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ABSTRACT 

 

With over 16 million Tweets per hour, 600 new blogs posts 

per minute and 400 million active users on Facebook, 

businesses have begun searching for ways to turn real-time 

consumer based posts into actionable intelligence. The goal 

is to extract information from this noisy, unstructured data 

and use it for trend analysis and prediction. This paper 

presents the ways of predictive analysis of the unstructured 

data using different data mining techniques and other 

concept Exploratory Data Analysis (EDA) 

  

Keywords: Exploratory Data Analysis;Data mining ;  

 

I.  INTRODUCTION 
 

SOCIAL media data presents a promising, albeit 

challenging,source of data for business intelligence. 

Customers voluntarily discuss products and companies, 

giving a real-time pulse of brand sentiment and 

adoption. Unfortunately, such data is noisy and 

unstructured, making it difficult to easily extract real-

time intelligence. Thus, the use of such data can be 

time-consuming and cost prohibitive for businesses. 

One promising direction towards resolving the data is 

Data Mining.  

 
Data Mining is an analytic process designed to explore 
data (usually large amounts of data - typically business 
or market related - also known as "big data") in search 
of consistent patterns and/or systematic relationships 
between variables, and then to validate the findings by 
applying the detected patterns to new subsets of data. 
The ultimate goal of data mining is prediction - and 
predictive data mining is the most common type of data 
mining and one that has the most direct business 
applications. The process of data mining consists of 
three stages: (1) the initial exploration, (2) model 
building or pattern identification with 
validation/verification, and (3) deployment (i.e., the 
application of the model to new data in order to 
generate predictions). 
 
 
 

Exploration: This stage usually starts with data 
preparation which may involve cleaning data, data 
 transformations, selecting subsets of records and - in 
case of data sets with large numbers of variables 
("fields") - performing some preliminary feature 
selection operations to bring the number of variables to 
a manageable range (depending on the statistical 
methods which are being considered). Then, depending 
on the nature of the analytic problem, this first stage of 
the process of data mining may involve anywhere 
between a simple choice of straightforward predictors 
for a regression model, to elaborate exploratory 
analyses using a wide variety of graphical and statistical 
methods , in order to identify the most relevant 
variables and determine the complexity and/or the 
general nature of models that can be taken into account 
in the next stage. 
 
 Model building and validation. This stage involves 

considering various models and choosing the best one 

based on their predictive performance (i.e., explaining 

the variability in question and producing stable results 

across samples). This may sound like a simple 

operation, but in fact, it sometimes involves a very 

elaborate process. There are a variety of techniques 

developed to achieve that goal - many of which are 

based on so-called "competitive evaluation of models," 

that is, applying different models to the same data set 

and then comparing their performance to choose the 

best. These techniques - which are often considered the 

core of predictive data mining - include: Bagging 

(Voting, Averaging), Boosting, Stacking (Stacked 

Generalizations), and Meta-Learning. 

 

Deployment. That final stage involves using the model 

selected as best in the previous stage and applying it to 

new data in order to generate predictions or estimates of 

the expected outcome. 

 

The concept of Data Mining is becoming increasingly 

popular as a business information management tool 

where it is expected to reveal knowledge structures that 

can guide decisions in conditions of limited certainty. 

Recently, there has been increased interest in 
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developing new analytic techniques specifically 

designed to address the issues relevant to business Data 

Mining (e.g., Classification Trees), but Data Mining is 

still based on the conceptual principles of statistics 

including the traditional Exploratory Data Analysis 

(EDA) and modeling and it shares with them both some 

components of its general approaches and specific 

techniques. 

 

I. EXPLORATORY DATA ANALYSIS (EDA) 
 

A. EDA vs. Hypothesis Testing 
 
As opposed to traditional hypothesis testing designed to 

verify a priori hypotheses about relations between 

variables (e.g., "There is a positive correlation between 

the AGE of a person and his/her RISK TAKING 

disposition"), exploratory data analysis (EDA) is used 

to identify systematic relations between variables when 

there are no (or not complete) a priori expectations as to 

the nature of those relations. In a typical exploratory 

data analysis process, many variables are taken into 

account and compared, using a variety of techniques in 

the search for systematic patterns. 

 

Computational EDA techniques 

 

Computational exploratory data analysis methods 

include both simple basic statistics and more advanced, 

designated multivariate exploratory techniques 

designed to identify patterns in multivariate data sets. 

 

Basic statistical exploratory methods: The basic 

statistical exploratory methods include such techniques 

as examining distributions of variables (e.g., to identify 

highly skewed or non-normal, such as bi-modal 

patterns), reviewing large correlation matrices for 
coefficients that meet certain thresholds (see example 

above), or examining multi-way frequency tables (e.g., 

"slice by slice" systematically reviewing combinations 

of levels of control variables). 

 

 
 

B. Multivariate exploratory techniques: 
 
 

Multivariate exploratory techniques designed 
specifically to identify patterns in multivariate (or 
univariate, such as sequences of measurements) data 
sets  
 
include: Cluster Analysis, Factor Analysis, 
Discriminant Function Analysis, Multidimensional 
Scaling, Log-linear Analysis, Canonical Correlation, 
Stepwise Linear and Nonlinear (e.g., Logit) Regression, 
Correspondence Analysis, Time Series Analysis, and 
Classification Trees.  
  

 
 

C. Graphical (Data Visualization) EDA Techniques 
 

A large selection of powerful exploratory data analytic 
techniques is also offered by graphical data 
visualization methods that can identify relations, trends, 
and biases "hidden" in unstructured data sets. 

 

 
D. Brushing 

 
Perhaps the most common and historically first widely 
used technique explicitly identified as graphical 
exploratory data analysis is brushing, an interactive 
method allowing us to select on-screen specific data 
points or subsets of data and identify their (e.g., 
common) characteristics, or to examine their effects on 
relations between relevant variables. Those relations 
between variables can be visualized by fitted functions 
(e.g., 2D lines or 3D surfaces) and their confidence 
intervals, thus, for example, we can examine changes in 
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those functions by interactively (temporarily) removing 
or adding specific subsets of data. For example, one of 
many applications of the brushing technique is to select 
(i.e., highlight) in a matrix scatterplot all data points 
that belong to a certain category (e.g., a "medium" 
income  
 
 
level, see the highlighted subset in the fourth 
component graph of the first row in the illustration left) 
in order to examine how those specific observations 
contribute to relations between other variables in the 
same data set (e.g, the correlation between the "debt" 
and "assets" in the current example). If the brushing 
facility supports features such as "animated brushing" 
or "automatic function re-fitting," we can define a 
dynamic brush that would move over the consecutive 
ranges of a criterion variable (e.g., "income" measured 
on a continuous scale or a discrete [3-level] scale as on 
the illustration above) and examine the dynamics of the 
contribution of the criterion variable to the relations 
between other relevant variables in the same data set.  

 

II. OTHER GRAPHICAL EDA TECHNIQUES 

 

Other graphical exploratory analytic techniques include 

function fitting and plotting, data smoothing, overlaying 

and merging of multiple displays, categorizing data, 

splitting/merging subsets of data in graphs, aggregating 

data in graphs, identifying and marking subsets of data 

that meet specific conditions, icon plots,shading, 

plotting confidence intervals and confidence areas (e.g., 

ellipses), 

 

 
A. Verification of Results of EDA 

 

The exploration of data can only serve as the first stage 

of data analysis and its results can be treated as 

tentative at best as long as they are not confirmed, e.g., 

cross validated, using a different data set (or an 

independent subset). If the result of the exploratory 

stage suggests a particular model, then its validity can 

be verified by applying it to a new data set and testing 

its fit (e.g., testing its predictive validity). Case 

selection conditions can be used to quickly define 

subsets of data (e.g., for estimation and verification), 

and for testing the robustness of results.  

 

III. COMPARISON WITH THE OTHER 

PREDICTIVE ANALYSIS TECHNIQUE 

 

The term Predictive Data Mining is usually applied to 

identify data mining projects with the goal to identify a 

statistical or neural network model or set of models that 

can be used to predict some response of interest. For 

example, a credit card company may want to engage in 

predictive data mining, to derive a (trained) model or 

set of models (e.g., neural networks, meta-learner) that 

can quickly identify transactions which have a high 

probability of being fraudulent. Other types of data 

mining projects may be more exploratory in nature 

(e.g., to identify cluster or segments of customers), in 

which case drill-down descriptive and exploratory 

methods would be applied. Data reduction is another 

possible objective for data mining (e.g., to aggregate or 

amalgamate the information in very large data sets into 

useful and manageable chunks). 

 

A. Stacking(StackedGeneralization) 

B.  

The concept of stacking (Stacked Generalization) 

applies to the area of predictive data mining, to 

combine the predictions from multiple models. It is 

particularly useful when the types of models included in 

the project are very different. 

C.  

Suppose your data mining project includes tree 

classifiers, such as C&RT or CHAID, linear 

discriminant analysis , and Neural Networks. Each 

computes predicted classifications for a cross validation 

sample, from which overall goodness-of-fit statistics 

(e.g., misclassification rates) can be computed. 

Experience has shown that combining the predictions 

from multiple methods often yields more accurate 

predictions than can be derived from any one method. 

In stacking, the predictions from different classifiers are 

used as input into a meta-learner, which attempts to 

combine the predictions to create a final best predicted 

classification. So, for example, the predicted 

classifications from the tree classifiers, linear model, 

and the neural network classifier(s) can be used as input 

variables into a neural network meta-classifier, which 

will attempt to "learn" from the data how to combine 

the predictions from the different models to yield 

maximum classification accuracy. 
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B. Text Mining: 

 

While Data Mining is typically concerned with the 

detection of patterns in numeric data, very often 

important (e.g., critical to business) information is 

stored in the form of text. Unlike numeric data, text is 

often amorphous, and difficult to deal with. Text 

mining generally consists of the analysis of (multiple) 

text documents by extracting key phrases, concepts, etc. 

and the preparation of the text processed in that manner 

for further analyses with numeric data mining 

techniques (e.g., to determine co-occurrences of 

concepts, key phrases, names, addresses, product 

names, etc.). 

 
IV. CONCLUSIONS 

 
According to the details collected ,we can conclude the 
paper saying that ,Predictive Analysis  of Data using  
 
 

 
Exploratory Data Analysis (EDA) is more user friendly  
and easy tool for the unsaturated data from the social 
media ,which inter can help build the business 
intelligence ,by creating patterns for deciding the 
related and no related data ,for the further development 
of business. 
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