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Abstract— Many years ago, there has been often held the hypothesis that pattern-based methods should perform better than 
term-based to describe user preferences; yet, how to use effectively large scale patterns remains a hard problem in text 
mining. To make a remedy in this challenging issue, this paper presents an innovative model for relevance feature discovery. 
It is a big challenge to guarantee the quality of discovered relevance features in text documents to describe user preferences 
because of data patterns and  large scale terms. Most existing popular text mining and classification methods have adopted 
term-based approaches. It also classifies terms into categories and updates term weights based on their specificity and their 
distributions in patterns. The objective of relevance feature discovery (RFD) is to find the useful features available in the text 
documents, including both relevant ones, for describing text mining results. 
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I. INTRODUCTION 
 
The main goal of relevance feature discovery is to 
find the useful features available in text documents, 
including both relevant and irrelevant ones, for 
describing text mining results. This is a particularly 
challenging task in information analysis, from both 
an empirical and theoretical perspective. applications, 
and has received attention from researchers in Data 
Mining, Machine Learning, Information Retrieval 
and Web Intelligence communities. 
There are two challenging issues in using pattern 
mining  for finding relevance features in both 
relevant and irrelevant documents . The first is the 
low-support problem. Given a topic, long patterns are 
usually more specific for the topic, but they usually 
appear in documents with low support or frequency. 
If the minimum support is decreased, a lot of noisy 
patterns can be discovered and the second issue is the 
misinterpretation problem, which means the measures 
(e.g. “support” and “confidence”) used in the pattern 
mining turn out to be not suitable in using patterns for 
this problem is also of central interest in many Web 
personalized solving problems. For example: A 
highly frequent pattern may be a general pattern since 
it can be frequently used in both relevant and the 
irrelevant documents. Hence, the difficult problem is 
how to use discovered patterns to accurately weight 
useful features. Over the years, people have 
developed many mature term-based techniques for 
ranking documents, information filtering and text 
classification . Several hybrid approaches  
were proposed for text classification. To learn these 
term features within only relevant documents and 
unlabelled documents, paper  used two term-based 
models. In the first stage, it utilized a Rocchio 
classifier to extract a set of reliable irrelevant 
documents from the unlabeled set. In the second 
stage, it is  built a SVM classifier to classify text of 
documents. A two-stage model was also proposed in  

which proved that the integration of the rough 
analysis  and pattern  taxonomy mining is the best 
way to design a two-stage model for information 
filtering systems 
 
II.   PROPOSED SYSTEM 
 
1] Stop words removal: 
When working with the text mining applications, we 
often hear of term “stop words” or "stop word list" or 
even the "stop lists ". Stop words are basically the set 
of commonly used words in any language, not the just 
English. The reason why stop words are critical to the 
many applications is that, if we remove words that are 
very commonly used in the given language, we can 
focus on the important words instead. For example, in 
the context of a search engine, if your search query 
that “how to develop information retrieval 
applications”, If the search engine tries to find web 
pages that contained the terms “how”, “to” 
“develop”, “information”, ”retrieval”, “applications” 
the search engine is going to find a lot of pages that 
contain the terms “how”, “to” than pages that contain 
information about the developing information 
retrieval applications because the terms “how” and 
“to” are so the commonly used in the English 
language. So, if we are disregard these two terms, the 
search engine can actually focus on retrieving pages 
that contain the keywords: “develop” “information” 
“retrieval” “applications” – which would more 
closely bring up pages that are really of interest. This 
is just the basic intuition for using stop words. Stop 
words can be used in a whole range of tasks and these 
are just a few: 
1. Supervised machine learning – removing 
stop words from the feature space 
2. Clustering – removing stop words prior to 
generating clusters 
3. Information retrieval – preventing stop 
words from being indexed  
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4. Text summarization- excluding stop words 
from contributing to summarization scores & 
removing stop words when computing the ROUGE 
scores. 
 
Types of Stop Words 
Stop words are generally thought to be a “single set of 
words”. It really can mean different things to 
different applications. For example, in some 
applications removing all stop words right from 
determiners (example: the, a, an) to prepositions (e.g. 
above, across, before) to some adjectives (example: 
good, nice) can be an appropriate stop word list. To 
some applications however, this can be the 
detrimental. For instance, in sentiment analysis 
removing adjective terms such as ‘good’ and ‘nice’ as 
well as negations such as ‘not’ can throw algorithms 
off their tracks. In such cases, one can choose to use a 
minimal stop list consisting of just determiners or 
determiners with prepositions or just coordinating 
conjunctions depending on the needs of the 
application.  
 
Examples of the minimal stop word lists that you can 
use: 

• Determiners - Determiners tend to mark 
nouns where the  determiner always will be 
followed by a noun  
examples: the, a, an, another 

• Coordinating conjunctions – Also 
Coordinating to the  conjunctions connect 
words, phrases, clauses 
examples: for, an, nor, but, or, so. 

• Prepositions - Prepositions express temporal 
or the spatial relations 
examples:  under, towards, before. 

 
2] Stemming : 
In the linguistic morphology and the information 
retrieval, stemming is the process for reducing 
inflected words to their stem, base or the root form - 
generally a written word form. The stem need not be 
the identical to the morphological root of the words, it 
usually sufficient that related words map to the same 
stem, even if this stem is not in itself a valid root. 
Algorithms for stemming have been studied in 
computer science since the 1960s. Many of the  
search engines treat words with the same stem as 
synonyms as kind of query expansion, a process 
called conflation. 
Stemming programs are commonly referred or called 
to as stemming algorithm or stemmers. 
There are several types of the stemming algorithms 
which differ in the respect to performance and 
accuracy and how certain stemming obstacles are 
overcome. 
A simple stemmer looks up the inflected form in the 
lookup table. The advantages of this approach is that 
it is the simple, fast and very easily handles 
exceptions. The disadvantages are that all the 

inflected forms must be explicitly listed in the table: 
new or not familiar words are not handled, even 
though they are perfectly regular (example:  iPads ~ 
iPad), and the table may be large. For languages with 
simple morphology, like English, table sizes are 
modest, but it highly inflected languages like Turkish 
might have hundreds of potential inflected forms for 
each root. 
A lookup approach may use preliminary part-of-
speech tagging for avoiding over stemming.[2] 
The production techniques 
The lookup table used by a stemmer is   generally 
produced as the semi-automatically. For example, if 
the word is "run", then the inverted algorithm gets 
automatically generate the forms that are like 
"running", "runs", "runned" and "runly". The last two 
forms are valid construction, but they are not same. 
Suffix-stripping algorithm 
Suffix stripping algorithms do not rely on the  lookup 
table which consists of the inflected forms and root 
form relation. Instead of it, a typically small list of 
"rules" is stored which provides a path for the 
algorithm, given there an input word form, to find its 
root form. Some examples of the rules includes: 

• if the word ends in the 'ed', remove that 'ed' 
• if the word ends in the  'ing', remove that 

'ing' 
• if the word ends in the 'ly', remove that 'ly' 

 
Suffix stripping approaches enjoy the benefit of being 
much simpler to maintain than brute force algorithms, 
assuming the maintainer is sufficiently having 
knowledgeable in the challenges of linguistics and 
morphology and encoding suffix stripping rules. 
Suffix stripping algorithms are sometimes regarded as 
crude it is given a poor performance when dealing 
with the  exceptional relations (like 'ran' and 'run'). 
The solutions produced by suffix stripping algorithms 
are the  limited to those lexical categories which have 
well known suffixes with few exceptions. This is a 
problem, as not all the parts of speech is having such 
a well formulated set of rules. Lemmatisation 
attempts to improve upon this challenges. 
 
Prefix stripping may also be implemented. Of course, 
not all languages use  the prefixing or suffixing. 
 
Examples 
A stemmer for English1, for example as follows: 
should identify the string "cats" (and possibly 
"catlike", "catty" ) as depends on the root "cat" and 
"stems", "stemmer", "stemming" and "stemmed" as 
based on "stem". A stemming algorithm reduce the 
words "fishing", "fished", and "fisher" to form the 
root word, "fish". On the other hand, "argue", 
"argued", "argues", "arguing", and "argus" reduces to 
the stem "argu" (illustrating the case where stem is 
not itself a word or root) but "argument" and 
"arguments" reduce to the stem "argument". 
Applications 
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Stemming is used as an approximate method for the 
grouping of words with a similar basic meaning 
together. For example, a text mentioning "daffodils" 
is probably very closely related to the text mentioning 
"daffodil" (without the s). But in some other cases, 
words with the same morphological stem have 
idiomatic meanings which are not closely related: a 
user searching for "marketing" will not be satisfied by 
most documents mentioned "markets" but not 
"marketing". 
 
3] TFIDF: 
Tf-idf stands for term frequency-inverse document 
frequency, and the tf-idf weight is a weight very 
oftenly used in the information retrieval and text 
mining. This weight is the statistical measure used to 
evaluation of how important a word is to a document 
in a collection or corpus. The importance increases 
proportionally to the many times a word appears in 
the document but is offset by the frequency of the 
word in a corpus. Variations in the tf-idf weighting 
scheme are oftenly used by search engines as a 
central tool in scoring and ranking a document's 
relevance given in a user query. 
One of the simplest ranking functions are computed 
by summing the tf-idf for each of the query term; 
many more sophisticated ranking functions are 
variant of this simple model. 
Tf-idf can be successfully used for stop-words 
filtering in various subject fields including the text 
summarization and classification.  
 
How to Compute: 
Typically, the tf-idf weight is composed by two 
terms: the first computing the normalized Term 
Frequency (TF), aka. the number of times a word 
appears in the document, divide by the total number 
of words in that document; the second term is an 
Inverse Document Frequency (IDF), computed as the 
logarithm of the number of documents in the corpus 
dividing by the number of documents where the 
specific term appearing.  
• TF: Term Frequency, which measures how 
frequently the term occuring in a document. Since 
every document is different in length, it is possible 
that the term would appear much more times in long 
documents than shorter ones. Thus, the term 
frequency is often dividing by the document length 
(aka. the total number of terms in the document) as a 
way of normalization:  
TF(t) = (Number of times term t appears in a 
document) / (Total number of terms in the document). 
• IDF: Inverse Document Frequency, which 
measuring that how important a term is. While 
computing TF, all of terms are considered equally 
important. However it is known that certain terms, 
such as "is", "of", and "that", might appears a lot of 
times but have a little importance. Thus we have to 
weigh down the frequent terms while scale up the 
rare one, by computing the following:  

IDF(t) = log_e(Total number of documents / Number 
of documents with term t in it).  
See below for a very simple example. 
Example: 
Consider a document contains 100 words where the 
word cat appears 3 times. The term frequency (i.e., tf) 
for cat is then (3 / 100) = 0.03. Now, assume that we 
have 10 million documents and the word cat appears 
in one thousands of these. Then, the inverse 
document frequency (i.e., idf) is calculated as 
log(10,000,000 / 1,000) = 4. Thus, the Tf-idf weight 
is the product of these quantities: 0.03 * 4 = 0.12 
  
III.     MODEL ARCHITECTURE  
  

  
Figure.1. Model Architecture  

 
A. Feature Extraction  
It involves the extraction of features using methods 
like n-gram, skip gram and term frequency-inverse 
document frequency (TF-IDF) from sentences which 
have been pre-processed to remove stemming, 
stopwords and correcting slang words. This helps 
improve the efficiency of the system.  
B. Feature Selection  
This module involves the selection of appropriate 
features using Chi-square.  
C. Machine Learning based Algorithm  
It is used to train the classifier to build a predictive 
model.  
D. Classifier  
It will be able to classify if the given sentence is 
insulting or non-insulting.  
  
IV.     TECHNICAL DETAILS 
  
 Clustering Algorithm (Data Mining) 
        F-clustering 
 RFD model 
 Baseline model 
 Weighting features  
 Term Classification 
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V.   IMPLEMENTATION DETAILS 
 
1) Login page 

 
 
2) Preprocessing 

 
 
 
 
 
 

3) Searching application 
 

 
 
 CONCLUSION AND FUTURE SCOPE  
  
In this paper we demonstrates that the proposed 
model was thoroughly tested and the results prove 
that the proposed model is statistically more 
significant. This paper  also proves that the use of 
irrelevance feedback is significant for improving the 
performance of design and implementation of 
effective pattern search using text mining. It provides 
a promising methodology for developing the effective 
text mining models for relevance feature discovery 
based on both positive and negative feedback. 
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