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Abstract— This research work comprises an automatic text 

categorization and summarization approach to analyze the 

structure of input text. In this work a text analyzer is 

developed to derive the structure of the input text using rule 

reduction technique in three stages namely, Token Creation, 

Feature Identification and Categorization a Summarization. 

This analyzer will be tested with sample input texts and 

results in terms of efficiency will be achieved. 
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I. INTRODUCTION 

Data mining is a field which has seen rapid advances in recent 

years because of advances in hardware and software 

technology which has lead to the availability of different 

kinds of data. This is particularly true for the case of text data, 

where the development of hardware and software platforms 

for the web and social networks has enabled the rapid creation 

of large repositories of different kinds of data. 

Text Summarization, In many text mining applications is to 

summarize the text documents in order to obtain a brief 

overview of a large text document or a set of documents on a 

topic. Summarization techniques generally fall into two 

categories. In extractive summarization, a summary consists 

of information units extracted from the original text; in 

contrast, in abstractive summarization, a summary may 

contain “synthesized” information units that may not 

necessarily occur in the text documents [2]. 

There are major research area in data mining 

including (a) associate mining (b) image mining (c) web 

mining (d) text mining (e) clustering data mining (f) spatial 

data mining etc.The rest of this paper is organized as follows. 

Section 2 presents the Background terminology. Section 3 

proposed method and Section 4 presents the Conclusion and 

future work related with this research. 

II. BACKGROUND 

A. Text Summarization Techniques – How Do They Work? 

Summarization systems need to produce a concise and fluent 

summary conveying the key information in the input.  

These summarizers identify the most important 

sentences in the input, which can be either a single document 

or a cluster of related documents, an string them together to 

form a summary. The decision about what content is 

important is driven primarily by the input to the 

summarizer[2]. 

B. Text Summarization 

Another common function needed in many text mining 

applications is to summarize the text documents in order to 

obtain a brief overview of a large text document or a set of 

documents on a topic[6].  

Summarization techniques generally fall into two categories. 

1) Extractive Summarization 

2) Abstractive Summarization  

C. Structured or Unstructured Data? 

Typical data-mining applications use structured information 

that is carefully prepared. The data may be transformed by a 

“data preparation” process or, better yet, the data may be 

collected based on careful prior design for mining[2]. 

Two types of information are expected:  

1) ordered numerical and  

2) categorical. 

D. Document Classification 

Text categorization is the widely used, but ponderous, name 

for document classification. It is the purest embodiment of the 

spreadsheet model with labeled answers. Once the data are 

transformed to the usual numerical spreadsheet format, 

standard data-mining methods are applicable. As more and 

more documents have become available online, the 

applicability of this task has broadened. Some of the more 

obvious tasks are related to e-mail: for example, 

automatically forwarding e-mail to the appropriate company 

department or detecting spam mail. 

E. Information Retrieval 

Information retrieval is the topic most commonly associated 

with online documents.  What are the clues, and how are they 

used to retrieve relevant documents? 

The clues are words that help identify the relevant 

stored documents. In a typical instance of invoking a search 

engine, a few words are presented, and these words are 

matched to the stored documents. The best matches are 

presented as the responses[2]. 

F. Clustering And Organizing Documents 

For text categorization, we saw that the objective was to place 

new documents into the appropriate folders. These folders 

were created by someone with knowledge of the document 

structure, someone who knew the expected topics. What if we 

have a collection of documents with no known structure? 

The clustering process is equivalent to assigning the 

labels needed for text categorization. Because there are many 

ways to cluster documents, it is not quite as powerful a 

process as assigning answers (i.e., known correct labels) to 

documents. 

G. Opinion Mining from Text Data 

A considerable amount of text on web sites occurs in the 

context of product reviews or opinions of different users. 

Mining such opinionated text data to reveal and summarize 

the opinions about a topic has widespread applications, such 

as in supporting consumers for optimizing decisions and 

business intelligence. 
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III. OUR CONTRIBUTION 

 
Fig. 5: Proposed Work 

Performance measured in  system using by two factors  

Precision and Recall. Precision is ration of the number of 

relevant word and total number of word. Precision is denoted 

by P. 

Precision (P) =
Number of Relevant word retrieved

Total number of word retrieved
 

Recall (R) =
Number of Relevant word retrieved

Total number of relevant word in
the database 

 

Second, factor is recall is ratio of number of relevant 

word retrieved and total number of word retrieved. 

Document: Give the input of single document. 

Preprocessing: First reading sample text, then 

parsing the words found in text. Removing the spaces, 

commas, full stops, special character, numeric and alphabets. 

The unique non repeating words are found then every word 

frequency and total relative frequency calculate. 

Classification:  In base work sample text after 

preprocessing classified with repeated word and unique word. 

Unique words are tokenized as per frequency of each word 

repeating. Relative frequency of word calculate base on 

frequency. Most frequent words are tokenized and plot on 

graph. In proposed solution classification with use of rule 

reduction technique. Then classification of words on two 

ways: known word and unknown words. Known words are 

already classified and store in database. And remains 

unknown are stay for check the dependencies of the word 

based on stored database of known word. If any word, any 

noun or part of speech found it will going to next otherwise 

delete. 

Graph Plotting: Completion of classification words 

are plotting with used of the frequency Driven Approach. 

This approach work based on TF-IDF(Term frequency- 

Inverse Document Frequency). Generating graph of plotting 

words. 

Summarization: At the end of summarized 

document generating with important data. 

A. Techniques to Be Used 
1) Rule-Based Approach 

Rule-based methods for named entity recognition generally 

work as follows: A set of rules is either manually defined or 

automatically learned. Each token in the text is represented 

by a set of features. The text is then compared against the 

rules and a rule is fired if a match is found. A rule consists of 

a pattern and an action. A pattern is usually regular expression 

defined over features of tokens. When this pattern matches a   

sequence of tokens, the specified action is fired. An action 

can be labeling a sequence of tokens as an entity, inserting the 

start or end label of an entity, or identifying multiple entities 

simultaneously. For example, to label any sequence of tokens 

of the form “Mr. X” where X is a capitalized word as a person 

entity, the following rule can be defined: 

(token = “Mr.” orthography type = First Cap) → person 

name. 

The left hand side is a regular expression that 

matches any sequence of two tokens where the first token is 

“Mr.” and the second token has the orthography type 

FirstCap. The right hand side indicates that the matched 

token sequence should be labeled as a person name. 

2) Frequency Driven Approaches 

There are two potential modifications that naturally come to 

mind when considering the topic words approach. The 

weights of words in topic representations need not be binary 

(either 1 or 0) as in the topic word approaches. In principle it 

would even be beneficial to be able to compare the 

continuous weights of words and determine which ones are 

more related to the topic. The approaches we present in this 

section— word probability and TF.IDF—indeed assign non-

binary weights related on the number of occurrences of a 

word or concept. 

Word probability is the simplest form of using 

frequency in  the input as an indicator of importance2. The 

probability of a  word w, p(w) is computed from the input, 

which can be a  cluster of related documents or a single 

document. It is calculated as the number of occurrences of a 

word, c(w)  divided by the number of all words in the input, 

N: 

p(w) = 
c(w)

N
 

SumBasic is one system developed to operationalize the idea 

of using frequency for sentence selection. It relies only on 

word probability to calculate importance. For each sentence 

Sj in the input it assigns a weight equal to the average 

probability p(wi) of the content words in the sentence3, 

estimated from the input for summarization: 

Weight(Sj) =
∑wi∈Sjp(wi)

∣{wi|wi ∈ Sj } ∣
 

TF*IDF weighting (Term Frequency*Inverse 

Document Frequency) The word probability approach relies 

on a stop word list to eliminate too common words from 

consideration.  

Deciding which words to include in a stop list, 

however, is not a trivial task and assigning TF*IDF weights 

to words provides a better alternative. 

The only additional information besides the term 

frequency c(w) that we need in order to compute the weight 

of a word w which appears c(w) times in the input for 

summarization is the number of documents, d(w), in a 

background corpus of D documents that contain the word. 

This allows us to compute the inverse document frequency: 

TF * IDFw = c(w). log
D

d(w)
 

In many cases c(w) is divided by the maximum 

number of occurrences of any word in the document, which 

normalizes for document length. Descriptive topic words are 

those that appear often in a document, but are not very 

common in other documents. Words that appear in most 

documents will have an IDF close to zero. The TF*IDF eights 
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of word  are good indicators of importance, and they are easy 

and fast to compute. 

IV. CONCLUSION AND FUTURE WORK 

From this work we conclude that preprocessing step of text 

document is done and from that database we generate the 

frequency of word with use of frequency driven approach.  

In text summarization-Applying Rule reduction and 

implement the graph from frequent data. Develop & test the 

source code and comparing result with the base work.   
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