the power of 

both MapReduce and data warehouse technologies. 

The number of processor cache misses has a critical 

impact on the performance of DBMSs running on servers 

with high main-memory configurations. In turn, the cache 

usage of database systems is highly reliant on the physical 

organization of the records in main-memory. A newly 

advised storage model, called PAX, was shown to highly 

improve the conduct of sequential file-scan operations when 

compared to the implemented N-ary storage model. However, 

the PAX storage model can also determine poor cache 

utilization for other common operations, such as index scans. 

Under a workload of heterogeneous database operations, 

neither the PAX storage model nor the N-ary storage model 

is optimal. In this paper, R. A. Hankins et al. [37] propose a 

flexible data storage technique called Data Morphing. Using 

Data Morphing, a cache-efficient attribute layout, called a 

partition, is first resolute through a query workload analysis. 

This partition is then used as a template for storing data in a 

cache efficient way. Authors present two algorithms for 

computing partitions, and also present a adaptable storage 

model that contain the dynamic reorganization of the 

attributes in a file. Finally, we experimentally indicate that 

the Data Morphing technique provides a significant 

performance enhancement over both the traditional N-ary 

storage model and the PAX model. 

This paper describes the basic processing model and 

construction of Aurora, a system handling data streams for 

monitoring applications. Monitoring applications differ 

considerably from conventional business data processing. 

The fact that a software system must process and revert to 

continual inputs from many sources (e.g., sensors) rather than 

from human operators requires one to rethink the structural 

architecture of a DBMS for this application. In this paper, D. 

J. Abadi et al. [38] present Aurora, a new DBMS currently 

under construction at Brandeis University, Brown University, 

and M.I.T. They first provide an overview of the basic Aurora 

model and architecture and then describe in detail a stream-

oriented set of operators. 

This paper presents the architecture of a read-

optimized relational DBMS that compare strongly with most 

recent systems, which are write-optimized. Among the many 

differences in its architecture are: storage of data by column 

rather than by row, careful coding and packing of objects into 

storage including main memory during query processing, 

storing an overlapping collection of column oriented 

projections, rather than the present expense of tables and 

indexes, a non-traditional implementation of transactions 

which includes high availability and snapshot confinement 

for read-only transactions, and the extensive use of bitmap 

indexes to complement B-tree structures. Mike Stonebraker 

et al [39] present preceding performance data on a subgroup 

of TPC-H and show the system is, C-Store, is substantially 

rapid than popular commercial products. Hence, the 

architecture looks very encouraging.  

Users of MapReduce often run into performance 

problems when they scale up their workloads. Many of the 

problems they encounter can be overcome by use of 

techniques studied over three decades of research on parallel 

DBMSs. However, translating these techniques to a 

MapReduce implementation such as Hadoop presents unique 

challenges that can lead to new design choices. This paper 

depict how column-oriented storage techniques can be joined 

in Hadoop that persists its common programming APIs. 

Authors show that simply using binary storage formats in 

Hadoop can provide a 3x performance boost over the naive 

use of text files. Avrilia Floratou et al. [40] determine a 

column-oriented storage format that is compatible with the 

replication and scheduling constraints of Hadoop and show 

that it can speed up MapReduce jobs on real workloads. 

Authors also show that dealing with complex column types 

such as arrays, maps, and nested records, which are common 

in MapReduce jobs, can incur significant CPU overhead. 

Finally, they announce a novel skip list column format and 

passive record construction strategy that avoids de-

materializing unwanted records to grant an additional 1.5x 

performance boost. Experiments on a real intranet crawl are 

used to show that these column-oriented storage techniques 

can improve the performance of the map phase in Hadoop by 

as much as two orders of magnitude. 

MapReduce is a computational paradigm that has 

obtain a lot of consideration in recent years from industry and 

research. Unlike parallel DBMSs, MapReduce allows non-

expert users to run complex analytical tasks over very large 

data sets on very large clusters and clouds. MapReduce 

progress tasks in a scan-oriented fashion. Hence, the 

performance of Hadoop (open-source implementation of 

MapReduce) does not match with the well-construct parallel 

DBMS. In this paper Jens Dittrich et al. [41] introduce a new 

type of system named Hadoop++: it upgrade performance 

without changing the Hadoop framework (Hadoop does not 
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even ‘notice it’). To reach this goal, rather than changing a 

working system (Hadoop), we implant our technology at the 

right places through UDFs only and disturb Hadoop from 

inside. This has three paramount consequences: First, 

Hadoop++ significantly outperforms Hadoop. Second, any 

forthcoming changes of Hadoop may directly be used with 

Hadoop++ without edit any glue code. Third, Hadoop++ does 

not need to modify the Hadoop interface. This experiment 

show the perfection of Hadoop++ upto the two of Hadoop and 

HadoopDB for indexing and join processing. 

III. PROPOSED WORK 

The key aim of the proposed work is to reduce the query 

processing time on big data environment. In order to perform 

such complex task a new data model using the stream 

classification technique is proposed. This chapter describes 

the core work and the data model by which the query 

processing time can be improved. 

A. Domain Description 

The simplest definition of the “Big Data” is their volume of 

data means a huge amount of data. The data in such quantity 

is nothing without their analysis and refinement. Thus the 

data mining approach are employed on this data; this process 

is termed as the “big data analytics”. The big data analytics 

has significant dimensions of applications and their 

utilization i.e. business analytics/ intelligence, digital 

marketing, and others. The big data is a combination of 

software and hardware infrastructure thus it offers the 

scalable storage and efficient analysis abilities. Therefore this 

technology is used where the significant traffic on storage is 

appeared. But due to complexity of storage and analysis the 

query processing time is respectively higher. Thus the 

proposed work is intended to reduce the query processing 

time for the end user on live streamed data. 

In order to address the problem and provide the 

solution for live streaming data and their query processing for 

text data a model is presented. This model is works with the 

live twitter data which is queried through the local Hadoop 

storage and then to improve the query processing time that is 

classified with the help of C4.5 decision tree model. The 

modeling of this data structure is defined in binary 

classification to keep in track the similar behavior data into a 

single platform or group to make efficient query. In literature 

to speed up the processing time the clustering approaches are 

available. By using this hypothesis in place of unsupervised 

learning the supervised learning concept is used for 

improving the accuracy of the queried data. The proposed 

data model promises to produce the precise data in less 

processing time. This section provide the basic overview of 

the proposed work, in the next section the working of the data 

model with the step processes are provided. 

B. Methodology 

The proposed methodologies high level conceptual model is 

demonstrated using the figure 1. The entire data model and 

their processes are defined using four stage process: 

 
Fig. 1: Methodology layers 

1) Data Stream Gathering 

The data mining is always deals with the different kinds of 

data and their formats, in addition of that there are a number 

of different kinds of data formats are present. According to 

the current context we differentiate the data formats in two 

major categories, static data and dynamic data. The static data 

are those which are available in a specific volume and that are 

not increases in timed manner. On the other hand the dynamic 

data are those which are continuously increases with the time. 

According to literature such kind of data is also named as time 

series data or streamed data. In order to gather the data from 

the live streams some additional process is followed. 

Additionally the twitter is assumed as the live stream source 

of data and to gather the data from this data source the 

technique is presented using figure 2. 

 
Fig. 2: Data gathering system 

According to the described figure twitter is assumed 

as the stream data source. In order to get the data directly from 

the twitter the twitter provides the query API, which first 

authenticate the user for their account access and then the 

apache strom infrastructure is configured with the local 

Hadoop storage. That provides the ability to make query over 

the twitter account for gathering the twits from the twitter 

server. The query response generated from the server is 

temporarily stored on a file of HDFS directory. That is further 

used with the classification purpose. 

2) Data Classification 

The data classification is a technique by which the pattern of 

data is identified to club the similar pattern data. Therefore 

the collected data need to be process and obtain some features 

by which the actual group of data can identifiable. But any 

classifier can directly works on the static data for making 

more accurate analysis. Therefore here need to change the 

process of classification according to data source interface. 

Before discussion about the changes made on the 

classification strategy need to discuss about the classifier 

model. In this experiment the C4.5 decision tree algorithm is 

utilized for classification. The classifier steps are discussed 

using table 1. 

 Input: A data set (D) 

 Output: A decision tree say T constructed 

Process 

1) A node (X) is created; 

2) If instance in same class. 
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3) Make node (X) as the leaf node and assign a label 

CLASS C; 

4) Check IF the attribute list is empty, THEN 

5) Make node(X) a leaf node and assign a label of 

most customary CLASS; 

6) Now choose an attribute which has highest 

information gain from the provided attribute List, 

and then marked as the test_attribute; 

7) Confirming X in the role of the test_attribute; 

8) In order to have a recognized value for every 

test_attribute for dividing the samples; 

9) Generating  a fresh twig of tree that is suitable for 

test_attribute = atti from node X; 

10) Take an assumption that Bi is a group of 

test_attribute=atti in the samples; 

11) If Bi is NULL, THEN 

12) Next, add a new leaf node, with label of the most 

general class; 

13) ELSE a leaf node is going to be added and 

returned by the Generate_decision_tree. 

Table 1: C4.5 Algorithm 

 
Fig. 3: Data Parsing 

Now this data set is works on the pure structured 

format thus the unstructured data need to be modifying for 

adopting the algorithm. The processing of the data in 

unstructured to structured format conversion is defined using 

figure 3. 

The collected data is produced as input to the 

system. That data is in unstructured format and may be noisy 

for processing with some algorithm. Therefore in first the 

stop words from the entire text are removed. The stop words 

are frequently occurred in the sentences and not much 

impacting to discovery of any subject or domain i.e. is, am, 

are, this, the, so on. In order to remove them the following 

step process is used. 

Input: collected data D, Stop word list 𝑺𝒘 

Output: refined data R 

Process 

for(i = 0; i ≤ Sw. length(); i + +) 

R = FindAndReplace(D, Sw(i), ) 

end for 

Return R 

Table 2: Stop word removal 

After removing the stop words from the data now 

need to tag the data using the NLP parser. In this context the 

frequency of the each part of speech information is computed 

and listed with a data table. The NLP parser extracts the part 

of speech information from the data. This part of speech data 

is used with the next phase for extracting the features form 

the data. The example of the extracted feature is given using 

table 3. 

Noun Pronoun Verb Adverb 

2 2 1 1 

2 3 1 4 

Table 3: Example features 

The computed features can be used with the decision 

tree make tree data structure for finding the suitable group of 

data. So we take reference from the previous made statement 

we worked with the binary classification algorithm, thus the 

between two different classes a new instance of the classifier 

is introduced. The process of stream data classification is 

given using table 4. 

 
Table 4: Classification of samples 

After completing the classification of data the 

numbers of different groups is prepared these groups are used 

in further processes. 

3) Group Structure Development  

After the classification of the data, the different groups of data 

are preserved in a different big data hive structure. Therefore 

the similar group of data is stored in different structures of the 

hive. This hive data is used for making query for finding the 

required data. 

4) Query Interface   

The query interface is used to provide input the query 

keywords to the system and system works to find the required 

records from the data base using big data query. Based on the 

response generated the performance of the system is 

computed and stored in data base for further results analysis. 

IV. RESULT ANALYSIS 

The section provides the detailed understanding about the 

evaluated results of the proposed Stream Data Classification. 

Therefore this chapter includes the different performance 

parameters and their description on which the proposed 

system is evaluated using different size of data. 

A. Accuracy  

In a classification technique the accuracy is measurement of 

accurately classified patterns over the total input patterns 

produced for classification result. Therefore that can be a 

measurement of successful training of the classification 
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method. The accuracy of the classifier can be evaluated using 

the following formula: 

Accuracy =
Total correctly classified patterns

Total input patterns to Classify
X100 

 
Fig. 4: Accuracy 

The accuracy of the implemented proposed 

algorithm of Live Data Stream Classification is characterized 

using table 4.1 and figure 4. The given figure 4 shows the 

accuracy of the implemented method. X- Axis of the figure 

show the number of runs of the algorithm during 

classification and tagging and Y axis shows the obtained 

performance in terms of accuracy percentage. To demonstrate 

the performance of both the proposed data classification 

technique and traditional decision tree C4.5, the blue line is 

used for proposed model and red line shows the performance 

of traditional C4.5. According to the obtained results the 

performance of the proposed model provides more accurate 

results. Additionally the accuracy of the Data classification 

model is showing the consistent result while we varying 

number of runs. 

Number of 

Runs 

Proposed 

Method 

Traditional 

Decision Tree C4.5 

1 85.56758 75.67537 

2 83.83831 71.65904 

3 88.6949 83.89831 

4 89.6949 63.88138 

5 69.95916 62.28138 

6 89.93807 86.99523 

7 70.92006 69.22457 

Table 5: Accuracy 

B. Error Rate 

The amount of data misclassified samples during 

classification of algorithms is known as error rate of the 

system. That can also be computed using the following 

formula. 

Error Rate % =
Total Misclassified Patterns 

Total Input Patterns
X100 

Error Rate % = 100 − Accuracy 

 
Fig. 5: Error rate 

The figure 5 and table 6 shows the comparative error 

rate of implemented classification algorithm. In order to show 

the performance of the system the X axis contains the number 

of experiments for tagging and the Y axis shows the 

performance in terms of error rate percentage. The error rate 

of the traditional C4.5 is given using the red line and the 

performance of the proposed classification method is given 

using the blue line. The performance of the proposed 

classification is effective and efficient during different 

execution and reducing with the amount of data increases. 

Thus the given classifier is more efficient and accurate than 

the traditional C 4.5 of data classification.  

 
Table 6: Error Rate 

C. Memory Consumption 

Memory consumption of the system also termed as the space 

complexity in terms of algorithm performance. That can be 

calculated using the following formula: 
Memory Consumption = Total Memory − Free Memory 

The amount of memory consumption depends on the 

amount of data reside in the main memory, therefore that 

affect the computational cost of an algorithm execution. The 

performance of the implemented classifier for Data 

Streaming is given using figure 6 and table 7 to show the 

diagrammatically result the performance the X axis 

demonstrate the Number of experiments of the algorithm and 

the Y axis shows the respective memory consumption during 

execution in terms of kilobytes (KB). According to given 

demonstration, memory of the both implemented result 

memory showing the complexity of the system and proposed 

C4.5 consuming less space as compared to traditional 

algorithm of data stream classification. 

 
Table 7: Memory Consumption 

 

Number of Runs  Proposed Method Traditional Decision Tree 

1 14.43241 24.32462 

2 10.60606 28.34095 

3 16.16168 16.10168 

4 11.30509 36.11861 

5 30.23025 37.71861 

6 10.06192 13.0047 

7 29.07993 30.77542 

 
Number of Runs  Proposed Method Traditional Decision Tree 

       1 460624 1066392 

       2 335957 226147.6 

       3 306936 235105.8 

       4 316936 284079.8 

       5 318105 274079.8 

       6 345050 329114.5 

       7 273458 248389.5 
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Fig. 6: Memory Consumption 

D. Time Consumption 

The amount of time required to classify the entire live stream 

data is known as the time consumption. That can be computed 

using the following formula: 
Time Consumed = End Time − Start Time 

The time consumption of the proposed algorithm is 

given using figure 7 and table 8. In this diagram the X axis 

depict the number of runs and the Y axis contains time require 

to process the algorithm in terms of milliseconds. According 

to the comparative results analysis the performance of the 

proposed technique minimize the time consumption. 

Therefore, this proposed is better and efficient of stream data 

classification of twitter data using enhancement of the 

decision tree i.e. C4.5. 

Number of Runs 
Proposed 

Method 

Traditional 

Decision Tree 

1 10 430 

2 5 141.3333 

3 3.66666 132.2 

4 3.56686 134.2 

5 4.33333 139.8 

6 30 185.5 

7 3 130 

Table 4: Time Consumption 

 
Fig. 4: Time Consumption 

V. CONCLUSION AND FUTURE WORK 

The key intension of the proposed work to improve the 

performance of query processing time for the streamed data 

traffic is accomplished. In this chapter the conclusion facts 

are provided on the basis of the experimental and work 

observation. In addition of that future research directions are 

also reported. 

A. Conclusion 

The huge quantity of data is not effectively and efficiently 

processed using the normal computing techniques. Therefore 

the requirement of new techniques is appeared for efficient 

computing and enhancing the system response time. In order 

to process data more efficiently the big data infrastructure is 

used. The key issue of this technology is, it start working only 

when the complete block of the data is completed. If the data 

is less in quantity the model delayed the processes of data 

response. Therefore a new technique for improving the user 

query response time is need to find which works on the 

streams of data and produces frequent response for the end 

user query. In order to achieve the solution for the addressed 

issue the “less data may response faster” hypothesis is used. 

Thus to develop such a data model that improve the 

users query processing time for slow traffic environments 

where the big data employed a new model is proposed. This 

model is works on stream classification technique, by which 

individual record is entertained for generating the query 

response. The proposed technique is modeled on the streamed 

text data therefore the twitter live stream data is used. That 

data collection is performed with the help of storm 

infrastructure and twitter API. First the data collected and 

then the feature extraction is performed using the NLP 

tagging and the TF-IDF concept. Finally the ensemble based 

classification technique is applied to classify the data into the 

groups. These grouped or classified data is preserved in the 

HIVE structured data base directly. The preserved data is can 

be used with the query interface or any quick response 

application for providing the end user response. 

The implementation of the proposed technique is 

performed with the help of JAVA, Hadoop library, twitter 

API and Strom library. After the implementation of the 

proposed technique the query response time and the 

classifiers performance is computed. The obtained 

performance outcomes show the proposed methodology 

improves the query processing time without considering the 

blocks size. 

S. No. Parameter Proposed Traditional 

1 Classifiers accuracy High Low 

2 Classifiers error rate Low High 

3 Memory usages Low High 

4 Query response time Low High 

Table 5: Performance summary 

According to the results the performance of the 

classifier is much efficient and accurate thus the possibility is 

made to prepare more similar classes of the text data. In 

addition of that due to the similar kind of group creation the 

small unit of data is stored in database which reduces the 

query processing time. Finally a single instance of data is also 

processed thus it improves the data capturing and processing 

for slow traffic big data analytics. 

B. Future Work 

In this presented work the big data environment is considered 

where the traffic is slow and the block size of data processing 

is considered large. Due to this the significant amount of 

delay is produced in processing the end user’s query. In order 

to solve the issue a new technique is introduced using the data 

mining approach to optimize the delay. The proposed concept 

is implemented successfully and observed it is effective 

improving the performance. By motivating this performance 

enhancement the following research directions are suggested 

for future improvements. 

1) Involving the technique for processing of the increasing 

amount of data with time. 

2) Increases the speed of the data fetching. 

3) Utilizing the concept for data pre-fetching and caching. 
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