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Abstract-Recently various algorithms have been proposed for text documents to mining 

frequent patterns. But how to efficiently find these patterns is still an open issue in text 

mining domain. . It discovers both positive and negative patterns in text documents as higher 

level features and deploys them over low-level features (terms). It also classifies terms into 

categories and updates term weights based on their specificity and their distributions in 

patterns. The framework follows the general knowledge discovery process, thus containing 

steps from pre-processing to the utilization of the results. We apply generalized episodes and 

episode rules data mining method. We introduce a weighting scheme that helps in pruning 

out redundant or non-descriptive phrases. Several experiments have been conducted on 

various data sets to calculate the performance of the proposed technique. The word-based or 

term-based topic representations may not be able to semantically represent documents. 

Patterns are always thought to be more discriminative than single terms for representing 

documents. In this thesis, we Propose to combine the statistical topic modelling with pattern 

mining techniques to generate pattern-based topic models with the purpose of enhancing the 

semantic representations of the traditional word-based topic models. Utilizing the proposed 

pattern-based topic model, users‟ interests can be modelled with multiple topics and each of 

which is represented with semantically rich patterns. 

1. Introduction 

Huge amount full-text document collections are available for end user. The user may require 

an overall view of the text document collection such as which topics are covered, what kind 

of documents exists, and so on. In some cases, user may need to search a specific piece of 

data in the document. On the other hand, some users may be interested in the language itself, 

e.g., in word usages or linguistic structures. Hence in recent years, knowledge discovery and 

data mining have attracted a great deal of attention with an imminent need for turning such 

data into useful information and knowledge. Many applications, such as market analysis and 

business management, can benefit by the use of the information and knowledge extracted 

from a large amount of data. Knowledge discovery can be viewed as the process of nontrivial 

extraction of information from large databases, information that is implicitly presented in the 

data, previously unknown and potentially useful for users. 
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The term classification method proposed in requires manually setting two empirical 

parameters according to testing sets. In this paper, we continue 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. We also design 

a comprehensive approach for evaluating the proposed models. In addition, we conducted 

some new experiments by using six new sliding windows to adaptively update the training 

sets and also applying the RFD model for binary text classification to test the robustness of 

the proposed model. The user interest modelling is a process to understand the user‟s 

information needs based on the most relevant information that can be found and delivered to 

the user. The following example illustrates the benefit of considering user‟s interests while 

using Google search engine. Assume that a user, who is working in the field of data mining 

and has a great interest in knowledge discovery and other related topics, has a Google 

account. 

2. Related Work 

In weighting scheme is used for text representation in Rocchio classifiers. Later global IDF 

and entropy weighting scheme is proposed in and improves performance by an average of 30 

percent which are based on bag of words approach. The disadvantage of this approach is how 

to select a limited number of features among a large set to increase the efficiency and avoid 

over fitting. To reduce the number of features, many approaches have been proposed such as 

Information Gain, Mutual Information, Chi-Square, Odds ratio, and so on. M.F. Carports 

proposed a technique based on the combination of unigram and bigrams was chosen for 

document indexing in text categorization (TC) and it is evaluated on a variety of feature 

evaluation functions (FEF). 

The big obstacle of pattern mining based approaches for text mining is how to 

effectively use both relevant and irrelevant feedback. In a pattern deploying method was 

proposed to updated positive patterns; however, the improved effectiveness was not 

significant. In regard to the aforementioned problem of redundancy and noises, another 

challenging issue for pattern-based methods is how to deal with low frequency patterns. By 

way of illustration, a short pattern (normally with large support, or called a highly frequent 

pattern) is usually a general pattern, or a large pattern (a low frequent pattern with small 

support) could be a specific one. Recently, a clustering-based feature. Subset selection 

method has presented to view features into clusters to reduce dimensionality. 

To overcome these issues, closed sequential patterns have been proposed for text 

mining, concept of closed patterns in text mining improved the performance of text mining. 

Proposed a two-stage model by combining term and pattern-based methods to improve the 

performance of information filtering. 
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3. Information Filtering 

Information Filtering (IF) is a method that is rapidly evolving to manage large 

information flows. The aim of IF is to expose users to information that is relevant thus 

sharing the similar objective with Information Retrieval (IR). 

3.1 Components and Techniques in IF Systems 

An information filtering system can utilise various related techniques to process 

information in different ways and the general processes involved in IF system are depicted. 

The core models are the user model and filtering model. The user model component 

explicitly or implicitly gathers information from users and their information needs and can be 

constructed via different kinds of learning models, and then processed as an input to filtering 

model. The filtering model is the heart of IF system that matches the user profile with the 

represented data extracted from the incoming document stream and then filters out the 

irrelevant documents. The basic decision mechanism can be binary (i.e., relevant or 

irrelevant) or probabilistic (i.e., ranks documents based on their relevance). 

 

Fig: The general process of IF System 

3.2Filtering Modelling in IF Systems 

The basic process performed by a filtering model is matching up the attributes of a user 

profile in which preferences and interests are stored. The following subsections concentrate 

on the main features of how filtering models work in this area. The most common used 

method in the information filtering community for achieving filtering tasks based on 

document representations is the Vector Space Model (VSM). In this model, each document is 

represented by a feature vector with an n-dimensional space in which each dimension 

corresponds to a distinct type of. A given document vector has, in each component, a 

numerical value or weight indicating its importance determined as a function of how often the 

corresponding representation appears in the particular document, and sometimes, how often it 

appears in the total document. Different weighting approaches are achieved by simply 

varying this function. The vector space representations ignore the sequence in which they 
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appear in a document. According to the weighting function for the relevance to user profiles, 

a list of documents is sorted based on their relevance ranking. 

3.3 User Modelling in IF Systems 

The user‟s interests are extracted from long-term data in IF systems. The data ranges from 

implicit to explicit acquisition according to user behaviour or user interested content. The 

implicit approaches are often based on user behaviour (time spent, clicks), user environment 

(visited URL),user feedback (rating). The „implicit‟ user model detects the changes of user‟s 

interests while observing the user. In this thesis, we focus on explicit approaches to acquire a 

user interest model. 

3.4. Statistical Analysis  

In statistical approaches, the documents retrieved or highly ranked are those documents 

which are relatively close to users‟ long-term profiles in terms of some statistical measures. 

Early approaches mainly focus on appropriate representations of user interests and on 

improving filtering effectiveness. The user‟s interests can be represented by terms, phrases or 

patterns which are widely used in many text based applications. However, limitations of 

knowledge representation methods for modelling complex user‟s interests led to the 

investigation of more complicated statistical models, for example, modelling long-term 

interests with a Bayesian Classifier, ranking user preferences by mutual information between 

selection frequency and item accessibility  using a neural network to model user‟s preference 

based on the nodes (represented by words). 

4. Framework 

We consider text as sequential data in many respects similar to the data collected by various 

systems. Figure 1 describes the general knowledge discovery process for text processing. In 

the proposed model, information is presented as episodes and episode rules. 

4.1 Pre-processing the data 

 Figure 1 shows the preprocessing of the data. The process of obtaining useful information 

also relies on preprocessing the data before the discovery phase, and on postprocessing the 

results after the discovery phase. The preprocessing phase is very critical for efficient data 

processing. Text consists of words, special characters, and structural information. The 

preprocessing required depends heavily on the intended use of the results. Typically, the data 

is homogenized by replacing special characters and structural information with symbols. 

Punctuation marks and structural information often need to be handled separately. Some of 

them may be ignored entirely, some of them may require special treatment, and e.g., to find 

and process the sentence breaks. The longer distance between words of different sentences 

may be taken into account by inserting a larger gap in the indexing scheme. 

Preprocessing may involve some amount of natural language analysis. Morphological 

analysis gives us detailed information of the data which may be included in the feature vector 

and to generalize the data. Filtering of the data is used to focus our discovery phase, to limit 
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the number of results so that we are not overwhelmed by uninteresting rules, and to decrease 

the processing effort needed in the discovery phase. Pruning may be done either before or 

after the discovery phase. If we do not have a clear idea of what kind of regularities we are 

looking for it is often advisable to defer the pruning decisions to the post processing phase 

instead of heavy pruning in the preprocessing phase. On the other hand, with large collections 

of documents, efficiency has to be taken into account. In such cases, we should know what 

features are not need in the preprocessing, to limit the size of the search space and the time 

requirement of the discovery phase. In the preprocessing phase, pruning can be used in two 

distinct ways. We may prune entire feature vectors, i.e., drop uninteresting items such as 

articles, prepositions, non-informative verbs, or punctuation marks, or select only some class 

of words (e.g., nouns) to be examined. We may also focus on some features of each word, 

e.g., by leaving only the base form of the word, or only part of the morphological 

information. 

4.2 Postprocessing the results 

 The episode discovery method produces a large amount of episodes and episode 

rules. The problem is to define which episodes are sensible and useful. In data mining, 

typically, the relevance of episodes is very strongly dependent on the application. In our 

model, we assume measures of relevance are common to all documents, independent of the 

semantic content of the texts. However, different usage needs also effect applying the 

measures. Postprocessing involves pruning, grouping and ordering the results. The usability 

of the results may be enhanced by using knowledge on the rules and episodes of a single 

document and comparing it to similar information on the entire document collection. 

5. Evaluations of Information Filtering Models 

The user‟s long-term interests can be extracted from user‟s profiles which contain a 

collectionof the user‟s interested documents. But what if the user‟s profiles are not available, 

and instead only one query is generated by the user as stated in the query in information 

retrieval system is composed with typically several terms, which is generated by the users 

themselves. In this chapter, we focus on investigating how to model users‟ interests based on 

users‟ queries and find a possible way to expand the queries with the assistance of the 

proposed pattern-based topic model that can discover the user interested topics and relevant 

topical patterns. 

Two hypotheses are designed for verifying the IF models proposed in this research.  

1) User information needs involve multiple topics; document modelling by taking multiple 

topics into consideration can generate more accurate user information needs.  

2) The accuracy of representing user information needs by using different patterns is different 

and the proposed maximum matched pattern can best represent user information needs. 

To verify the hypotheses, experiments and evaluation have been conducted. This section 

discusses the experiments and evaluation in terms of data collection, baseline models, 

measures and results. The results show that, the proposed topic based models significantly 

outperform the state-of-the-art models in terms of effectiveness. 
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5.1 Dataset 

 The Reuters Corpus Volume 1 (RCV1) dataset was collected documents that cover a variety 

of topics and a large amount of information. 100 collections of documents were developed 

for TREC filtering track. Each collection is divided into a training set and a testing set. 

According to Buckley and others, the 100 collections are stable and sufficient enough for 

high quality experiments. In TREC track, a collection is also referred to as a „topic‟. In this 

section, to differentiate from the „topic‟ in LDA model, „collection‟ is used to refer to a 

collection of documents in the TREC dataset. The first 50 collections are composed by 

human assessors and the 50 collections are constructed artificially from intersections 

collections. In this section, only the first 50 collections are used for experiments. The „title‟ 

and „text‟ of the documents are used by all the models in the experiments. 

5.2 Measures  

The effectiveness is assessed by five different measures: average precision of the top K (K = 

20) documents, Fβ (β = 1) measure, Mean Average Precision (MAP), break-even point (b/p) 

and Interpolated Average Precision (IAP) on 11-points. F1 is a criterion that assesses the 

effect involving both precision (p) and recall (r), which is defined as F1 = 2pr p+r. The larger 

the top20, MAP, b/p or F1 measure score is, the better the system performs. The 11 points 

measure is the precisions at 11 standard recall levels (i.e., recall = 0, 0.1, · · ·, 1). The 

experiments tested cross the 50 independent collections of the dataset, which satisfy the 

generalized cross-validation for statistical estimation model. The statistical method, T-test, 

was also used to verify the significance of the experimental results. If the p-value associated 

with t is significantly low, there is evidence to verify that the difference in means across the 

paired observations is significant. 5.3 Baseline Models and Settings The experiments are 

conducted extensively covering all major representations such as terms, phrases and patterns 

in order to evaluate the effectiveness of the proposed topicbased IF models. The evaluations 

are conducted in terms of three technical categories: topic modelling methods, pattern mining 

methods and term-based methods.  

 

5.3 BASELINE MODELS AND SETTINGS 

 The proposed models PBTM and StPBTM are topic modelling methods. For the topic 

modelling category, the classical LDA method is chosen as the baseline. In addition, we also 

choose another three topic modelling methods using words (PLSA word and LDA word), 

phrases (TNG) to represent user interests in order to compare with the proposed models. For 

the pattern mining category, the baseline models include frequent closed patterns (FCP), 

frequent sequential closed patterns (SCP) and phrases (n-Gram). The third category includes 

the classical term-based methods BM25 and SVM. An important difference between the topic 

modelling methods and other methods is worthy to mention, that is, the topic modelling 

methods consider multiple topics involved in each document collection and use patterns (e.g., 

PBTM and StPBTM) or words (e.g., PLSA, LDA) to represent the topics, whereas the pattern 
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mining and term-based methods assume that the documents within one collection are about 

one topic and use patterns or terms/words to represent documents directly. 

Conclusion 

This thesis starts by combating a long-standing challenge in web information, which is 

information overload. Understanding users‟ real information needs can help us distinguish 

most relevant information from large amounts of non-relevant information. We thus gave 

primary emphasis to seeking optimal models to accurately model underlying structure for 

users‟ interests. In this paper we present a framework for text mining using descriptive phrase 

extraction. The framework follows the general knowledge discovery process, thus containing 

steps from preprocessing to the utilization of the results. We apply generalized episodes and 

episode rules data mining method. We introduce a weighting scheme that helps in pruning 

out redundant or non-descriptive phrases. Simulation results relived that episodes and episode 

rules produced discriminate between documents. 
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