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Abstract 

Many methods are used for discovery of relevance features but in all previous process suffered from some advantages and 

disadvantages. Describing user preferences is a big challenge to guarantee the quality of discovered relevance features in text 

documents, because of large scale terms and data patterns. Term-based approaches, most existing popular text mining and 

classification methods have adopted. They have all suffered from the problems of polysemy and synonymy. Yet, how to 

effectively use large scale patterns remains a major problem in text mining, over the years, It is assumed t that pattern-based 

methods should perform better than term-based ones. This paper presents an innovative model for relevance feature discovery. 

Higher level features are deployed over low-level features (terms), it discovers both positive and negative patterns in text 

documents. On their specificity and their distributions in patterns, it also classifies terms into categories and updates term 

weights.   
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________________________________________________________________________________________________________ 

I. INTRODUCTION 

Text classification is a popular and important text mining task. Many document collections are multi-class and some are multi-

label. Both multi-class and multi-label data collections can be dealt with by using binary classifications. For finding and 

classifying low-level terms based on both their appearances in the higher-level features (patterns) and their specificity in a 

training set, this paper proposes an innovative technique. To select irrelevant documents (so-called offenders) that are closed, it 

also introduces a method. The advantages of the proposed model as compared with other methods:  

 Effective use of both the feedback (i.e. relevant and irrelevant feedback) to find useful features;  

 Integration of term and pattern features together instead of using them in two different stages.  

The first RFD model uses two empirical parameters to set the boundary between the categories. It achieves the expected 

performance, but the manually testing of a large number of different values of parameters is not comfortable. For example as in 

[20], word “LIB” may be more frequently used than word “JDK”; but “JDK” is more specific than “LIB” for describing “Java 

Programming Languages”; and “LIB” is more general than “JDK” because “LIB” is also frequently used in other programming 

languages like C or C++. Therefore, we recommend the consideration of both terms’ distributions and specificities for relevance 

feature discovery. The research presents a method to find and classify low-level features based on both their appearances in the 

higher-level patterns and their specificity. It also introduces a method to select irrelevant documents for weighting features. 

II. RELATED WORK 

Feature selection and feature extraction are the most important steps in classification systems. Feature selection is commonly 

used to reduce dimensionality of datasets with tens or hundreds of thousands of features which would be impossible to process 

further. One of the problems in which feature selection is essential is text categorization. A major problem of text categorization 

is the high dimensionality of the feature space; therefore, feature selection is the most important step in text categorization. At 

present there are many methods to deal with text feature selection. Ant colony optimization algorithm is inspired by observation 

on real ants in their search for the shortest paths to food sources. Proposed algorithm is easily implemented and because of use of 

a simple classifier in that, its computational complexity is very low. The performance of proposed algorithm is compared to the 

performance of genetic algorithm, information gain and CHI on the task of feature selection in Reuters-21578 dataset. 

Simulation results on Reuters-21578 dataset show the superiority of the proposed algorithm. 

Term-based approaches can extract many features in text documents, but most include noise. Many popular text-mining 

strategies have been adapted to reduce noisy information from extracted features; however, text-mining techniques suffer from 

low frequency. The specific terms are determined based on their appearances in relevance feedback and their distribution in 

topics or high-level patterns. 

Relevance Feedback (RF) has been proven very effective for improving retrieval accuracy. Adaptive information altering 

(AIF) technology has benefited from the improvements achieved in all the tasks involved over the last decades. A difficult 
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problem in AIF has been how to update the system with new feedback efficiently and effectively. In current feedback methods, 

the updating processes focus on up- dating system parameters. In this paper, we developed a new approach, the Adaptive 

Relevance Features Discovery (ARFD). It automatically updates the system's knowledge based on a sliding window over 

positive and negative feedback to solve a non-monotonic problem efficiently. Some of the new training documents will be 

selected using the knowledge that the system currently obtained. Then, specific features will be extracted from selected training 

documents. Different methods have been used to merge and revise the weights of features in a vector space. 

III. PROPOSED SYSTEM METHODOLOGY 

 Load Training Dataset 

 In this module, first we load the RCV1 Training Documents Dataset. 

 It is extracted from Reuters Dataset. 

 This dataset contains many HTML Documents.  

 Each HTML Documents contains 4 entities such as ids, topics, titles and text. 

 Preprocessing 

 In this module we apply the Preprocessing for this training dataset. It is a data mining technique that involves transforming 

raw data into an understandable format. Real-world data is often incomplete, inconsistent, and/or lacking in certain 

behaviors or trends, and is likely to contain many errors. Data preprocessing is a proven method of resolving such issues. 

 In Preprocessing, first we extract all ids, topics, titles and text.  

 Then we remove all stop words from these entities text. 

 Adaptive Relevance Feature Discovery (ARFD) 

 In this module, we apply Adaptive Relevance Feature Discovery (RFD).  

 It extracts all possible relevance features for this same query.  

 In the Adaptive Relevance Feature Discovery (ARFD) Model some of the new training documents will be selected using 

the knowledge currently held by the system.  

 Then, specific features will be extracted from selected training documents.  

 Different methods have been used to merge and revise the weights of features in a vector space.  

 The combination of old and new knowledge will be tested to ensure that it helps to solve the non-monotonic problem. 

 
Fig. 1: Proposed System 
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WFeature ranks documents by using a set of extracted features. Feature Weighting gives the degree of information represented 

by the feature occurrences in a document and reflects the relevance of the feature.  FCluster classifies the ranked features into 

multiple classes.  Rather than use all irrelevant documents, some offenders (i.e., top-K ranked irrelevant documents) are selected. 

For Relevance Features Discovery (RFD), a pattern mining based approach, which uses negative relevance feedback to improve 

the quality of extracted features from positive feedback. 

We present a document classification system that employs lazy learning from labeled phrases, and argue that the system can 

be highly effective whenever the following property holds: most of information on document labels is captured in phrases. We 

call this property near sufficiency. We describe the advances that have been made on these topics in both empirical and 

theoretical work in machine learning and we present a general framework that we use to compare different methods. 

 Algorithms Used 

 Algorithm: FClustering ( ) 

 Initialize the categories of the documents. 

 Perform clustering. i.e positive specific, negative specific, general 

 Sort the clusters according to their specificity. 

 Merge adjacent clusters until three clusters remain. 

 Get first cluster as Positive specific, second as General and Last one Negative Specific 

 Algorithm: WFeature () 

 Calculation of specificity and support. 

 Clustering is done to classify the terms. 

 Weight calculation. 

IV. RESULT AND ANALYSIS 

Precision and recall are the basic measures used in evaluating search strategies. There is a set of records in the database which is 

relevant to the search topic Records are assumed to be either relevant or irrelevant. The actual retrieval set may not perfectly 

match the set of relevant records. Recall is the ratio of the number of relevant records retrieved to the total number of relevant 

records in the database. It is usually expressed as a percentage. F-beta measure is a function to describe both Recall(R) and 

Precision (P) together. F-beta is denoted by, 

F1 = (2*P*R) / ( P+R ) 
Table - 1 

Performance Measure of F1 Measure Using Old Base Paper System with New Proposed System 

Query Fbeta of ARFD Fbeta for RFD 

Q1 0.9180 0.5652 

Q2 0.8214 0.4285 

Q3 0.2631 0.1666 

Q4 0.6800 0.3076 

 

 
Fig. 2: Comparison of RFD and ARFD 

ARFD extracts all possible relevance features for the same query as RFD. We can see the difference between both of them. In 

the Adaptive Relevance Feature Discovery (ARFD) Model some of the new training documents will be selected using the 

knowledge currently held by the system. 
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V. CONCLUSION 

The research proposes an alternative approach for relevance feature discovery in text documents. It presents a method to find and 

classify low-level features based on both their appearances in the higher-level patterns and their specificity. It also introduces a 

method to select irrelevant documents for weighting features. In this paper, we continued to develop the RFD model and 

experimentally prove that the proposed specificity function is reasonable and the term classification can be effectively 

approximated by a feature clustering method. The first RFD model uses two empirical parameters to set the boundary between 

the categories. It achieves the expected performance, but it requires the manually testing of a large number of different values of 

parameters. The new model uses a feature clustering technique to automatically group terms into the three categories. 

The clustering method is effective and the proposed model ARFD is robust, the results show that the proposed specificity 

function is adequate. The paper also proves that the use of irrelevance feedback is important for improving the performance of 

relevance feature discovery models. It provides a promising methodology for developing effective text mining models for 

relevance feature discovery based on both positive and negative feedback. 
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