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DATA MINING Department of CSE
W

UNITV
WEB & TEXT MINING

S.1 Introduction

Text Mining is the discovery by computer of new, previously unknown information, by
automatically extracting information from different written resources. A key element is the
linking together of the extracted information together to form new facts or new hypotheses to
be explored further by more conventional means of experimentation. Text mining is different
from what we're familiar with in web search. In search, the user is typically looking for
something that is already known and has been written by someone else. The problem is
pushing aside all the material that currently isn’t relevant to your needs in order to find the
relevant information. In text mining, the goal is to discover heretofore unknown information,
something that no one yet knows and so could not have yet written down.

Data mining versus Text mining

The difference between regular data mining and text mining is that in text mining

The patterns are extracted from natural language text rather than from structured databases of
facts. Databases are designed for programs to process automatically; text is written for people
to read. We do not have programs that can “read” text and will not have such for the
foreseeable future. Many researchers think it will require a full simulation of how the mind
works before we can write programs that read the way people do.

However, there is a field called computational linguistics (also known as natural language
processing) which is making a lot of progress in doing small subtasks in text analysis. For
example, it is relatively easy to write a program to extract phrases from an article or book
that, when shown to a human reader, seem to summarize its contents. (The most frequent
words and phrases in this article, minus the really common words like “the” are: text mining,
information, programs, and example, which 1s not a bad five-word summary of its contents.)

Typical applications of text Mining could include Analyzing open-ended survey
responses. For example, you may discover a certain set of words or terms that are commonlv
used by respondents to describe the pro’s and con’s of a product or service (under

investigation), suggesting common misconceptions or confusion regarding the items in the
study.

Another application include to aid in the automatic classification of texts. For example, it 18
possible to “filter” out automatically most undesirable “junk email” based on certain terms or
words that are not likely to appear in legitimate messages. but instead identify undesirable
electronic mail. In this manner, such messages can automatically be {liauurdcdh Such
automatic systems for classifying electronic messages can also huiusci‘ul i‘n .;nuli;:rl;iuns
where messages need to be routed (automatically) to the most appropriate de *:1:‘!111‘; t or
agency; €.g., email messages with complaints or petitions . .

= MALLA REDDY COLLEGE OF ENGINEERING FOR WOMEN

Page 66
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for inappropriate or obscene messages. which are automatically returned to the sender with a

request to remove the offending words or content.

Text Mining Algorithm consist of 3 steps.

1.Train.create attribute dictioary where the attribute represents words from articles related to
a particular topic. Choose only words that occur a minimum number of times.
2. Filter. Remove the common words known to be useless in the differentiating articles.

Eg. The,As. We etc.

3. Classify. Check each document to be classified for the presence and frequency of the
chosen attributes. Classify the document under a particular topic if it contains a
predetermined minimum number of references to the chosen attributes for the topic.

5.1 Web Mining

Web mining is the process which includes various data mining techniques to extract
knowledge from web data categorized as web content, web structure and data usage. It
includes a process of discovering the useful and unknown information from the web data.
Web mining can be classified based on the following categories:

1. Web Content

2. Web Structure

3. Web Usage

Web Mining

Web SMructure
Aining

Let’s understand concepts of various categories included in web mining.

MALLA REDDY COLLEGE OF ENGINEERING FOR WOMEN " Page67
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DATA MINING Department of CsE

S.1.1 Web Content Minings

Web content mining is defined as the process of converting raw data to useful information
using the content of web page of a specified web site. The process starts with the extraction
of structured data or information from web pages and then identifying similar data with
Integration. Various types of web content include text, audio, video etc. This process is called
as text mining. Text Mining uses Natural Language processing and retrieving information
techniques for a specific mining process.

S.1.2 Web Structure Mining

Web graphs include a typical structure which consists of web pages such as nodes and
hyperlinks which wil] be treated as edges connected between web pages. It includes a process
of discovering a specified structure with information from the web.

This category of mining can be performed either at document level or
researsch activity which involves hyperlink level is called hyperlink analysis.

hyperlink level. The

Terminologies associated with Web structure:

1.Webgraph: It is g2 directed  graph  which represents the  web.
2.Node: Each web page includes a node of the web  graph.
3.Link: Hyperlink is a type of directed edge of the web graph.
4. In-degree: In-degree specifies the number of distinct links that point to a specified node.
S. Out-degree: Out-degree specifies the number of distinct lakes originating at a node that

points to othernodes.
6. Directed path: Directed path includes a sequence of links starting from a specified node
that can befollowedtoreachanothernode.
7. Shortest Path: The shortest path will be the shortest length out of all the paths between p
and q.

8. Diameter: The maximum of the shortest path between a pair of nodes p and q for all pairs

of nodes p and q in the web graph.
Application of Web Content and Web Structure Mining

Structure mining can aid to this goal, by identifying popular sites (so-called “authorities), for
example, by analysing the number of links that refer to a particular site. Web content and

structure mining are not only used to improve the quality of public search engines. Special
search services can also be offered. Content and structure mining tools can for instance track
down online misuse of brands . or analyse the content and structure of competitive web sites
in detail to gain some strategic advantage . With content and structure mining tools, things
like online curriculum vitae or personal home pages can be collected. After nterpreting the
personal data found on personal pages this information could be used for marketing purposes.
Profiles on potential customers can be produced and more detailed information is added to
profiles of current customers. So mining the web not only contributes to acquiring new

customers, it ¢an also aid in retaining existing ones.
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DATA MINING

S.1.3 Web Usage Mining:

Web includes a collection of interrelated files with one or more web servers. It includes a
pattern of discovery of meaningful patterns of data generated by the client-server transaction,
The typical sources of data are mentioned below:

1. Data which is generated automatically is stored in server access logs, referrer logs, agent
logs and client-sidecookies.

2.Informationofuserprofiles.
3. Metadata which includes page attributes and content attributes.

Application of web usage mining
Using web usage mining, it can extract useful information from the clickstream analysis of

web server log containing details of webpage visits, transactions. Web server log analyzer
may include software such as NetTracker, AwStats to view how often is the website visited,
which kind of product is the best and worst sellers in a e-commerce website. The ability to
track web users’ browsing behaviour down to individual mouse clicks makes it possible to
personalise services for individual customers on a massive scale. This ‘mass customisation’
of services not only helps customers by satisfying their needs, but also results in customer
loyalty. Due to a more personalised and customer-centred approach, the content and structure
of a web site can be evaluated and adapted to the customer’s preferences and the right offers

can be made to the right customer.

Web server log:
Server logs created by the server record all activities. The page forwarded to the web server

includes every single piece of basic information about URL.

5.2 Text Mining |
Text and data mining are considered as complementary techniques required for efficient -
business management. Data mining and text mining tools have gathered its primary location
in the marketplace. Natural Language processing is a subset of text mining tools which is
used to define accurate and complete domain specific taxonomies. This helps in effective
metadata association. Text mining is more mature and efficient in comparison with data

mining process. 80 percent of the information is made of text.

The objective of text mining is to exploit information which is included in textual documents
in various patterns and trends in association with entities and predictive rules.
The results are manipulated and used for:
I, The analysis of a collection

Text Mining Worlcflosw
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3 Providing information about intelligent navigation and browsing method.

The five fundamental steps involved in text mining are:

e Gathering unstructured data from multiple data sources like plain text, web pages, pdf
files. emails. and blogs. to name a few.

e Detect and remove anomalies {rom data

by conducting pre-processing and cleansing
o extract and retain the valuable

operations. Data cleansing allows you information hidden
within the data and to help identify the roots of specific words.

e (Convert all the relevant information extracted from unstructured data into structured

formats.

e Analyse the patterns within the
e Store all the valuable informatio
enhance the decision-making process of the organisation.

data via Management Information System (MIS).
n into a secure database to drive trend analysis and

ANALYSIS OF
DATA

Text Mining Techniques

various text mining techniques:

Information Extraction
Information Extraction (IE) refers to the process of extracting meaningful information from

vast chunks of textual data. This method focuses on identifying the extraction of entities,
attributes, and their relationships from semi-structured or unstructured texts. Whatever
information is extracted is then stored in a database for future access and retrieval. The
efficacy and relevancy of the outcomes are checked and evaluated using precision and recall

Processes.

Information Retrieval
Information Retrieval (IR) refers to the process of extracting relevant and associated patterns

based on a specific set of words or phrases. IR systems make use of different algorithms to
track and monitor user behaviours and discover relevant data accordingly. Google and Yahoo
search engines are the two most renowned IR systems.

Categorization
Text categorization is a form of “supervised” learning wherein normal language texts are

assigned to a predefined set of topics depending upon their content. Thus, categorization or

e
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rather Natural Language Processing (NLP) is a process of gathering (ext documents ang
processing and analysing them to uncover the right topics or indexes for cach document, The
co-referencing method is commonly used as a part of NLP to extract relevant synonyms and
abbreviations from textual data. Today. NLP has become an automated process used in a host
of contexts ranging from personalized commercials delivery to  spam filtering and
categorizing web pages under hicrarchical definitions, and much more.

Clustering

Clustering is one of the most crucial techniques of text mining. It secks to identify intrinsic
structures in textual information and organize them into relevant subgroups or ‘clusters’ for
further analysis. A significant challenge in the clustering process is to form meaningful
clusters from the unlabeled textual data without having any prior information on them.
Cluster analysis is a standard text mining tool that assists in data distribution or acts as a per-
processing step for other text mining algorithms running on detected clusters.

Summarisation

Text summarisation refers to the process of automatically generating a compressed version of
a specific text that holds valuable information for the end user. The aim here is to browse
through multiple text sources to craft summaries of texts containing a considerable proportion
of information in a concise format, keeping the overall meaning and intent of the original
documents essentially the same. Text summarisation integrates and combines the various

methods that employ text categorization like decision trees, neural networks, regression
models. and swarm intelligence.

Applications Of Text Mining

Text mining techniques are rapidly penetrating the industry, right from academia and

healthcare to businesses and social media platforms. Here are a few applications of text
mining being used across the globe today.
1.Risk Management

One of the primary causes of failure in the business sector is the lack of proper or insufficient
risk analysis. Adopting and Integrating risk management software powered by text mining
technologies such as SAS Text Miner can help businesses to stay updated with all the current
trends in the business market and boost their abilities to mitigate potential risks. Since text
mining technologies can gather relevant information from across thousands of text data
sources and create links between the extracted insights, it allows companies to access the
right information at the right moment, thereby enhancing the entire risk management process.
2.Customer care service

Text mining techniques, particularly NLP, are finding Increasing importance in the field of
customer care. Companies are investing in text analytics software to enhance their overall

customer experience by accessing the textual data from varied sources such
customer feedback, and customer calls, etc. Text analysis aims

as surveys,
to reduce the response time of

the company and help address the grievances of the customers speedily and effic lently.
3.Fraud Detection

e
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logics prnvitlua‘ a tremendous opportunity for
text format. Insurance and finance companies
the outcomes of text analyses with relevant

Text analytics backed by text mining techno
domains that pather a majority of data in the
are harnessing this opportunity. By combining
structured data these companies are now able 1o process claims swiftly as well as detect and
prevent frauds.

4.Business Intelligence
Organisations and business firms have started to leverage text mining techniques as a part of

their business intelligence. Apart from providing profound insights into customer behaviour
and trends. text mining techniques also help companies to analyse the strengths and
weaknesses of their rivals. thus, giving them a competitive advantage in the market. Text
mining tools such as Cogito Intelligence Platform and IBM text analytics provide insights on
the performance of marketing strategies, latest customer and market trends, and so on.
5.Social Media Analysis

There are many text mining software packages designed exclusively
performance of social media platforms. These help to track and interpret the texts generated
online from the news, blogs, emails, etc. Furthermore, text mining tools can efficiently
analyse the number of posts, likes, and followers of your brand on social media, thereby
allowing you to understand the reaction of people who are interacting with your brand and
online content. The analysis will enable you to understand ‘what’s hot and what’s not™ for

your target audience.

for analysing the

5.3. Unstructured text

Unstructured data is information, in many different forms, that doesn't hew to conventional
data models and thus typically isn't a good fit for a mainstream relational database. Thanks to
the emergence of alternative platforms for storing and managing such data, it i1s increasingly
prevalent in IT system and is used by organizations in a variety of business intelligence

and analyticsapplications.
Traditional structured data, such as the transaction data in financial systems and other

business applications, conforms to a rigid format to ensure consistency in processing and
analyzing it. Sets of unstructured data, on the other hand, can be maintained in formats that
aren't uniform, freeing analytics teams to work with all of the available datawithout
necessarily having to consolidate and standardize it first. That enables more comprehensive
analyses than would otherwise be possible.

Types of unstructured data

One of the most common types of unstructured data 1s text. Unstructured text is generated
and collected in a wide range of forms, including Word documents, email messages,
PowerPoint presentations, survey responses, transcripts of call center interactions. and posts
from blogs and social media sites.

Other types of unstructured data include images, audio and video files. Machine data is
another category, one that's growing quickly in many organizations. For example, log
files from websites, servers, networks and applications -- particularly mobile ones -- y if.:ld a
trove of activity and performance data. In addition, companies increﬂsingly capture and
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analyze data from sensors on manufacturing equipment and other internet of things (IoT)
connected devices. -
In some cascs. such data may be considered to be semi-structured -- for example,
if metadatatags are added to provide information and context about the content of the data.
The line between unstructured and semi-structured data isn't absolute, though; some data
management consultants contend that all data, even the unstructured kind, has some level of

structure,

Unstructured data types
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5.3.1. Episode rule discovery for texts
Episode rules are event patterns mined from a single event sequence. They are mainly used to

predict the occurrence of events (the consequent of the rule), once the antecedent has

occurred. The occurrence of the consequent of a rule may however be disturbed by the

occurrence of another event in the sequence (that does not belong to the antecedent). We refer

such an event to as an influencer event. To the best of our knowledge, the identitication of

such events in the context of episode rules has never been studied. However. identifying

influencer events is of the highest importance as these events can be viewed as a way to act to

impact the occurrence of events, here the consequent of rules. We propose to identity three

types of influencer events: distance influencer events, confidence influencer events and

disappearance events.

5.3.2. Hierarchy of categories | |
Concept hierarchies may also be defined by discretizing or grouping values for a given

dimension or attribute. resulting in a set-grouping hierarchy. A total or partial order can be

An example of a set-grouping hierarchy s shown

defined among groups of values.
..Work) denotes the range from

in figure for the dimension Root, where an interval (vacation.

vacation (exclusive) to Work (inclusive).
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5.4 Text clustering

Text clustering is the application of cluster analysis to text-based documents. It

uses machine learning and natural language processing (NLP) to understand and
categorize unstructured, textual data.
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