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Abstract 
Big Data comprises of large volume of complex structured, semi-structured, and unstructured data, which is beyond the 
processing capabilities of conventional databases. The processing and analysis of Big Data now play a crucial role in 
decision making, forecasting, business analysis, product development, and  customer experience  to name but a few. In this 
paper, we examine the distinguishing characteristics of Big Data along the lines of the 5Vs: variety, volume, Value, Veracity 
and velocity. Accordingly, the paper provides an insight into the main processing paradigms in relation to the 5Vs. This 
paper explains the lifecycle for Big Data processing and classifies various available tools and technologies in terms of the 
lifecycle phases of Big Data, which include data acquisition, data storage, data analysis, and data exploitation. Data mining 
can be used to improve the efficiency of storage challenges of a large data volumeand the transmission, analysis, and 
processing of the data volume with respect to Classification: Cluster Analysis and Anomaly Detection.  It refers loosely to 
finding relevant information or discovering knowledge from large volumes of data. Data mining attempts to discover 
statistical rules and patterns automatically from data. Data mining tools can predict behaviors’ and future trends allowing 
businesses to make positive knowledge based decisions. The overall goal of data mining process is to extract information 
from a data set and transform it into an understandable structure for further analysis.  
 

I. INTRODUCTION 
We are living in an era where we are flooded with data and because of this , the term ‘‘big data’’ is appears in many 
contexts, from meteorology, genomics, complex physics simulations, biological and environmental research, finance and 
business to healthcare. An interesting example A press release of SAP AG, reported, ‘‘SAP and the German Football 
Association turn big data into smart decisions to improve player performance at the World Cup in Brazil.’’ An International 
Data Corporation (IDC) report [1] predicts that ‘‘from 2005 to 2020, the digital universe will see growth factor of 300, from 
130 Exabyte to 40 000 Exabyte’’ and that ‘‘from now until 2020 will about double every two years.’’ The name implies, big 
data means large collections of data sets containing abundant information. It has some special features that distinguish it 
from ‘‘very large data’’ or ‘‘massive data’’ that are simply enormous collections of simple-format records, typically 
equivalent to enormous spreadsheets. Big data,is generally unstructured and heterogeneous, very complex to deal with thru 
traditional approaches, and requires real-time analysis. A short definition of ‘‘big data’’ refers to data sets whose size is 
exceeds the ability of typical database software tools to capture, store, manage, and analyze.  
 

II.  DATA MINING 
Data science fundamental concepts, include data mining, machine learning, statistical analysis, regression analysis, database 
querying, data warehousing, or a combination of these. The main difference between data mining and other analytics 
techniques is that the former focuses on the automated search for or extraction of useful knowledge from data. Data mining 
is the computational processes large datasets in order to derive frequent, but hidden patterns; to make useful and valid 
correlations from these discoveries; and to summarize the results in novel ways and then visualize understandable formats 
for decision–making purposes. Among the data mining models used to perform data processing and analysis functions 
include distributed data mining, multi–layer mining, data mining from multi–technology integration, and gridbased mining 
[3]. There are a variety of data mining algorithms like classification, clustering, regression, profiling, similarity matching, 
causal modeling, predictive link, and co–occurrence grouping [1].  
 
Data mining Techniques 
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  Figure1. Data mining Architecture                                                                                       
 
Data mining involves discovering novel, interesting, and potentially useful patterns from large data sets and applying 
algorithms to the extraction of hidden information. Many other terms are used for data mining, for example, knowledge 
discovery (mining) in databases (KDD), knowledge extraction, data/pattern analysis, data archeology, data dredging, and 
information harvesting [3]. The objective of any data mining process is to build an efficient predictive or descriptive model 
of a large amount of data that not only best fits or explains it, but is also able to generalize to new data [4]. Based on a broad 
view of data mining functionality, data mining is the process of discovering interesting knowledge from large amounts of 
data stored in either databases, data warehouses, or other information repositories. On the basis of the definition of data 
mining and the definition of data mining functions, a typical data mining process includes the following steps (see Figure 1). 
 (i) Data preparation: prepare the data for mining. It includes 3 substeps: integrate data in various data sources and clean the 
noise from data; extract some parts of data into data mining system; preprocess the data to facilitate the data mining. 
(ii) Data mining: apply algorithms to the data to find the patterns and evaluate patterns of discovered knowledge.  
(iii) Data presentation: visualize the data and represent mined knowledge to the user. We can view data mining in a 
multidimensional view.  
(i) In knowledge view or data mining functions view, it includes characterization, discrimination, classification, clustering, 
association analysis, time series analysis, and outlier analysis.  
(ii) In utilized techniques view, it includes machine learning, statistics, pattern recognition, big data, support vector machine, 
rough set, neural networks, and evolutionary algorithms.  
(iii) In application view, it includes industry, telecommunication, banking, fraud analysis, biodata mining, stock market 
analysis, text mining, web mining, social network, and e-commerce [3]. A variety of researches focusing on knowledge 
view, technique view, and application view can be found in the literature. This paper focuses on knowledge view, utilized 
techniques view, and application view of data mining.  
 
Data Mining Functionalities  
Data mining functionalities include classification, clustering, association analysis, time series analysis, and outlier analysis. 
 (i) Classification is the process of finding a set of models or functions that describe and distinguish data classes or concepts, 
for the purpose of predicting the class of objects whose class label is unknown.  
(ii) Clustering analyzes data objects without consulting a known class model.  
(iii) Association analysis is the discovery of association rules displaying attribute-value conditions that frequently occur 
together in a given set of data.  
(iv) Time series analysis comprises methods and techniques for analyzing time series data in order to extract meaningful 
statistics and other characteristics of the data.  
(v) Outlier analysis describes and models regularities or trends for objects whose behavior changes over time 
 
Classification. 
Classification is useful for management for decision making. Given an object, assigning it to one of predefined target 
categories or classes is called classification. The goal of classification is to accurately predict the target class for each case in 
the data [4]. For example, a classification model could be used to identify loan applicants as low, medium, or high credit 
risks [5]. There are many methods to classify the data, including decision tree induction, frame-based or rule-based expert 
systems, hierarchical classification, neural networks, Bayesian network, and support vector machines. 
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  Figure2. Classification 
 
 
 
Clustering. 
Clustering algorithms divide data into meaningful groups (see Figure 3) so that patterns in the same group are similar in 
some sense and patterns in different group are dissimilar in the same sense. Searching for clusters involves unsupervised 
learning [6]. In information retrieval, for example, the search engine clusters billions of web pages into different groups, 
such as news, reviews, videos, and audios. One straightforward example of clustering problem is to divide points into 
different groups [7]. 

 
 
Figure 3. Clustering 
 
(i) Hierarchical clustering method combines data objects into subgroups; those subgroups merge into larger and high level 
groups and so forth and form a hierarchy tree. Hierarchical clustering methods have two classifications, agglomerative 
(bottom-up) and divisive (top-down) approaches. The agglomerative clustering starts with one-point clusters and recursively 
merges two or more of the clusters. The divisive clustering in contrast is a top-down strategy; it starts with a single cluster 
containing all data points and recursively splits that cluster into appropriate subclusters 
(ii) Partitioning algorithms discover clusters either by iteratively relocating points between subsets or by identifying areas 
heavily populated with data. Density-based partitioning methods attempt to discover low-dimensional data, which is 
denseconnected, known as spatial data.The related research includes DBSCAN (Density Based Spatial Clustering of 
Applications with Noise) Grid based partitioning algorithms use hierarchical agglomeration as one phase of processing and 
perform space segmentation and then aggregate appropriate segments;  
 (iii) In order to handle categorical data, researchers change data clustering to preclustering of items or categorical attribute 
values;  
(iv) Scalable clustering research faces scalability problems for computing time and memory requirements 
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 (v) High dimensionality data clustering methods are designed to handle data with hundreds of attributes.  
 
Data Mining Applications 
 
Application Classification Clustering Association 

analysis 
Time series 
analysis 

Outlier 
analysis 

Industry  √ √   
E commerce √ √  √ √ 

Health Care √  √ √ √ 
Weather  √  √ √ 
Banking √ √ √  √ 
Insurance √  √  √ 
Textile  √ √   
 
Data Mining in e-Commerce. 
Data mining enables the businesses to understand the patterns hidden inside past purchase transactions, thus helping in 
planning and launching new marketing campaigns in prompt and cost-effective way . 
 e-commerce is one of the most prospective domains for data mining because data records, including customer data, product 
data, users’ action log data, are plentiful; IT team has enriched data mining skill and return on investment can be measured. 
Researchers leverage association analysis and clustering to provide the insight of what product combinations were 
purchased; it encourages customers to purchase related products that they may have been missed or overlooked. Users’ 
behaviors are monitored and analyzed to find similarities and patterns in Web surfing behavior so that the Web can be more 
successful in meeting user needs  A complementary method of identifying potentially interesting content uses data on the 
preference of a set of users, called collaborative filtering or recommender systems, and it leverages user’s correlation and 
other similarity metrics to identify and cluster similar user profiles for the purpose of recommending informational items to 
users. And the recommender system also extends to social network, education area , academic library [12], and tourism [13]. 
 
Data Mining in Industry. 
 Data mining can highly benefit industries such as retail, banking, and telecommunications; classification and clustering can 
be applied to this area [14]. One of the key success factors of insurance organizations and banks is the assessment of 
borrowers’ credit worthiness in advance during the credit evaluation process. Credit scoring becomes more and more 
important and several data miningmethods are applied for credit scoring problem [15–17].Retailers collect customer 
information, related transactions information, and product information to significantlyimprove accuracy of product demand 
forecasting, assortment optimization, product recommendation, and ranking across retailers and manufacturers [18, 19].  
3.6.3  Data Mining in Health Care.  
In health care, data mining is becoming increasingly popular, if not increasingly essential [13–18]. Heterogeneous medical 
data have been generated in various health care organizations, including payers, medicine providers, pharmaceuticals 
information, prescription information, doctor’s notes, or clinical records produced day by day. These quantitative data can be 
used to do clinical text mining, predictive modeling [19], survival analysis, patient similarity analysis  
Big data 
 
With the rapid development of big data, the most fundamental challenge is to explore the large volumes of data and extract 
useful information or knowledge for future actions.  The key characteristics of the data in big data are as follows.  
 
(i) Large volumes of data to read and write: the amount of data can be TB (terabytes), even PB (petabytes) and ZB 
(zettabyte), so we need to explore fast and effective mechanisms. 
 (ii) Heterogeneous data sources and data types to integrate: in big data era, the data sources are diverse;  
(iii) Complex knowledge to extract: the knowledge is deeply hidden in large volumes of data and the knowledge is not 
straightforward 
 
 

III. BIG DATA 
 
The term “big data analytics’ refers to any vast amount of data that has the potential to be collected, stored, retrieved, 
integrated, selected, preprocessed, transformed, analyzed, and interpreted for discovering new or extracting useful 
knowledge. This can be evaluated and visualized in an understandable format for decision–making purposes. In many 
context of big data analytics refers to a collection of dedicated software applications and database systems run by machines 
with very high processing power, which can turn a large amount of data into useful knowledge for well–informed decision–
making and enhanced insights in relation to various urban domains ” [2]. Basic types of big data analytics include predictive, 
descriptive, diagnostic, and prescriptive analytics. These are applied to extract different types of knowledge or insights from 
large datasets. In the dawn of the big data era, people are concerned how to rapidly extract key information from massive 
data so as to bring values for enterprises and individuals. At present, the main processing methods of big data are shown as  
follows 
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Figure2Interrelationship of  DataMining and Big Data techniques 
 
Bloom Filter: Bloom Filter consists of a series of Hash functions. The principle of Bloom Filter is to store Hash values of 
data other than data itself by utilizing a bit array, which is in essence a bitmap index that uses Hash functions to conduct 
lossy compression storage of data. It has such advantages as high space efficiency and high query speed, but also has some 
disadvantages in misrecognition and deletion. 
Hashing: it is a method that essentially transforms data into shorter fixed-length numerical values or index val- ues. Hashing 
has such advantages as rapid reading, writing, and high query speed, but it is hard to find a sound Hash function. 
Index: index is always an effective method to reduce the expense of disk reading and writing, and improve insertion, 
deletion, modification, and query speeds in both traditional relational databases that manage struc- tured data, and other 
technologies that manage semi- structured and unstructured data. However, index has   a disadvantage that it has the 
additional cost for stor- ing index files which should be maintained dynamically when data is updated. 
Triel: also called trie tree, a variant of Hash Tree. It is mainly applied to rapid retrieval and word frequency statistics. The 
main idea of Triel is to utilize common prefixes of character strings to reduce comparison on character strings to the greatest 
extent, so as to improve query efficiency. 
Parallel Computing: compared to traditional serial com- puting, parallel computing refers to simultaneously utilizing several 
computing resources to complete a computation task. Its basic idea is to decompose a problem and assign them to several 
separate processes to be independently completed, so as to achieve co- processing. Presently, some classic parallel 
computing models include MPI (Message Passing Interface), MapReduce, and because of the 4Vs of big data, different 
analytical architectures shall be considered for different application requirements. 
 
Real-time vs. offline analysis 
 
According to timeliness requirements, big data analysis can be classified into real-time analysis and off-line analysis. 
Real-time analysis: is mainly used in E-commerce and finance. Since data constantly changes, rapid data anal- ysis is needed 
and analytical results shall be returned with a very short delay. The main existing architec- tures of real-time analysis include 
(i) parallel process- ing clusters using traditional relational databases, and 
(ii) memory-based computing platforms. For example, Greenplum from EMC and HANA from SAP are both real-time 
analysis architectures. 
Offline analysis: is usually used for applications with- out high requirements on response time, e.g., machine learning, 
statistical analysis, and recommendation algo- rithms. Offline analysis generally conducts analysis by importing logs into a 
special platform through data acquisition tools. Under the big data setting, many Internet enterprises utilize the offline 
analysis archi- tecture based on Hadoop in order to  reduce the  cost of data format conversion and improve the efficiency of 
data acquisition. Examples include Facebook’s open source tool Scribe, LinkedIn’s open source tool Kafka, Taobao’s open 
source tool Timetunnel, and Chukwa of Hadoop, etc. These tools can meet the demands of data acquisition and transmission 
with hundreds of MB per second. 
Analysis at different levels 
 
Big data analysis can also be classified into memory level analysis, Business Intelligence (BI) level analysis, and mas- sive 
level analysis, which are examined in the following. 
Memory-level analysis: is for the case where the total data volume is smaller than the maximum memory of  a cluster. 
Nowadays, the memory of server cluster sur- passes hundreds of GB while even the TB level is common. Therefore, an 
internal database technology may be used, and hot data shall reside in the memory so as to improve the analytical efficiency. 
Memory-level analysis is extremely suitable for real-time analysis. MongoDB is a representative memory-level analytical 
architecture. With the development of SSD (Solid-State Drive), the capacity and performance of memory-level data analysis 
has been further improved and widely applied. 
BI analysis: is for the case when the data scale sur- passes the memory level but may  be imported  into  the BI analysis 
environment. The currently, mainstream BI products are provided with data analysis plans to support the level over TB. 
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Massive analysis: is for the case when the data scale has completely surpassed the capacities of BI products and traditional 
relational databases. At present, most massive analysis utilize HDFS of Hadoop to store data and use MapReduce for data 
analysis. Most massive analysis belongs to the offline analysis category. 
Analysis with different complexity 
 
The time and space complexity of data analysis algorithms differ greatly from each other according to different kinds of data 
and application demands. For example, for applica- tions that are amenable to parallel processing, a distributed algorithm 
may be designed and a parallel processing model may be used for data analysis. 
 
Tools for big data mining and analysis 
 
Many tools for big data mining and analysis are avail-  able, including professional and amateur software, expen- sive 
commercial software, and open source software. In this section, we briefly review the top five most widely used software, 
according to a survey of “What Analytics, Data mining, Big Data software that you used in the past 12 months for a real 
project?” of 798 professionals made by KDNuggets in 2012 [112]. 
R (30.7 %): R, an open source programming language and software environment, is designed for data mining/analysis and 
visualization. While computing- intensive tasks are executed, code programmed with C, C++ and Fortran may be called in 
the R environment. In addition, skilled users can directly call R objects in C. Actually, R is a realization of the S language, 
which is an interpreted language developed by AT&T Bell Labs and used for data exploration, statistical analysis, and 
drawing plots. Compared to S, R is more popular since it is open source. R ranks top 1 in the KDNuggets 2012 survey. 
Furthermore, in a survey of “Design languages you have used for data mining/analysis in the past year” in 2012, R was also 
in the first place, defeating SQL and Java. Due to the popularity of R, database manufactur- ers, such as Teradata and Oracle, 
have released products supporting R. 
Excel (29.8 %): Excel, a core component of Microsoft Office, provides powerful data processing and statisti- cal analysis 
capabilities. When Excel is installed, some advanced plug-ins, such as Analysis ToolPak and Solver Add-in, with powerful 
functions for data analysis are integrated initially, but such plug-ins can be used only if users enable them. Excel is also the 
only commercial software among the top five. 
Rapid-I Rapidminer (26.7 %): Rapidminer is an open source software used for data mining, machine learn- ing, and 
predictive analysis. In an investigation of KDnuggets in 2011, it was more frequently used than R (ranked Top 1). Data  
mining and machine learn-  ing programs provided by RapidMiner include Extract, Transform and Load (ETL), data pre-
processing and visualization, modeling, evaluation, and deployment. 
 
Challenges. 
 

 
 
 
The quantity of data is big but the quality is low and the data are various from different data sources inherently possessing a 
great many different types and representation forms, and the data is heterogeneous, as-structured, semistructured, and even 
entirely unstructured.  
(i) The first challenge is to access, extracting large scale data from different data storage locations. We need to deal with the 
variety, heterogeneity, and noise of the data, and it is a big challenge to find the fault and even harder to correct the data. In 
data mining algorithms area, how to modify traditional algorithms to big data environment is a big challenge.  
(ii) Second challenge is how to mine uncertain and incomplete data for big data applications. In data mining system, an 
effective and security solution to share data between different applications and systems is one of the most important 
challenges, since sensitive information, such as banking transactions and medical records, should be a matter of concern.  
 
Research Issues. 
In big data era, there are some open research issues including data checking, parallel programming model, and big data 
mining framework.  
(i) There are lots of researches on finding errors hidden in data, such as the data cleaning, filtering, and reduction 
mechanisms  
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(ii) Parallel programming model is introduced to data mining and some algorithms are adopted to be applied in it. 
Researchers have expanded existing data mining methods in many ways, including the efficiency improvement of single-
source knowledge discovery methods, designing a data mining mechanism from a multisource perspective, and the study of 
dynamic data mining methods and the analysis of stream data this constraint on applying data mining technology to big data 
platform. This would be a challenge for data mining related researchers and also a great direction.  
(iii) The most important work for big data mining system is to develop an efficient framework to support big data mining. In 
the big data mining framework, we need to consider the security of data, the privacy, the data sharing mechanism, the 
growth of data size 
 

IV. CONCLUSION 
Data mining involves discovering novel, interesting, and potentially useful patterns from data and applying algorithms to the 
extraction of hidden information. In this paper, we survey the data mining in 3 different views: knowledge view, technique 
view, and application view. In knowledge view, we review classification, clustering, association analysis, time series 
analysis, and outlier analysis. In application view, we review the typical data mining application, including e-commerce, 
industry, health care, and public service. The technique view is discussed with knowledge view and application view. 
Nowadays, big data is a hot topic for data mining; we also discuss the new characteristics of big data and analyze the 
challenges in data extracting, data mining algorithms, and data mining system area. Based on the survey of the current 
research, a suggested big data mining system is proposed. 
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