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Abstract
Big Data concern large-volume, complex, growing data sets with multiple, autonomous sources. With the 
fast development of networking, data storage, and the data collection capacity, Big Data are now rapidly 
expanding in all science and engineering domains, including physical, biological and biomedical sciences. 
This paper presents a HACE theorem that characterizes the features of the Big Data revolution, and proposes 
a Big Data processing model, from the data mining perspective. This data-driven model involves demand-
driven aggregation of information sources, mining and analysis, user interest modeling, and security and 
privacy considerations. We analyze the challenging issues in the data-driven model and also in the Big Data 
revolution.

Index Terms—Big Data, data mining, heterogeneity, autonomous sources, complex and evolving 
associations

1. Introduction

It is the term for a collection of data sets so large and complex that it becomes difficult to process Data has 
exponential growth, both structured and unstructured. It speaks about petabytes and exabytes of data.
Hadoop is a free ,java-based programming frame work. It support the processing of large data sets in a 
distributed computing environment. It is part of the Apache project sponsored by the apache software 
foundation.  It is part of the Apache project sponsored by the Apache Software Foundation. Another 
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example is Flickr, a public picture sharing site, which received 1.8 million photos per day, on average, from 
February to March 2012 [35]. Assuming the size of each photo is 2 megabytes (MB), this requires 3.6 
terabytes (TB) storage every single day. Indeed, as an old saying states: “a picture is worth a thousand 
words,” the billions of pictures on Flicker are a treasure tank for us to explore the human society, social 
events, public affairs, disasters, and so on, only if we have the power to harness the enormous amount of 
data. The above examples demonstrate the rise of Big Data applications where data collection has grown 
tremen- dously and is beyond the ability of commonly used software tools to capture, manage, and process 
within a “tolerable elapsed time.” The most fundamental challenge for Big Data applications is to explore 
the large volumes of data and extract useful information or knowledge for future actions [40]. In many 
situations, the knowledge extraction process has to be very efficient and close to real time because storing all 
observed data is nearly infeasible. For example, the square kilometer array (SKA) [17] in radio astronomy 
consists of 1,000 to 1,500 15-meter dishes in a central 5-km area. It provides 100 times more sensitive vision 
than any existing radio telescopes, answering fundamental questions about the Universe. However, with a 40 
gigabytes (GB)/second data volume, the data generated from the SKA are exceptionally large. Although 
researchers have confirmed that interesting patterns, such as transient radio anomalies [41] can be 
discovered from the SKA data, existing methods can only work in an offline fashion and are incapable of 
handling this Big Data scenario in real time. As a result, the unprecedented data volumes require an effective 
data analysis and prediction platform to achieve fast response and real-time classifica- tion for such Big 
Data.

2. Related Work

Due to the multisource, massive, heterogeneous, and dynamic characteristics of application data involved in 
a distributed environment, one of the most important characteristics of Big Data is to carry out computing on 
the petabyte (PB), even the exabyte (EB)-level data with a complex computing process. Therefore, utilizing 
a parallel computing infrastructure, its corresponding programming language support, and software models 
to efficiently analyze and mine the distributed data are the critical goals for Big Data processing to change 
from “quantity” to “quality.” Currently, Big Data processing mainly depends on parallel programming 
models like MapReduce, as well as providing a cloud computing platform of Big Data services for the 
public. MapReduce is a batch-oriented parallel computing model. There is still a certain gap in perfor-
mance with relational databases. Improving the perfor- mance of MapReduce and enhancing the real-time 
nature of large-scale data processing have received a significant amount of attention, with MapReduce 
parallel program- ming being applied to many machine learning and data mining algorithms. Data mining 
algorithms usually need to scan through the training data for obtaining the statistics to solve or optimize 
model parameters. It calls for intensive computing to access the large-scale data frequently. To improve the 
efficiency of algorithms, Chu et al. proposed a general-purpose parallel programming method, which is 
applicable to a large number of machine learning algo- rithms based on the simple MapReduce 
programming model on multicore processors. Ten classical data mining algorithms are realized in the 
framework, including locally weighted linear regression, k-Means, logistic regression, naive Bayes, linear 
support vector machines, the indepen- dent variable analysis, Gaussian discriminant analysis, expectation 
maximization, and back-propagation neural networks [14]. With the analysis of these classical machine 
learning algorithms, we argue that the computational operations in the algorithm learning process could be 
transformed into a summation operation on a number of training data sets. Summation operations could be 
per- formed on different subsets independently and achieve penalization executed easily on the MapReduce 
program- ming platform. Therefore, a large-scale data set could be divided into several subsets and assigned 
to multiple Mapper nodes. Then, various summation operations could be performed on the Mapper nodes to 
collect intermediate results. Finally, learning algorithms are executed in parallel through merging summation 
on Reduce nodes. Ranger et al. [39] proposed a MapReduce-based application programming interface 
Phoenix, which supports parallel programming in the environment of multicore and multi- processor 
systems, and realized three data mining algo- rithms including k-Means, principal component analysis, and 
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linear regression. Gillick et al. [22] improved the MapReduce’s implementation mechanism in Hadoop, 
evaluated the algorithms’ performance of single-pass learning, iterative learning, and query-based learning 
in the MapReduce framework, studied data sharing between computing nodes involved in parallel learning 
algorithms, distributed data storage, and then showed that the MapReduce mechanisms suitable for large-
scale datamining by testing series of standard data mining tasks on medium-size clusters.

3. Proposed System

We propose a scalable, efficient and precise service comparison and recommender system which 

enables the shoppers to deeply analyze on what product to choose and in which application, ease and fair 

with our gateway .The shoppers will be provided with clean indexes of various products with its spec , cost 

and also service ratings which is done in a statistical way .Our system crabs the data’s from various web 

application and loads in its datasets collaboratively and process with batch jobs so as to categories classify 

and to index the data’s in a distributed and parallel processing manner. Shoppers can analyze, get 

recommendations and can pick products and add to cart irrespective of the service provider. Hence our 

applications stands unique as it does not rely on the single service provider. The cart can be reviewed at any 

time and can be processed whenever the shopper wants the product. All the information will be securely and 

precisely stored in the users session. The purchase phase look up for the web services of the products service 

provider and can make the online payment with the banks from service provider. Once it got over process 

gets back to our gateway bringing out the track Id's from product service provider.

SYSTEM ARCHITECTURE
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4. Implementation

Java platform allows software developers to write program code in other languages than the 
Java programming language which still runs on the Java virtual machine. The Java platform is usually 
associated with the Java virtual machine and the Java core libraries. Java manages the memory allocation 
and de-allocation for creating new objects. The program does not have direct access to the memory.

Big Data Characteristics: Hace Theorem
Big Data starts with large-volume, heterogeneous, autonomous sources with distributed and decentralized 
control, and seeks to explore complex and evolving relationships among data. These characteristics make it 
an extreme challenge for discovering useful knowledge from the Big Data. In a naı ¨ve sense, we can 
imagine that a number of blind men are trying to size up a giant elephant (see Fig. 1), which will be the Big 
Data in this context. The goal of each blind man is to draw a picture (or conclusion) of the elephant 
according to the part of information he collects during the process. Because each person’s view is limited to 
his local region, it is not surprising that the blind men will each conclude independently that the elephant 
“feels” like a rope, a hose, or a wall, depending on the region each of them is limited to. To make the 
problem even more complicated, let us assume that 1) the elephant is growing rapidly and its pose changes 
constantly, and 2) each blind man may have his own (possible unreliable and inaccu- rate) information 
sources that tell him about biased knowledge about the elephant (e.g., one blind man may exchange his 
feeling about the elephant with another blind man, where the exchanged knowledge is inherently biased). 
Exploring the Big Data in this scenario is equivalent to aggregating heterogeneous information from 
different sources (blind men) to help draw a best possible picture to reveal the genuine gesture of the 
elephant in a real-time fashion. Indeed, this task is not as simple as asking each blind man to describe his 
feelings about the elephant and then getting an expert to draw one single picture with a combined view, 
concerning that each individual may speak a different language (heterogeneous and diverse information 
sources) and they may even have privacy concerns about the messages they deliberate in the information 
exchange process.

Huge Data with Heterogeneous and Diverse Dimensionality
One of the fundamental characteristics of the Big Data is the huge volume of data represented by 
heterogeneous and diverse dimensionalities. This is because different information collectors prefer their own 
schemata or protocols for data recording, and the nature of different applications also results in diverse data 
representations. For example, each single human being in a biomedical world can be represented by using 
simple demographic information such as gender, age, family disease history, and so on. For X-ray 
examination and CT scan of each individual, images or videos are used to represent the results because they 
provide visual information for doctors to carry detailed examinations. For a DNA or genomic-related test, 
micro- array expression images and sequences are used to represent the genetic code information because 
this is the way that our current techniques acquire the data. Under such circumstances, the heterogeneous 
features refer to the different types of representations for the same individuals, and the diverse features refer 
to the variety of the features involved to represent each single observation. Imagine that different 
organizations (or health practitioners) may have their own schemata to represent each patient, the data 
heterogeneity and diverse dimensionality issues become major challenges if we are trying to enable data 
aggregation by combining data from all sources.

Autonomous Sources with Distributed and Decentralized Control
Autonomous data sources with distributed and decentralized controls are a main characteristic of Big Data 
applications. Being autonomous, each data source is able to generate and collect information without 
involving (or relying on) any centralized control. This is similar to the World Wide Web (WWW) setting 
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where each web server provides a certain amount of information and each server is able to fully function 
without necessarily relying on other servers. On the other hand, the enormous volumes of the data also make 
an application vulnerable to attacks or malfunctions, if the whole system has to rely on any centralized 
control unit. For major Big Data-related applica- tions, such as Google, Flicker, Facebook, and Walmart, a 
large number of server farms are deployed all over the world to ensure nonstop services and quick responses 
for local markets. Such autonomous sources are not only the solutions of the technical designs, but also the 
results of the legislation and the regulation rules in different countries/ regions. For example, Asian markets 
of Walmart are inherently different from its North American markets in terms of seasonal promotions, top 
sell items, and customer behaviors. More specifically, the local government regula- tions also impact on the 
wholesale management process and result in restructured data representations and data warehouses for local 
markets.

5. Modules
5.1.1 Various Web Applications Building And Reviewing

Sample web applications were built so that the users can compare their products with different 

service providers. The applications use sample datasets that has been crawled in Amazon previously. Similar 

datasets were prepared for other applications too using the meta model that has been crawled earlier. Each 

data sets were loaded independently in various web applications. Features and other specifications have been 

loaded differently for each application based on the service providers requirement. These applications have 

been deployed in web servers so that the application is up and running. Web services have been written on 

each web application so that any third party can communicate with secure authentication.
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5.1.2 Our Gateway Application And Web Crawling

Now our gateway application is built which gives users with recommendations and comparisons 

between the product in the market. The users can register and can login to view various products available in 

market. This is done by writing a web service client process for each service provider. It can connect to the 

various web applications web service and can pull all the needed data’s to our backend. A huge amount of 

data got accumulated now. Web crawling looks for web services provided by various web applications.

5.1.3. Batch Processing Over   The Csv Data And Other Resources

Generally the resources provided by various web servers are in CSV Format and should be batch 

processed before proceeding. For that we use our own API for CSV manipulation. The CSV files were 

parsed for data. Theses data’s are used for further processing.
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5.1.4. Picking Products From Recommendations And Purchase

The Recommendations were given based on the QOS, availability, delivery, offers, price and specifications 

of the particular product. The users can pick any product so that our application provides with a most 

genuine recommendation and a set of comparisons. The users are provided with neat and clean indexes so 

that he can pick a best provider for a particular product. The picked products were added in cart and can be 

purchased later.

6. Conclusion

THIS propose a scalable, efficient and precise service comparison and recommender system which 

enables the shoppers to deeply analyze on what product to choose and in which application, ease and fair 

with our gateway .The shoppers will be provided with clean indexes of various products with its spec , cost 

and also service ratings which is done in a statistical way. The Proposed method identifies comparison of 

various products and gives the best choice for the customer to choose between those products. A one-time 

login is created using which the users can access different servers to communicate with the E-commerce 

servers. 
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