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ABSTRACT

Query ambiguity is an important and an interesting problem that search engines

face. On an average, search engine queries are 2.4 words long, which, in most cases,

does not reveal the intention of the searcher. Clustering of the search results is one

of the ways to address this problem, classically known as Search Results Clustering

(SRC).

The present study is an outcome of the aim to build a Meta Search Engine

(MSE) for enhancing the web performance, addressing the issues associated with

Query ambiguity. It is observed that the intermediate operations involved in Web

browsing need to be soft real time, if not, hard real time. The components in

this paradigm are centric around issues like Query ambiguity (Word sense dis-

ambiguation, Diversification of the results, Query Reformation, Search Results

Clustering), Grouping (need to be addressed by clustering) for informative orga-

nization, Classification (Query classification, Content classification), Information

encapsulation (dimension enhancement through Inferred Attribute for achieving

compact models) and Query refinement and its consistency.

Analysis of this problem and the literature survey led the present study to give

raise the following novel tools : Inferred Attribute based dimension enhancement

for effective machine learning, A Decision Tree based on the Coefficient of Varia-

tion, A Greedy clustering approach, Consistency Analysis of Query Reformation.

These have been integrated in the proposed architecture of MSE. These tools are

also useful as stand alone Machine Learning or Data Mining tools.

Web search is in general an interactive activity, the proposed MSE assists the

user in reformulating the query through the acquired knowledge (polysemantic)

based on the search results till that point (through the tools developed). The

integration aspects of this MSE prototype are provided and demonstrated.
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CHAPTER 1

Introduction

The Web is a huge collection of information with unorganized, unstructured and

decentralized collection of web pages serving as data. Search engines play a key

role in extracting relevant information from the Web. People use search engines

to gather information that assist them for decision making in various disciplines

and activities. Search engines receive a query from the user and use the keywords

in the query to retrieve related web pages in the form of a list of search results.

These search results are ordered based on the relevancy with the query posed

by the user. The results retrieved and their order varies with the search engine

used. The keyword based search feature available from search engines have limita-

tions in retrieving relevant information. The limitations in indexing the dynamic

and unorganized content on the Web and the linguistic features (synonymy and

polysemy) of the language used in posing the query reduce the relevancy of the

information in the search results.

The keyword based search and the ranking of the search results works well when

the user can pose a well formed query matching the index of the search engine.

However, users of Web often pose very short queries and it is difficult for the search

engines to identify users interest and context in retrieving relevant information.

The problem in forming appropriate queries is difficult in case of novice users and

when the users are unfamiliar with topic they are querying about. In such cases,

search engines usually return millions of results which may not be informative and

relevant. Users have to sift through this long list of results and learn appropriate

query terms from these results and try various reformed queries to satisfy their

information need.

Techniques that can consolidate the search results information and enable the

user to realize that the query can be reformed to gather focused information can

provide better search experience for users. Hence, the aim of this thesis is to

develop such techniques. The rest of the chapter gives overview of search engines,

query ambiguity, polysemantic queries, problem of study, contributions made in

this thesis and the organization of the thesis.
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1.1 Web search

In today’s world of information overload, people use Search Engines for almost

every thing. Search Engines are ubiquitous, they act as filters for the wealth of

information available on the Internet. Search engines usage is the second most

popular web service, after e-mail [4] with 85% of Internet users utilizing search

engines for their informational needs. The Web poses a great challenge for search

engines due to enormous size of the Web, and due to the freedom to publish

anything causing the web pages to be noisy, low quality and unreliable. Even

though search engines are good at retrieving relevant pages, they usually return

millions of search results. Sifting through the long list of search results is for

relevant results is tedious, users normally search the first few tens of results and

either give up or try other queries. The ambiguity present in query makes this

problem severe, which is discussed in the next section.

1.2 Query Ambiguity

Finding relevant information from the huge collection of web pages is a herculean

task. The Indexed Web contains at least 14.35 billion pages, as on Tuesday, 16

April, 2013 [118]. Even though the search engines are good at retrieving rele-

vant results from the enormous collection of Web, they still suffer from Query

Ambiguity problem.

Ambiguous query is a query that has more than one meaning [121] (e.g.“apple”,

“tiger”,“jaguar”). Ambiguity stems from the context of the query, linguistic prop-

erty of words such as synonymy and polysemy( i.e. a word having multiple mean-

ings) and from the low average number of query words [71]. It is estimated that

16% of most frequent queries are ambiguous [115], hence query ambiguity poses

challenge to the search engine developers.

1.2.1 Polysemantic Queries

Polysemy refers to the characteristic of natural language words having multiple

meanings. Polysemantic queries need not be single word queries. 7% of ambigu-

ous words in WordNet are multi-term words, while 39% of ambiguous entries in

Wikipedia are multi-term words [115]. According to [69], there is a high probabil-

ity to encounter queries that are ambiguous due to the many possible senses that

a word can have.
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Sample Polysemantic Queries

Few polysemantic queries with their possible meanings are listed below

apple can mean computer, phone, fruit

interpol can mean police, music

java can mean programming language, software, coffee, island

camel can mean animal, valley, software

snow leopard can mean animal, OS X

circuit can mean electronics, legal

1.2.2 Short Queries

Humans think in terms of concepts but the search is performed using words. Many

times the query terms are ambiguous words, unable to fully represent the concept

that the user has in mind. The intended meaning of such words is described by

other words commonly occurring in the vicinity or context of these words [69].

However, on an average, search engine queries are 3.08 words long [124], which, in

most cases, does not reveal the intention of the user.

1.2.3 Context

A query will have different meanings due to the context of usage. For instance, the

word ‘windows’ has a meaning associated with Operating Systems in Computer

Science environment, whereas in a building context, it means a opening in a wall

and an aperture in the context of Optics. Search terms with different meanings

in different contexts induce ambiguity while providing search results.

1.2.4 Synonyms

Words with same or similar meaning are called synonyms. For example, a syn-

onym of begin is commence. Synonyms contribute to query ambiguity through

vocabulary mismatch, the keywords posed in the query can be synonyms of the

keywords used in the index of the search engine. When the keywords used in the

query are not the same as those used by the search engine index, the retrieved

results vary from the expected results.
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1.3 Resolving Query Ambiguity

By resolving query ambiguity, the search engines can provide better search expe-

rience for users. Web directories like Open Directory Project(ODP) [96] or Yahoo

Directory [39] took the lead in addressing query ambiguity. Web directories or-

ganize web sites by categories and subcategories. Search engines can use these

categories to organize the search results. But, these Web directories are static and

cover only a small part of the Web. It is reported that directory based systems

are among the most ineffective solution [16] for resolving query ambiguity. Google

used ODP till 2011 [123].

Semantic Information Retrieval(SIR) is another approach to solve the query

ambiguity. It is performed by indexing and searching of concepts by means of

Word Sense Disambiguation (WSD) rather than terms [92]. It relies on WordNet

[140], hence suffers from its static structure and dearth of proper nouns. Many

methods for SIR exist [93], however their applicability is debated [114].

A more popular approach to query ambiguity is Search Results Clustering

(SRC) [21]. This is a post processing approach in contrast to the earlier methods.

Given a query, it starts from the flat ranked list of results and clusters them based

on the similarity among the results. This approach overcomes the limitations of the

static and outdated information, as it works on the results returned from a search

engine. This clustering is based on textual similarity of the results and senses,

aspects or topics of the query. Some of the search results clustering methods work

with search results alone [23, 24, 26, 33, 44, 73, 75, 80, 87, 95, 97, 105, 145–147],

while others use external resources (search engine logs are used by [135], WordNet

is used in [57], ODP used in [67] morphological lexicon for English [72] is used by

[11], Google Web1T corpus [13] is used in [37, 94], WordNet and Wikipedia are

used by [56], Wikipedia and TAGME [45] are used in [116]).

Diversifying the search results so that the top results displayed are different

from each other support the user for narrowing the scope of user intention. This

approach, called diversification of search results [2, 93], is applied by search engines

like Google and Yahoo! up to some extent [93]. While this approach is useful to

quickly find at least one result for relevant subtopics, retrieval of more information

on specific subtopics of user interest is not facilitated [141].

Web Query Classification and Web Page Classification [10, 50, 62] aim at

classifying the queries or web pages into predefined categories. These techniques

help to improve quality of search results and resolve query ambiguity.
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1.4 Motivation

A personalized search engine called SnakeT [44] has shown that a mutual rein-

forcement relationship exists between ranking and SRC. Many individual solutions

are proposed for resolving query ambiguity problem. However, a unified machine

learning approach which can offer subtopic retrieval and query reformation for

query ambiguity resolution is not available. Customizing the search results with

user interaction enhances the user’s search experience by resolving query ambi-

guity. Awareness of hidden user intentions behind the query will facilitate to

organize/personalize the search results. Extracting the hidden intentions should

be made possible through machine learning approaches to overcome the subjec-

tivity as well as to enhance the quality of the service. This motivated the present

work to develop a context based personalized search engine to improve users search

experience. Hence, the aim of this thesis is to come up with a meta search engine

and to build/develop tools for the same.

The literature survey on web query classification and clustering search results

[21, 50] motivated the present work to develop classification and clustering al-

gorithms. The following tools are developed as part of this research: Inferred

Attribute based dimension enhancement for effective machine learning, a Deci-

sion Tree based on the Coefficient of Variation, a greedy incremental clustering

approach and consistency analysis of query reformation. These tools (except con-

sistency analysis of query reformation) are also useful as stand-alone Machine

Learning or Data Mining tools. These have been integrated in the proposed ar-

chitecture of the Meta Search Engine.

1.5 Problem definition

Uncertainties in user queries due to the shortness, hidden intentions etc made the

present study to consider the problem of

“Building a meta search engine with the support of apt machine learning tools

and appropriate query enhancement”.

The auxiliary problems addressed in this thesis are

• Search result clustering

• Classification of search results

• Query enhancement
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And the critical issues addressed in this thesis are

• threshold fixing

• feature selection

• quantification of query enhancement

The following provides a brief account of tools developed and the functional

aspects of the proposed meta search engine (MSE).

In response to the query submitted by the user, the proposed MSE extracts

search results by using the APIs of search engines. These search results are clus-

tered by using snippet information by using a novel clustering technique developed.

These clusters are labeled based on the content of snippets of the clusters. These

labels are used for enhancing the query to narrow down the search. Query enhance-

ment evaluation method is developed to support the user in choosing the reformed

query. Whenever user extracts additional web pages for the current query, the ex-

tracted search results are classified with the help of classifiers developed (Hybrid

Classifier and Coefficient of Variation based Decision Tree), organized into folders.

An interactive visualization module assists the user in interacting with the MSE.

Hence the auxiliary problems addressed in this thesis are search results clus-

tering, classification of search results, query enhancement and validation method

for query enhancement. And the critical issues associated with threshold fixing,

feature selection, quantification of query enhancement are tackled.

The developed tools (clustering approach based on greedy incremental ap-

proach, Hybrid classifier and Coefficient of Variation based Decision Tree) are

demonstrated and validated extensively by considering benchmark datasets to es-

tablish them as stand-alone data mining/machine learning tools and also suitable

for the MSE.

The system design of the MSE is illustrated in Figure 1.1.

1.6 Major contributions

The taxonomy of the work is shown in Figure 1.2 along with the contributions.

The contributions towards the thesis are highlighted with background color green

and blue (green for the contributions suitable for SRC as well as stand alone Data

Mining tools, blue for contribution suitable for SRC alone) briefly explained in

the following:
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Figure 1.1: MSE system design

Figure 1.2: Taxonomy of the work

A meaningful dimension enhancement with inferred attributes is proposed to

build faster and simpler classifiers. The inferred attributes induce a better dimen-

sionality reduction. Reduct, which is a minimal set of attributes from Rough sets

is used to achieve dimension reduction.

A less computationally complex attribute selection measure “CvGain” based

on Coefficient of Variation is proposed. The decision tree can be built in signif-

icantly less time using the proposed method when compared with other decision

trees. This decision tree can handle continuous decision attributes and is suitable

for induction of the decision tree from distributed data.

A novel clustering algorithm is proposed to handle both numeric as well as

categorical data in two modes: object centric and feature centric. A feature

selection method has been evolved by using Expectation Maximization algorithm,

as a pre-processor for feature centric clustering algorithm used for the clustering
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of search results.

Two statistical measures, Rank correlation coefficient and coefficient of contin-

gency have been tailored for evaluating modified query in contrast to the initially

posed query. These measures are instrumental for suggestive query enhancement.

The proposed Meta search engine is a hybrid and appropriate integration of

the above contributions, for providing localized search results to address the pol-

ysemantic ambiguity.

These contributions led to the following publications.

1.6.1 List of Publications

1. K.Hima Bindu, P.S.V.S.Sai Prasad, and C.Raghavendra Rao. “Hybrid De-

cision Tree based on Inferred Attribute”. In Proceedings of the First Amrita

ACM-W Celebration on Women in Computing in India, A2CWiC’10, ACM,

New York, NY, USA, pp 61-67. [Indexed by DBLP]

2. P.S.V.S.Sai Prasad, K.Hima Bindu, and C.Raghavendra Rao. “Incremental

Learning in AttributeNets with Dynamic Reduct and IQuickReduct”. In

Proceedings of the 6th international conference on Rough sets and knowledge

technology, RSKT’11, Springer-Verlag Berlin, Heidelberg 2011. [Indexed by

DBLP]

3. K.Hima Bindu, K. Swarupa Rani, and C.Raghavendra Rao. “Coefficient of

Variation based Decision Tree (CvDT)”. International Journal of Innova-

tive Technology and Creative Engineering, ISSN:2045-8711, June 2011 Issue

Vol.1 No.6. [Indexed by Google Scholar]

4. K.Hima Bindu, P.S.V.S Sai Prasad, and C.Raghavendra Rao. “Consistency

Analysis of Query Reformation”. In Proceedings of Emerging Trends in Soft

Computing, NCETSC’11, Pune, India. Article 4, Excel India Publishers,

ISBN 978-93-80697-56-7.

5. K.Hima Bindu, and C.Raghavendra Rao. “Association Rule Centric Clus-

tering of Web Search Results”. In Proceedings of Multi-disciplinary Trends

in Artificial Intelligence, MIWAI’11, Lecture Notes in Computer Science,

2011, Volume 7080/2011, pp 159-168. [Indexed by DBLP]

6. K.Hima Bindu, and C.Raghavendra Rao. Search Result Clustering through

Expectation Maximization based Pruning of Terms”. In Proceedings of Soft

Computing for Problem Solving, SOCPROS’12, December 28-30, Computa-

tional Intelligence and Complexity, Springer, ISBN 978-81-322-1601-8.
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1.7 Organization of the Thesis

Chapter 1 is the introduction of the thesis. This chapter contains a review of

Web search and query ambiguity problem. The motivation for developing MSE

is put forward. The contributions of the thesis and organization of the thesis are

presented.

Chapter 2 provides the basic definitions and the literature survey. The query

ambiguity resolution approaches are presented with their merits and limitations.

An overview of clustering search engines and personalized search engines is pro-

vided. The evaluation methods for search results clustering are described in detail.

An overview of the data mining functionalities used in this thesis, namely clas-

sification and cluster analysis is presented. As the search results contain textual

data, the fundamentals of text mining are described.

Chapter 3 discusses the proposed Inferred Attribute based dimension en-

hancement for effective machine learning. This is a hybrid approach based on

Regression, Rough sets and a Classifier aiming at effective dimensionality reduc-

tion, henceforth a classifier with less time complexity. It focuses on dimension

enhancement by embedding Inferred Attribute into the decision table, named as

Augmented Decision Table (ADT). An effective minimal set of attributes (reduct)

is derived by employing Rough set theory on ADT. The projected ADT based on

the reduct is used for building a classifier. The philosophy is demonstrated by con-

sidering popular functional forms for Inferred Attribute like Linear Regression and

Quadratic Regression and by adopting CART as the classifier. It is observed that

inclusion of Inferred Attribute reduces the size of the reduct significantly without

compromising the accuracy. This work is published in proceedings of A2CWiC’10.

Chapter 4 puts forth a Decision Tree based on the Coefficient of Variation.

The decision tree is developed using a novel splitting criteria based on Coefficient

of Variation, named as Coefficient of Variation Gain (CvGain). Empirical analysis

presented on standard data sets reveal its merits in reducing computational cost

and time. This work is published in International Journal of Innovative Technology

and Creative Engineering. CvDT on the reduced augmented decision table has

achieved significant performance of 94% on the WebKB text data set in comparison

to the existing approaches.

Chapter 5 presents the proposed greedy incremental clustering approach. It

can be feature centric or object centric. The features are extracted from title and

snippet of the search results. The clustering algorithm greedily picks up the data

objects/features to initiate a cluster, the objects in its neighborhood are added

repeatedly in the growing phase of the cluster. This clustering approach is named
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as Snowball clustering due to its nature. When the cluster cannot grow further,

the next object/feature is picked up in greedy manner to initiate the next clus-

ter. In feature centric approach, the objects are grouped based on the features

clustered in each iteration of the growing phase of the cluster. A label generating

module which can generate meaningful and human readable labels is developed.

The developed clustering method and label generating module are demonstrated

on the web search results based on Association Rules. This work is published

in the proceedings of MIWAI’11. The findings of [47] has shown that frequency

based feature ranking is not suitable for SRC. Hence Expectation Maximization

based adaptive feature pruning method is proposed. The features not pruned by

this method are considered as relevant features. Knowledge preserving capabil-

ities of these relevant features and Snowball clustering method based on these

relevant features is demonstrated. This preprocessing approach is published in

the proceedings of SOCPROS’12.

Chapter 6 provides a schematic analysis of consistency aspects of query ref-

ormation techniques used in search engines. Study of various statistical measures

elicit the similarities of web queries and effectiveness of the query reformation.

This work is published in the proceedings of NCETSC’11.

Chapter 7 details the proposed Meta Search Engine (MSE). The prime con-

cern in developing this MSE is to provide a better search experience in case of

broad and ambiguous queries. When the user submits a query, the top N (MSE pa-

rameter) search results are gathered from conventional search engine(s), clustered

into subcategories using the proposed greedy clustering approach. By observing

the labels and the content of the clusters, the user can quickly focus on relevant

subtopic of the query. The MSE allows the user to explore more results obtained

from conventional search engine(s) and classify them according to the subtopics

using the developed classifiers. The query enhancement module is provided to

enable the user to reformulate the base query and refresh the results and the

clusters.

The thesis is concluded in Chapter 8 with future directions. The main chal-

lenge in human system communication, vocabulary mismatch, is addressed in the

thesis. The proposed MSE is demonstrated to enhance the search experience of

the user in case of broad and ambiguous queries. The proposed MSE applies

customization based on user’s choice.
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CHAPTER 2

Literature Survey

This chapter gives an overview of the techniques useful to develop the tools needed

by the meta search engine developed in this thesis. Query ambiguity problem and

various solutions for it are discussed in Section 2.1, the search result clustering

approach is discussed in detail in this section. Existing clustering engines and their

benefits are provided in Section 2.2. Section 2.3 presents the evaluation metrics

for validating the search result clustering algorithms. Personalized search engines

are described in Section 2.4. An overview of relevant data mining tools, namely

classification and clustering methods are described in Section 2.5.

2.1 Overview of Query Ambiguity Resolution

Search engines usually return a long list of search results in response to a query.

These are sorted according to the relevance to the query posed. Users will not

check the results beyond first few pages of search results (usually ten results ap-

pear in each page). The results retrieved and the rank order keep varying with

the search engines, as these are guided by the frequency of the crawler and the

ranking algorithm used by the search engines. Search engines compare the query

terms against the inverted index built in parallel to crawling the Web. The web

pages matching the query terms in the index are returned based on the ranking

algorithm. Many times query terms are ambiguous and users pose short queries

[124], hence, they match vast number of web pages with various concepts/topics.

The linear list of search results may push the results which are useful to the user

to such a position that user may not have enough patience and time to explore till

that result. Users normally explore first few pages only. This problem is called

query ambiguity, which stems from a property of natural languages called pol-

ysemy (a word having multiple meanings is polysemous) and due to insufficient

number of query terms for identifying the context of the query.

The solutions for addressing query ambiguity are discussed in the following

subsections.
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2.1.1 Web directories

Web directories list web sites organized by category and subcategory (mostly by

human editors). Yahoo! Directory [39] and the Open Directory Project (ODP)

[96] are two well known web directories. When a query is posed, the results

are listed according to categories and subcategories. Web directories attempt to

resolve query ambiguity by identifying categories. However, as most of the web

directories are built by human editors, they suffer from static nature requiring

manual updates to cover new web pages and new categories [94].

2.1.2 Semantic Information Retrieval

Semantic Information Retrieval (SIR) performs search on word senses/concepts.

SIR addresses synonymy and polysemy. Word Sense Disambiguation [92] is used by

SIR. However, word sense disambiguation depends on dictionaries like WordNet.

This results in a poor coverage of real Web queries [115]. In addition, dictionaries

(e.g., WordNet) are static and have low coverage.

2.1.3 Search Result Clustering

Search Result Clustering (SRC) is a more popular solution for query ambiguity.

It is a post retrieval technique and clusters the search results returned by con-

ventional search engines to identify the thematic groups. SRC is useful when

the user is interested in retrieving multiple documents relevant to each subtopic

of polysemous queries. This approach does not suffer from the static nature of

the earlier approaches as it works on the output of search engines. Many algo-

rithms for SRC are proposed in the literature, see [22] for survey. According to

the survey, SRC algorithms are categorized as data-centric, description-aware, and

description-centric.

Data-centric approaches use conventional data clustering algorithms and pro-

duce some kind of textural representation. Scatter-Gather [33] is the pioneering

algorithm and treated as a predecessor of all SRC algorithms. It performs an ini-

tial clustering of a collection of documents into a set of k clusters (a process called

scattering), when user selects a cluster it reclusters the documents (the gathering

step). It used agglomerative hierarchical clustering with an average-link merge

criterion [42]. Other data-centric approaches are Lassi [82] using agglomerative

hierarchical clustering on pair of words with lexical affinity, TRSC [95] based on

Rough sets [101]. The only problem with these methods is arriving at textual
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cluster representation.

Description-aware clustering methods try to find clusters with human readable

labels. Suffix Tree Clustering (STC) [145] is the seminal work in this category.

STC uses phrases to form base clusters which are subsequently merged based on

cluster overlap. HSTC [87], Carrot [137], SnakteT [44] are follow up approaches

with improvements on STC.

Description-centric uses the “description comes first” strategy of Vivismo [134],

a commercial meta search engine which organizes the search results. Lingo [97, 98]

uses Singular value decomposition (SVD) on frequent phrases obtained through

Suffix Arrays [85]. SHOC [149] is similar to Lingo algorithm. SRC [147] uses

salient phrases and regression, Discover forms concepts based on noun phrases

and salient keywords [75], CREDO [23] is based on concept lattices. KeySRC [11]

identifies ‘keyphrases’ from generalized suffix tree and clusters the ‘keyphrases’

by hierarchical agglomerative clustering. Word Sense Induction (WSI) is used for

automatic discovery of word senses in [92]. Given a query, word senses of it are

acquired by using a text corpus. Clustering is performed on the basis of word

senses.

The SRC methods can also be classified based on the usage of external re-

sources. They can work only with the search results or use external resources in

addition to the search results. Recently, algorithms using external resources like

ODP taxonomy, Wikipedia, WordNet etc are developed. These approaches gen-

erated clusters with good quality, but more complex when compared to methods

that do not use external resources. In the following, the recent approaches are

presented along with the external resource used.

ODP classifier to map search result URLs to ODP categories is developed in

[67]. But, as all search results cannot be mapped to ODP categories, the unmapped

results are categorized with a centroid-based classifier.

KeySRC is a Keyphrase-Based algorithm [11]. It uses Generalized Suffix Trees

(GST). However, it has few unique features like using POS for GST pruning,

employing a dynamic cut-off level of the clustering dendogram, and choosing labels

that maximize the cluster coverage.

Word Sense Induction is used to Improve Web Search Result Clustering in

[92]. They used Google Web1T corpus [13] to determine a set of co-occurring

words, which were used to construct co-occurrence graphs for identification of

word senses. Each result’s bag of words are intersected with the senses, and the

sense with largest intersection is the associated cluster.

Optimal Meta Search Results Clustering of [24] uses multiple search results
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clustering algorithms’ outputs to generate a single output. They presented the

empirical justification for meta SRC and the meta SRC is proposed as an opti-

mization problem. An objective function measuring the probabilistic concordance

between the clustering combination and the single clustering was solved by using

soft computing methods. This method did not use any external resource.

A method for identifying and ranking possible categories of any user query,

based on the meanings and common usages of the terms and phrases within the

query is proposed in [56]. They used WordNet and Wikipedia to recognize phrases

and to determine the basic meanings and usages of each term or phrase in a query.

Likelihood in capturing the query’s intention guides the category ranking. Their

work cannot be compared with the rest of the works as the data set used by them

is different from the rest of the works.

Maximum Spanning Trees to identify the word senses (hence sense clusters) on

the co-occurrence graph is built by [37], in similar way to [94]. The search results

are clustered based on their semantic similarity to the induced word senses.

Topical Clustering of Search Results proposed by [116], used topic annotators

(TAGME of [45]) to construct graph of topics. The edges of this graph are weighted

based on Wikipedia liked structure. This graph happens to be an enhancement of

term-document matrix and reduces its sparseness. A topical decomposition of this

graph is performed based on disjoint subsets of the topics. They have considered

the number of clusters to be 10 and it is the number of subsets (each subset is a

cluster).

Challenges

SRC has new challenges when compared to traditional clustering algorithms, they

are outlined in the following:

1. Input data: The SRC engines use title and snippet of the search results to

perform the clustering. This information is meager and may not be infor-

mative for the clustering process.

2. Response Time: The Clustering Search Engines must have quick response

times as this process is an on-line activity. The search results acquisition

usually takes a long time, thus the clustering process must execute in parallel

to the search results acquisition.

3. Unsupervised learning: Clustering is an unsupervised task. However, some

clustering methods need the number of clusters to perform the clustering.
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SRC has to work without such knowledge and has to form ephemeral clusters

based on the search results obtained for a given query. Further, the clusters

can be overlapping.

4. Meaningful and human readable cluster labels: Traditional document clus-

tering algorithms use centroid to represent the clusters. However this is not

suitable for SRC, as the cluster labels should indicate the contents of the

cluster.

5. Overlapping clusters: A search result can appear in multiple clusters unlike

the traditional clustering approaches.

Advantages

The following is the list of benefits offered by SRC.

1. Subtopic retrieval of polysemous queries: The subtopics of polysemous query

become the cluster labels, hence user can quickly get the knowledge of the

related topics of the query.

2. Overcoming the information overload: Typically search engines retrieve mil-

lions of search results, user is provided with the consolidated knowledge of

first few hundreds of search results in a single page.

3. Topic exploration: All the search results of a topic are grouped and available

at a single place. Thus the user can quickly explore all the web pages of topic.

4. Suitable for dynamic and unknown domains: When the user is unaware of

vocabulary of an unknown domain, SRC facilitates learning of appropriate

terms.

Applications

SRC is suitable for search using mobiles due to the challenges posed by small-

screen, limited input and low bandwidth. SRC has the potential of minimizing

the amount of information transmitted and displayed, as well reducing tedious

user actions using mobiles such as scrolling and keyword entry.

In addition to web search, SRC can also be used for clustering the library

search results, Medline, Twitter and blogs’ snippets.
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The concept (or entity) recognition that multiple search engines are working

on (for finding e.g., people, products, books) also seems related to clustering of

search results [143].

2.1.4 Query and Web Page Classification

Web Query Classification and Web Page Classification [10, 50, 62] aim at classi-

fying the queries or web pages into predefined categories.

Web query classification assigns a Web search query to one or more predefined

categories, based on its topics. Search results are classified into different prede-

fined categories. This method suffers from challenges like short and ambiguous

queries and dynamic nature (meaning changes with time and context) of queries

in contrast to document classification. KDD cup 2005 [32] is the dataset released

for KDD cup competition in 2005. Various researchers have attempted to address

this problem using query enrichment techniques and search engine log.

Web page classification assigns web pages (web sites) to predecessor categories.

For example, automated online web page classification is available from [99]. Tech-

niques based on Web page content and structure are available in the literature.

These methods suffer from the static and human specified categories.

2.1.5 Diversification

Diversification of search results [2, 93], is applied by search engines like Google

and Yahoo! up to some extent [93]. This method tries to rank the search results

such that the top ranked results belong to different topics. While this approach is

useful to quickly find at least one result for relevant subtopics, retrieval of more

information on specific subtopics of user interest is not facilitated [141].

2.2 Clustering Search Engines

Clustering search engines automatically cluster results into categories/topics based

on the phrases contained in search results. The categories bear human readable

label and are normally presented in folder tree interface.

Clustering search engines offer a complementary view to the flat ranked list

of results commonly returned by search engines. Through this users can quickly

learn the topics related to the query and explore the results related to the topics.
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Figure 2.1 serves as an example.

Figure 2.1: Web interface of iBoogie

The following is a list of some of the clustering search engines:

carrot search accessible at http://search.carrot2.org/stable/search

clusty accessible at http://yippy.com/

iBoogie accessible at http://iboogie.com/

query server accessible at http://queryserver.dataware.com/web.htm

dogpile accessible at http://www.dogpile.com/

polymeta accessible at http://www.polymeta.com/

helioid accessible at http://www.helioid.com/

webclust accessible at http://www.webclust.com/

The benefits of understanding the meanings of short text and clustering the

concepts/topics of search results are listed as the following in [1] from the per-

spective of search engines:

• Help in guessing at concepts behind a piece of text. These concepts might
be shown to a searcher during a search to help them better understand the
meaning behind the text.

• Enabling the search engine to compare words and concepts found in a doc-
ument and in a query. This can help the search engine come up with an
information retrieval scoring function to help rank web pages in search re-
sults based upon those concepts.
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• Expanding search results to include related words and concepts in a search
by looking at clusters of potential results related to different concepts that
might include a specific word. For instance, a search for the word jaguar
could mean the car, the animal, or the NFL football team. Clusters created
around each of these “concepts” associated with the term could lead the
search engine to show a certain percentage of results covering the different
concepts, and making sure of diversity in those results.

• Comparing the relationship between words and concepts on a web page
and in an advertisement. This can stand in as a proxy for how well an
advertisement might perform when displayed on a certain web page. For
example, an advertisement for a jaguar car on a page about jaguar cats may
not be very effective.

• Comparing the relationship between words and concepts in a query and in
an advertisement. This can provide an idea of how well an advertisement
might do on a search result page for a specific query.

• Comparing the relationship between words and concepts from different web
pages. This can tell the search engine how far apart conceptually two pages
might be when they are clustered together as similar documents.

• Classification of pages, and filtering of some kinds of pages, based upon
which clusters words (that might be used within queries) tend to appear
within.

• Generalizing a search query to retrieve more results, by looking at the clus-
ters that the query terms appear within and parent concepts for those clus-
ters.

• Identifying whether a word is a misspelling of another word by looking at
the concepts related to each of those two words. For example, flicker is
conceptually related to lights and flames, and Flickr is conceptually related
to photographs. Theres a good probability that flickr is not a misspelling of
flicker.

2.3 Evaluation metrics for Search Results Clus-

tering

Clustering algorithm’s performance is normally measured by internal measures

(based on the information present in the data set itself) and external measures

(comparison against ground truth). However, SRC validation requires verification

of improvement in the retrieval performance. The following sections present the

validation techniques for SRC.
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2.3.1 Comparison against Ranked List

As SRC is proposed to overcome the limitations of plain search engines, it needs

to evaluate whether SRC improves the retrieval performance over flat ranked lists.

The classification oriented measures like Precision and Recall can be used after

linearization of the clustered results. The results of a high density cluster or

optimal cluster can be flattened for this purpose [21]. According to [77], a simple

interactive method is more effective for linearization. The reach time and Subtopic

Reach Time measures (discussed below) assume that a cluster label will allow the

user to choose the right cluster. Hence, these measures provide an upper bound

on the true retrieval performance.

Reach Time

An analytic method based on reach time is proposed in [98]: it models the

time taken to locate a relevant document in the hierarchy. When s is the

branching factor, d is the number of levels that must be inspected, pi,c is

the position of the ith relevant document in the leaf node of the clustering

approach, pi,r is the position of the ith relevant document in the ranked list;

reach time of ith document is

rtclustering = s× d+ pi,c (2.1)

The corresponding reach time of ranked list is

rtrankedlist = pi,r (2.2)

The averaged reach times of the set of relevant documents can be smaller

than rtrankedlist. The range of reach time is 1 to the number of search results

(N) and smaller values are preferred.

Subtopic Reach Time

This measure is defined as the mean, averaged over the querys subtopics,

of the smallest of the reach times associated with each subtopics relevant

results. It is proposed by [20]. For n subtopics, the Subtopic Reach Time of

ranked list is defined as below:

SRTrankedlist =

∑n
i=1 minj(Pi,j)

n
(2.3)

where Pi,j is the position of the jth relevant result of subtopic i. Hence

average of the first relevant result position of each relevant subtopic is taken.

For clustered list, reach time takes into account both the cluster labels that
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must be scanned and the snippets that must be read. The reach time of a

clustered result is given by the position of the cluster in which the result is

contained (c) plus the position of the result in the cluster (r):

SRTclusterlist =

∑n
i=1 minj(ci,j + ri,j)

n
(2.4)

The range of SRT is 1 to the number of search results (N), and smaller values

reveal that SRC is effective. SRT can also be used to compare systems which

work on the same set of search results. It treats all subtopics as equal, does

not attach importance to popular subtopics.

Usage of Search Engine Logs

By comparing the search engine logs to clustering engine logs, [146] proposed

that we can compare these approaches and avoid the requirement of a test

collection with specified relevance judgments. Few metrics for this compar-

ison are the number of documents followed, time spent and click distance.

However, interpretation of user logs is difficult as it involves multiple users

and different search tasks.

Usability tests/User studies

Conducting user studies is a viable alternative to automated evaluation of

SRC methods. These are subjective tests while the earlier are objective

measures. The user (i.e. subject) performs some kind of information seeking

task with the systems being compared, the user session is recorded, and

the retrieval performance is typically evaluated measuring the accuracy with

which the task has been performed, and its completion time. Such studies are

especially useful to evaluate inherently subjective features or to gain insights

about the overall utility of the methods being tested [20]. Usually, subjects

of intermediate web ability are made to participate in the experiment and

they were assigned a task list. Several studies [20, 25, 44, 70, 128] have

performed user studies to evaluate improvement in the search experience.

The search performance and satisfaction level is studied in [106], with and

without the aid of clusters and hierarchies. This study used a client logging

software [120] to record each participants search process. Mechanical Turk

(AMT - Amazon Mechanical Truck) [31] is used in [116] to generate the

human ratings. The drawbacks of this methodology are that the tests are

not repeatable/replicable, no standards for verification of the user study,

dependency on subjects ability and bias. The user studies reported in the

literature are favorable to clustering engines.
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2.3.2 Quality of Cluster Labels

Each cluster label indicates the contents of the cluster; hence, meaningful labels

are required for user exploration. Cluster labels can be assessed by verifying the

keywords in the cluster labels with the manually assigned topic labels. Relevance

of labels can be assessed manually ([122, 147]) or automatically ([76]) by measuring

the labels relationship with clusters content. Salient phrase ranking is proposed by

[149], it measures precision of list of labels associated with the clusters, assuming

that relevance of labels has been manually assigned for each topic.

Precision at top N is used in [44]

P@N =
M@N

N
(2.5)

where M@N is the number of labels which have been manually tagged relevant

among the N top-level labels. This measure reflects the user behavior for cluster

hierarchy navigation. N values beyond ten were not considered, as users do not

like to browse a wider cluster hierarchy.

2.3.3 Subtopic Retrieval

For a given query, we need to assess the SRC algorithms ability to retrieve the

subtopics. Two measures are proposed for this purpose; first, kSSL, checks

whether all documents relevant to the subtopics are retrieved; second, S-recall@K,

checks the number of subtopics retrieved.

kSSL

To evaluate the retrieval performance of SRC, Subtopic Search Length under

k document sufficiency (kSSL) is proposed in [11]. It measures the average

number of items (labels or results) that must be examined before finding a

sufficient number (k) of documents relevant to any of the query’s n subtopics.

If k documents could not be found with the clustering approach, then the

user switches back to the ranked list. Hence, this measure models the users

search behavior. For a ranked list, the value of kSSL is simply given by the

mean of the ranks of the kth results relevant to each subtopic in the ranked

list associated with the query:

kSSLlist =

∑k
i=1 pi,k
n

(2.6)

Where pi,k , is the rank of the kth result relevant to subtopic i.
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For clustered results, kSSL definition involves both cluster labels that must

be scanned and the snippets that must be read. Clusters whose labels are

relevant to the subtopic at hand are considered. This separates kSSL from

the other methods which usually assume that the user is able to select the

relevant documents, irrespective of the cluster labels. With these considera-

tions, the formula is a sum of three terms: the rank of the last cluster of the

m clusters with a relevant label that were visited before retrieving k results

(denoted ci,k), plus the sum of the cardinalities of the first (m − 1) visited

clusters, plus the rank of the kth relevant result in cluster ci,k, (denoted ri,k).

Formally:

kSSLclusters =

∑n
i=1(ci,k +

∑m−1
j=1 |ci,j|+ ri,k)

n
(2.7)

When the clusters with relevant labels exhaust before finding k relevant

documents, the full ranked list of documents have to be considered. So, the

number of search results that need to be considered has to be added to the

above summation.

The minimum value of kSSL depends on the number of subtopics. The

topics with more subtopics will have a higher minimum value for kSSL,

and its value increases with k. A computationally intensive procedure to

normalize search lengths over the number of subtopics is proposed in [148].

By considering the weighted average of subtopics, popular subtopics can be

given more importance.

S-recall@K

A measure of diversification, subtopic recall-at-K (S-recall@K proposed by

[148], it can be used to evaluate the sub topics retrieved. S-recall@K is given

by the number of different subtopics retrieved for query q in top K results

returned:

S − recall@K =
|
⋃K
i=1 subtopics(ri)|

M
(2.8)

where subtopics(ri) is the set of subtopics manually assigned to the search

result and M is the number of subtopics for query q. This measure is suitable

for systems returning ranked lists, so the clusters have to be flattened to a

list as given by [94] and [37].

2.4 Personalized Search Engines

Personalized search combines contextualization and individualization to normal

web search [103]. The search engines like Google and Yahoo! build the user
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profiles based on the user preferrences and activities (history of user interaction).

The user profiles guide the personalization.

Personalized search engines are criticized for the following reasons:

• Decreased likelihood of finding new information. The results are biased
towards what the user has found already.

• Introduces privacy concerns.

2.5 Overview of relevant Data Mining Tools

The data mining tools used for building the MSE are discussed in this Section.

A supervised learning method called Classification and an unsupervised learning

method called Clustering are presented in the following sections along with their

performance evaluation methods.

2.5.1 Classification Tools

Classification is the task of assigning class label to a data object. It is a supervised

learning task, it starts with building a model using the dataset for which class

assignments are known. The model is used to to accurately predict the class label

of a new data object. There are many techniques for building classification models:

• Decision tree

• Rule-based classifier

• Nearest-neighbor classifier

• Bayesian classifier

• Artificial neural network

• Support vector machines

Decision tree classifier is simple and widely used classification technique. As

two classifiers were developed in this thesis using decision trees, a literature survey

on decision trees is provided in the following subsection.
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Decision trees

A decision tree is a flowchart-like tree structure, where each internal node (nonleaf

node) denotes a test on an attribute, each branch represents an outcome of the

test, and each leaf node (or terminal node) holds a class label [53].

Given a tuple, X, for which the associated class label is unknown, the attribute

values of the tuple are tested against the decision tree. A path is traced from the

root to a leaf node, which holds the class prediction for that tuple. Decision trees

can easily be converted to classification rules.

Decision trees are popular for the following reasons [53]:

• Simple, fast and human interpretable

• Does not require parameter setting

• Does not require any domain knowledge

• Can handle high dimensional data

• Have good accuracy in general

• They are the basis of several commercial rule induction systems

The popular decision tree algorithms are ID3 [107], C4.5 [110] and CART

[14]. These follow a greedy approach in which decision trees are constructed in a

top-down recursive divide-and-conquer manner. Most algorithms for decision tree

induction also follow such a top-down approach, which starts with a training set of

tuples and their associated class labels. The training set is recursively partitioned

into smaller subsets as the tree is being built. In general, may decision trees

can be constructed from a given set of attributes. While some of the trees are

more accurate than others, finding the optimal tree is computationally infeasible

because of the exponential size of the search space [126].

ID3 [107], C4.5 [110] and CART [14] follow Hunt’s algorithm [40] for building

the decision trees. Hunt’s algorithm grows a decision tree in a recursive fashion

by partitioning the training records into successively purer subsets. Let Dt be the

set of training records that are associated with node t and y = {y1, y2, ..., yc} be

the class labels. Then Hunt’s algorithm is the following.

1. If all records in Dt belong to the same class yt, then t is a leaf labeled as yt.

2. If Dt contains records that belong to more than one class, use an attribute

test condition to split the data into smaller subsets. A child node is created

for each outcome of the test condition and the records in Dt are distributed
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to the children based on the outcomes. The algorithm is then recursively

applied to each child node.

Often, decision tree algorithms also include a pruning phase to alleviate the

problem of overfitting the training data. Either pre-pruning or post-pruning tech-

niques are used for this purpose [53].

Classifier Performance Measures

To measure a classifier performance, the data is divided into training data set

and test data set. The classifier is built on training data set and its performance

is assessed on test data. Usually 10-fold cross validation is employed to remove

the bias in the training and test data sets. A confusion matrix [53] is built by

comparing the predicted class against the ground truth.

Accuracy is a commonly used measure to find a classifier performance. The

accuracy of a classifier on a given test set is the percentage of test set tuples that

are correctly classified by the classifier. The error rate or misclassification rate

of a classifier, M , is 1− Acc(M), where Acc(M) is the accuracy of M . Using the

confusion matrix, measures like precision, sensitivity and specificity are computed

[53].

2.5.2 Clustering Tools

Clustering is a process of partitioning a set of objects (or data elements) into sub-

sets, called clusters, such that an object belonging to a cluster is more similar to

objects belonging to the same cluster than to objects belonging to other clusters.

Partitioning is based on a (dis)similarity measure that is always a pair-wise mea-

sure. Clustering is a form of unsupervised learning compared to classification (or

categorization) that is based on predefined classes (or categories).

A survey of the core concepts and techniques in the cluster analysis is available

in [61].

Types of Clustering Algorithms

Numerous clustering algorithms exist in the literature, the most prominent algo-

rithms can be broadly classified as the following [53]:

1. Partitioning methods
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2. Hierarchical methods

3. Density based methods

4. Grid based methods

5. Model based methods

All the clustering algorithms try to minimize intra cluster distances and maximize

inter cluster distances. Depending on the data, various distance measures are used

to compute these similarity and dissimilarity among the data objects.

Evaluation of Clustering Algorithms - External Measures

These are used to measure the extent to which a clustering algorithm matches a

pre specified external structure (ground truth or gold standard). These measures

are supervised in nature [126].

Classification Oriented measures

These are used to measure the degree to which predicted cluster labels cor-

respond to actual class labels [126]. The following subsections use the no-

tations: mi is the number of objects of cluster i and mij is the number of

objects of class j in cluster i. L is the number of classes. K is the number

of clusters and m is the total number of data points. The probability that

cluster i belongs to class j is pij = mij/mi.

1. Entropy: Entropy measures the degree to which each cluster consists

of objects of a single class. For each cluster i, its class distribution is

calculated as pij. The entropy of each cluster is computed as

ei = −
L∑
j=1

pij log2 pij (2.9)

The total entropy for the set of clusters, e, is the weighted sum of each

cluster entropy:

e =
k∑
i=1

mi

m
ei (2.10)

The range of e is 0 to 1.The clustering algorithm is preferred when it

has the minimum entropy, near to 0.

2. Purity: Purity is a measure of the extent to which a cluster contains

objects of a single class. Using the same notations of previous subsec-

tion, the purity of a cluster i is pi = maxj pij, the overall purity of the
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clustering is

Purity =
k∑
i=1

mi

m
pi (2.11)

The values of Purity can vary from 0 to 1. Bad clusterings have purity

values close to 0, a perfect clustering has a purity of 1.

3. Precision: It is the fraction of a cluster that consists of objects of a

specified class. The precision of cluster i with respect to class j is

Pi = pij. The total precision of the clustering is

P =

∑k
i=1 Pimi∑k
i=1mi

(2.12)

The range of P is 0 to 1. Higher values are preferred for better cluster-

ing, the best possible value is 1.

4. Recall: It is the extent to which a cluster contains all objects of a

specified class. The recall of cluster i with respect to class j is, Rj =

mij/mj. The total recall of the clustering is

R =

∑L
j=1Rjmj∑L
j=1mj

(2.13)

The range of is 0 to 1. Higher values are preferred for better clustering,

the best possible value is 1.

5. F-score: F-score Fβ is a combination of precision P and recall R; it

measures the extent to which a cluster contains only objects of a par-

ticular class and all objects of that class:

Fβ =
(β2 + 1)PR

β2P +R
(2.14)

The parameter β is the weighting factor for the importance of the recall

(or precision). In SRC domain, we give more weight to recall (β must

not be zero, recall weight increases as β increases). The range of Fβ is 0

to 1. Higher values are preferred for better clustering, the best possible

value is 1.

Similarity Oriented measures

These approaches measure the extent to which two objects that are in the

same class are in the same cluster and vice versa [126]. The following subsec-

tions use the notations: TP is number of true positives, TN is the number

of true negatives, FP is the number of false positives, and FN is the number

of false negatives.
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1. Rand Index: Rand index [112] is a measure of the percentage of correct

decisions made by the algorithm. It is computed by the formula:

RI =
TP + TN

TP + FP + FN + TN
(2.15)

False positives and false negatives are equally weighted in Rand Index,

this may not be suitable for some clustering applications. The value of

Rand Index is dominated by true negatives in case of SRC. The range

of RI is 0 to 1. Higher values are preferred for better clustering, the

best possible value is 1.

2. Jaccard Coefficient: The Jaccard Coefficient [126] is used to quantify

the similarity between the ground truth and the clusters. It takes a

value between 0 and 1, 1 means that the two datasets are identical,

and 0 indicates that the datasets have no common elements. Hence the

best value is 1. It is defined by the following formula:

J =
TP

TP + FP + FN
(2.16)

2.6 Text Mining

The text mining techniques needed for processing the search results are described

in the following sections. Usually the search result’s title and snippet form a

document for processing the search result.

2.6.1 Tokenization

The title and snippet of each search result need to be split into independent units

called tokens. Usually white space characters are used as separators for the tokens.

The tokenizer must be able to handle special symbols, URLs and filenames.

2.6.2 Stopword removal

Words like “a”, “for”, “on”,“the”, etc are frequent and unimportant words which

do not carry much meaning. They must be ignored. SMART [60] is a stop-word

list that can be taken as a guideline. Stop-words may vary per document set.

For example, “database systems” could be an important keyword in a newspa-

per. However, it may be considered as a stop-word in a set of research papers

presented in a database systems conference [53]. Usually search results contain
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special characters like ellipsis (“...”) and “amp”, which need to be taken into

account.

2.6.3 Stemming

English words like “look” can be inflected with a morphological suffix to produce

“looks, looking, looked”. They share the stem word “look”. The aim of stemming

is to remove the inflectional prefixes and suffixes of each word and to reduce to the

stem word. The stem word may not always be a dictionary term. Porter Stemmer

[104] is the commonly used stemming algorithm.

2.6.4 Vector Space Model

The vector space model is the the representation used in text mining and Infor-

mation Retrieval. Each document is represented as a vector v in the t dimensional

space Rt, given a set of d documents with a set of t terms. Each search result

is treated as a document, represented as a vector of weights formed by Term

Frequency and Inverse Document Frequency (TF-IDF). TF-IDF reflects how im-

portant a word is to a document in a collection. Term Frequency is the number of

occurrences of term t in document d, it is denoted as tft,d. Inverse Document Fre-

quency diminishes the weight of terms that occur very frequently in the document

set and increases the weight of terms that occur rarely. When the total number

of documents in a collection is N , document frequency dft is the number of doc-

uments in the collection that contain a term t, then Inverse Document Frequency

idft = log N
dft

. The weight of each term is tf -idft,d.

tf -idft,d = tft,d × idft (2.17)

Each search result document is represented as a vector of tf -idf weights. Using

tf -idf weights, each document is represented as a vector. All these vectors form

a term-document matrix to enable application of data mining tools.

2.6.5 Feature Extraction

Features are the atomic entities by which each object is represented. The simplest

and commonly used features are words. Other features used are n-grams, frequent

phrases etc. Many features are irrelevant for the task of assessing similarity or

dissimilarity between documents, and can be discarded. The feature extraction

techniques are available in [142] and [79].
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2.6.6 Cosine similarity

Cosine similarity measures the similarity of two documents when each document is

represented as a vector. It is based on the observation that when two vectors have

approximately the same features then they should “point” in similar direction in

the space determined by the term-document matrix, regardless of their Euclidean

distance. To calculate similarity between two documents, the cosine of the angle

between them is used, by calculating the dot product between their document

vectors.

Hence cosine similarity between vector representation of documents di and dj

in the term vector space is defined as:

similarity(di, dj) = cos(θ) =
di · dj
|di||dj|

(2.18)
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CHAPTER 3

Hybrid Classifier Based on Inferred

Attribute

Dimensionality reduction is used during preprocessing phase to avoid the effects

of curse of dimensionality. Dimensionality reduction which yields succinct rep-

resentation of original knowledge enables building classifiers (in fact any data

mining tools) that are useful in applications which require quick response times.

This chapter details an effective dimensionality reduction approach induced by the

knowledge acquired through inferred attributes. The proposed method is demon-

strated with empirical analysis using decision tree as classifier.

3.1 Introduction

Classification is the task of learning a target function f that maps each condi-

tional attribute set x to one of predefined classes y, based on a labeled training

set of objects, to estimate the label of unlabeled objects. The decision attribute

in a classification system is expected to be dependent on conditional attributes.

The degree of dependency and the efficiency of the tools adopted will qualify the

resultant classifier. These dependencies, in general, are highly non linear as well

as implicit. Thus the problem of classification has become a challenging problem

for the research groups of data mining, machine learning, etc. Several approaches

like k-NN, Neural Networks, Discriminant analysis, Decision Trees and Rule based

approaches are developed to classify new data object for its decision label. Hybrid

decision trees are developed by [89], [111] and [38] using the rough set theory [101].

Dimensionality reduction achieved by rough set theory can be attributed for the

performance gain of the above hybridizations.

The real world problems can be handled in several ways. Researchers have

brought out techniques by formulating and solving the problem in a derived space

rather than original space. Some variants of Neural Networks such as RBF Net-

works, SOMs and non linear SVMs etc are some of the examples of this philosophy

[17] . The same philosophy with a supervised approach has been adopted by [130]

and [131] in system designing, to handle the uncertainty issues. They also demon-

strated a novel approach for constructing such transformations which are referred
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to as intermediate low fidelity (ILF). The ILF mimics the response of the system

indicating that ILF possesses adequate knowledge.

Further, oblique decision trees [55] are compact and more accurate. While most

of the decision tree inducing algorithms create tests at each node that involve a

single attribute of the data, oblique decision trees can use multiple attributes.

Oblique decision trees use multivariate tests that are not necessarily parallel to

an axis. However, learning the appropriate test condition at each node is a com-

putationally challenging task. Constructive induction [88] is another approach

to improve expressiveness of a decision tree. This approach creates compound

features from original attributes to create complex splitting functions.

For many practical tasks, the trees produced by tree-generation algorithms are

not comprehensible to users due to their size and complexity [15]. The number

of classification rules depends on the breadth of the decision tree, where as the

length of the classification rules depends on the depth of the decision tree. The

classification complexity of an unknown object is proportional to the depth of

the tree. So developing compact rules without compromising the accuracy of the

classifier is the interest of researchers [89].

These observations is the inspiration to develop derived space (in explicit

forms) and to study the impact of this derived information on classification.

The essence of the attributes which preserves the information and meaning

will enable compact representation of the decision system. The attributes of the

derived space are referred hereafter as inferred attributes(IA). IA encapsulates

the potential information required for predicting the decision characteristics. Ap-

pending inferred attributes and the corresponding values to the given decision

table as conditional attributes will be referred to as Augmented Decision Table

(ADT). ADT is in higher dimensions due to dimensionality expansion. Some of

the attributes become redundant in the presence of IA. Thus the dimensionality

enhancement enables significant dimensionality reduction. The dimensions are

reduced by finding the reduct [27] of ADT. Reduct is a minimal knowledge rep-

resentation scheme developed in [101]. It is a subset of attributes which can, by

itself, fully characterize the knowledge in the database/decision system.

The proposed system is a three step hybrid version of inferred attribute induc-

tion, reduct computation and classifier construction. The system is demonstrated

with Linear Regression and Quadratic Regression for IA, Quick Reduct algorithm

[27] for reduct computation and CART [14] for the classifier.
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3.2 Inferred Attribute

Let C = {a1, a2, ..., an} be the set of conditional attributes and D = {d} be the

set of decision attribute of the decision system < U,C ∪D >. A function which

maps space of C to space of D qualifies to be called as an approximation to d.

This approximation has potential to inherit characteristics of C and mimicking

D. This approximation is called as Inferred Attribute and is labeled as IA in the

current study. This IA (functional forms) can be considered as explicit as possible

with a reasonable evaluation time. The parameters of the functional form of the

IA can be fixed optimally by minimizing the departure from d. To start with, the

well known statistical regression approaches [12, 139] for constructing regression

models for a given independent variables X = (X1, X2, ...., Xn) and the dependent

variable Y , as Yestimate. Yestimate can be considered as a methodology for building

IAs. In a decision system, C is X and D is Y . IA is an expression (model

form) in C which may have some unknowns, known as parameters B. One can

get an estimate of B based on training data set. As pointed out in Introduction,

the current study confines to two models i.e., Linear Regression and Quadratic

Regression.

3.2.1 Algorithm ComputeIA

Algorithm for finding the Inferred Attribute as IA and model parameters based on

mean error sum of squares is described in Algorithm 1. It takes training set and

returns estimated parameters for the model. And also some statistical measures

for assessing the IA quality are produced by this algorithm.

3.2.2 Illustration of IA

A sample from Iris dataset [129] is selected for demonstrative purpose. It is di-

vided into two parts, training data and test data. The model forms for Linear

regression(IA1), Quadratic regression(IA2) are determined based on training data

and evaluated for both training data and test data. The Table 3.1 shows the train-

ing data and the inferred attributes obtained using the Algorithm 1 (The columns

headed by IA1 and IA2 are the inferred attributes obtained for the training data

formed with the columns 1,2,3,4 and 7). The coefficients obtained for the linear

regression function to derive IA1 are

w0 = 2.6428, w1 = -0.5469, w2 = 0.0409, w3 = 0.5468 and w4 = 0.3157.

The coefficients obtained for the quadratic regression function to derive IA2
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Algorithm 1: ComputeIA

Input : DT = [X Y] is the training data with condition attributes in X
and decision attribute Y, f(X | θ) is the model form

Output: Estimates of parameters of the model θEst,IA,ESS,TSS,R2, estV

begin
// the least square estimate of the parameters θ

θEst ← arg(min(Error sum of squares));

// evaluate f(X | θEst) for the given X

IA ← f(X | θEst) ;

// compute Error Sum of Squares

ESS ← (Y − IA)T (Y − IA) ;

// compute total sum of squares

TSS ← sum of squares of deviates of Y from its mean;

// compute coefficient of determination

R2 ← (TSS− ESS)/TSS;

// compute estimation of Variance

// N is the size of training data

// k is the number of parameters to estimate

estV ← ESS/(N− k);

end

are

w0 = 6.0021, w1 = -1.3787, w2 = -2.0224, w3 = 2.3022 and w4 = -2.5504,

w5 = -1.2227, w6 = 2.9467, w7 = 1.8089, w8 = -0.3804 and w9 = -1.2216,

w10 = -2.6044, w11 = 1.7107, w12 = 0.1310, w13 = -4.5856 and w14 = 7.2590.

These coefficients are used to form the linear and quadratic regression functions

to obtain IA1 and IA2 values for the training data as well as test data. The test

data and its IAs are shown in Table 3.2.

3.2.3 Explicit and Implicit IA

Explicit functions express the decision attribute as a function of conditional at-

tributes. Linear Regression and Quadratic Regression are explicit functions demon-

strated in this thesis. Similarly any suitable explicit function which can mimic the

decision attribute can be used by incorporating the domain knowledge.

A function of conditional attributes is constructed to propose an estimate of

D. Depending on the domain knowledge this function will be a good estimate for

D. One can consider the features based on the Singular Value Decomposition of
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Table 3.1: Training data and the Inferred Attributes

Sepal length Sepal width Petal length Petal width IA1 IA2 Class
6.1 3 4.6 1.4 2.39 2.20 2
7.7 2.6 6.9 2.3 3.04 3.13 3
6.2 2.8 4.8 1.8 2.56 2.95 3
5 3.5 1.6 0.6 1.12 1.10 1

5.1 3.8 1.5 0.3 0.92 0.88 1
6.6 3 4.4 1.4 2.00 1.82 2
4.9 3.1 1.5 0.1 0.94 1.05 1
6 2.2 5 1.5 2.66 2.99 3

6.9 3.1 4.9 1.5 2.15 2.14 2
6.5 2.8 4.6 1.5 2.19 2.02 2
4.6 3.2 1.4 0.2 1.09 0.88 1
5 2.3 3.3 1 2.12 2.03 2

5.8 2.6 4 1.2 2.14 2.05 2
6.4 2.9 4.3 1.3 2.02 1.88 2
6.1 2.9 4.7 1.4 2.44 2.34 2
7.6 3 6.6 2.1 2.88 2.90 3
6.8 2.8 4.8 1.4 2.10 1.99 2
6.3 2.8 5.1 1.5 2.57 2.62 3
5.8 2.7 5.1 1.9 2.97 2.96 3
5.4 3.7 1.5 0.1 0.69 1.07 1

associated conditional attributes as IA.

3.3 Hybrid Classifier

IA inherits the characteristics of C and mimics D. Hence, it is expected that a

better performance can be achieved by augmenting IA to the original decision sys-

tem. This augmentation increases the dimensionality, and some of the attributes

of C may become redundant in presence of IA. Thus it is worth reducing the

dimensions. Studies [38, 89, 111] demonstrated effectiveness of dimensionality re-

duction and constructing improved decision trees by hybridizing rough set theory

in decision trees. The essence of these works is to replace independent attributes

in decision system by a reduct.

Each of the IAs is considered as additional condition attribute. New decision

tables are constructed and considered for developing hybrid classifier. In the cur-

rent study IA is based on conditional and decision attributes of the training data

which can be used for predicting decision variable thus acts as an intermediate

fidelity. IA has an explicit expression in terms of conditional attributes. Aug-

mented Decision Table (ADT) is obtained by appending IAs to the conditional
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Table 3.2: Test data and its Inferred Attributes

Sepal length Sepal width Petal length Petal width IA1 IA2
5.6 2.7 4.2 1.3 2.40 2.27
6.2 2.2 4.5 1.5 2.28 1.64
4.6 3.4 1.4 0.3 1.13 0.79
5.5 2.5 4 1.3 2.33 2.26
6.5 3.2 5.1 2 2.64 3.47
6.7 2.5 5.8 1.8 2.82 3.00
5.1 3.7 1.5 0.4 0.95 0.84
5.5 2.6 4.4 1.2 2.53 2.71
5.7 2.9 4.2 1.3 2.35 2.10
6.3 2.5 4.9 1.5 2.45 2.49

attributes. A reduct [27] is obtained for ADT and Reduced ADT is obtained by

taking the projection of ADT with respect to this reduct. Reduced ADT is used

for the purpose of constructing classifier. It is proposed to bring out the potential

characteristics of inferred attribute through statistical investigations as well as the

index of knowledge representation in Rough sets, kappa. CART has been used in

the present study (any other classifier can be used) to demonstrate the role of IA

in classification. As the inferred attribute is an explicit expression, thus, the rules

derived from the decision tree constructed based on Reduced ADT are explicit

and interpretable.

3.3.1 Augmented Decision Table

Augmented decision tables for training and test data are obtained by appending

the IA(s) to the conditional attributes. Hence the ADT for training data contains

< conditional attributes, inferred attribute(s), decision attribute > (3.1)

the ADT for test data contains

< conditional attributes, inferred attribute(s) > (3.2)

The Tables 3.1 and 3.2 are the ADTs of training data and test data respectively.
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3.3.2 Reduced Augmented Decision Table

Minimal representation of decision system using concept approximation approach

results in removal of dispensable conditional attributes and retains only indispens-

able. These indispensable attributes constitute a reduct, which is a knowledge rep-

resentation. The Tables 3.3 and 3.5 are the reduced decision tables of the training

data and the test data respectively. For the demonstrative data of Iris, when the

inferred attribute based on linear regression and quadratic regression are used as

the inferred attributes individually, they alone became the conditional attributes

by using the reduct.

IA1 Class
2.39 2
3.04 3
2.56 3
1.12 1
0.92 1
2.00 2
0.94 1
2.66 3
2.15 2
2.19 2
1.09 1
2.12 2
2.14 2
2.02 2
2.44 2
2.88 3
2.1 2
2.57 3
2.97 3
0.69 1

Table 3.3: RDT of the training data
using linear regression

IA2 Class
2.20 2
3.13 3
2.95 3
1.10 1
0.88 1
1.82 2
1.05 1
2.99 3
2.14 2
2.02 2
0.88 1
2.03 2
2.05 2
1.88 2
2.34 2
2.90 3
1.99 2
2.62 3
2.96 3
1.07 1

Table 3.4: RDT of the training data
using quadratic regression

IA1
2.40
2.28
1.13
2.33
2.64
2.82
0.95
2.53
2.35
2.45

Table 3.5: RDT of the test data us-
ing linear regression

IA2
2.27
1.64
0.79
2.26
3.47
3.00
0.84
2.71
2.10
2.49

Table 3.6: RDT of the test data us-
ing quadratic regression
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3.3.3 Algorithm for Building Hybrid Classifier

The pseudo code of the proposed hybrid classifier is presented in Algorithm 2. The

training data is fed to the Algorithm 1 to find the coefficients of the function to

arrive at the inferred attribute. The ADT is formed using the IAs. The minimal

set of conditional attributes is arrived by calling the function “findReduct”. The

RDT is arrived by considering the reduct attributes. RDT is used as the training

data to build the classifier using the “buildClassifier”.

Algorithm 2: Hybrid Classifier

Input : DT = [X Y] is the decision table with condition attributes in X
and decision attribute Y, f(X | θ) is the model form.

Output: Classifier

begin
// find the estimate of Y using DT and model form f(X | θ)
[IA, θEst]← computeIA (DT, f(X | θ)) ;

// Augment the conditional attributes with IA

ADT← [X IA Y] ;

ReductA ← findReduct (ADT) ;

XR ← attributes corresponding to ReductA of ADT;

// reduced decision table contains ReductA attributes and Y

RDT← [XR Y] ;

// build classifier on reduced decision table

Classifier ← buildClassifier (RDT) ;

end

3.3.4 Algorithm for Classification with Hybrid Classifier

The IA function(s) arrived at the training phase of the classifier is used to com-

pute the IA(s) for the test data. The augmented decision table for the test data is

formed by using the IAs obtained on the test data using the IA function(s) arrived

from the training phase. The RDT is formed by considering only the attributes

available in the reduct, which is computed at the training phase of the classifier.

The classifier is built using Algorithm 2 during the training phase of the classi-

fier and used to find the class of each of the test data object using the function

“Classify”.
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Algorithm 3: Classification with Hybrid Classifier

Input : ReductA, Classifier, Xtest, f(X | θEst)
// Xtest is the test data objects to classify

// ReductA, f(X | θEst) are arrived in training phase

Output: Class

begin
IAtest ← f(Xtest | θEst) ;

ADTtest ← [Xtest IAtest ];

XRtest ← attributes corresponding to ReductA of ADTtest;

Class ← Classify (Classifier, XRtest);

end

Figure 3.1: Decision tree on the Iris demo data

3.3.5 Illustration of the Hybrid classifier using CART

The Figure 3.1 shows the decision tree for the demonstrative data of Iris using

CART [14]. The decision trees obtained with the reduced decision Tables 3.5 and

3.4 are shown in Figure 3.2 and Figure 3.3. These figures are obtained using

the Matlab. By considering the total Iris data, it is observed that the depths of

the CART trees are 4, 4, 2 and 4 (with number of leaf nodes as 5,5,3 and 5),

for the original Iris data, for confining to a reduct of Iris, reduct of ADT with

linear regression and ADT with quadratic regression respectively. The respective

impurities at the leaves are 0.3551, 0.3551, 0.0566 and 0. This shows that the

impurity has a considerable reduction with ADTs. However, this is possible with

an IA which captures good amount of information.
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Figure 3.2: Decision tree on the RDT with linear regression of Iris demo data

3.4 Experiments and Results

The effectiveness of the hybrid classifier is demonstrated and validated using nu-

meric and text datasets. The numeric datasets are used to demonstrate that the

tool can serve as a standalone Data Mining tool, the text datasets are for the

tool’s suitability for SRC.

3.4.1 Numeric Data

The experiments are conducted using standard datasets available in UCI machine

learning repository [129] in Matlab environment and RSES [7, 113]. The IAs are

obtained by using IA1 and IA2. Statistical analysis has been adapted for assessing

the mimicking properties of IA. The Rough Set Exploration System (RSES) is used

for obtaining the reduct of original decision table and ADTs. For comparative

study, RDTs are constructed using respective reducts. Decision tree using CART

is constructed for original as well as Reduced Decision tables. Experiments are

conducted using tenfold cross validation on several benchmark data sets from UCI

machine learning repository.

Table 3.7 summarizes the characteristics of datasets and the reducts obtained

for Original DT and ADT with IA1 and ADT with IA2. The significant impact

of the IA is seen in the reduction of length of the reduct (see Figure 3.4). For
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Figure 3.3: Decision tree on the RDT with quadratic regression of Iris demo data

Table 3.7: Reduct Information

Data set Name #Objects # Attributes Kappa Reduct of DT
Reduct of ADT
with IA1

Reduct of ADT
with IA2

Iris 150 4 1 {1,2,3,4} {IA1} {IA2}
Wine 178 13 1 {1,2,4,5,8,12,13} {IA1} {IA2}

WDBC 699 10 1 {1,2,5,6,7} {IA1} {IA2}
Blood Transfusion 748 4 0.733 {1,2,4} {2,IA1} {1,IA2}

Abalone 4177 8 1 {1,2,4,5,6,7,8} {7,8,IA1} {2,4,IA2}
Ecoli 336 7 1 {1,2,5,6,7} {1,5,IA1} {5,6,IA2}
Yeast 1484 8 1 {1,2,3,4,7} {1,4,IA1} {3,4,7,IA2}

Page-blocks 5473 10 0.992 {1,2,3,4,5,6,7,8} {4,5,IA1} {4,8,IA2}
Wine Quality - Red 1599 11 1 {1,3,4,5,7} {4,7,IA1} {4,10,IA2}

Pima-Indians Diabetes 768 8 1 {1,2,3,7} {3,IA1} {1,IA2}

datasets like Iris, Wine and WDBC, IA alone became the reduct.

Table 3.8 presents the model characteristics such as error sum of squares (ESS),

Coefficient of determination (R2) and estimate of the error variance (estV) with

IA1 and IA2 respectively. Table 3.9 summarizes the results of classification ac-

curacy of CART for DT (Original table), RDT (Reduced table of original DT),

RDT-IA1 (Reduced table of ADT with IA1), RDT-IA2 (Reduced table of ADT

with IA2). It also summarizes the total time taken in each of these models which

includes building CART and testing in ten folds.

For instance, considering the Abalone data set (one among the datasets with

least performance), which has 4177 objects with 8 conditional attributes and 1

decision attribute, to observe the impact of IA. By adopting RSES the selected

shortest length reducts are {1,2,4,5,6,7,8}, {7,8,IA1} and {2,4,IA2} for original
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Figure 3.4: Reduct Length Comparisons with and without IA

Table 3.8: Inferred Attribute Model Characteristics

Data set name IA1 IA2
ess R2 estV ess R2 estV

Iris 6.97 0.93 0.05 4.91 0.95 0.04
Wine 10.62 0.9 0.06 1.72 0.98 0.02
WDBC 25.61 0.84 0.04 15.83 0.9 0.03
Blood Transfusion 118.14 0.13 0.16 112.24 0.17 0.15
Abalone 680.66 0.34 0.16 632.82 0.38 0.15
Ecoli 862.43 0.63 2.63 650.37 0.72 2.17
Yeast 12566.07 0.08 8.52 12015.89 0.12 8.35
Page-blocks 1987.14 0.3 0.36 1306.77 0.54 0.24
Wine Quality - Red 666.41 0.36 0.42 589.17 0.43 0.39
Pima-Indians Diabetes 121.57 0.3 0.16 108.03 0.38 0.15

DT and for ADT with IA1 and ADT with IA2 respectively with kappa as 1. It is

also observed that for ADT all the possible shortest reducts contain IA not only for

Abalone but also for all the considered benchmark data sets. The classification

performance of Abalone using ten-fold cross validation test by adapting CART

are 70.70, 71.34, 70.31 and 73.40 for Original DT, RDT, RDT-IA1 and RDT-IA2

respectively (See Table 3.9 and Figure 3.5). These results indicate a marginal

gain in accuracy due to IA. The computational time for tenfold test for each

of these tables are 611.07 (549.16 building time+82.17 for testing time), 558.92

(497.29+83.82), 375.79 (281.75+99.48) and 299.32 (246.84+59.01) which indicates

the enhancement achieved due to the inclusion of IA which is shown in Figure 3.6

and tabulated in Table 3.9

By performing paired t-test it is observed that, the building time of CART is
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Table 3.9: Performance comparison for UCI datasets

Data set name
Accuracy (%) Time (milliseconds)

DT RDT RDT-IA1 RDT-IA2 DT RDT RDT-IA1 RDT-IA2
Iris 93.33 93.33 98 98 44.59 10.63 6.59 5.14

Wine 88.68 92.08 97.78 97.78 20.33 16.62 5.18 5.12
WDBC 94.57 94.71 96.71 96.71 38.1 24.12 5.35 4.86

Blood Transfusion 75.13 75.13 76.61 75.81 76.89 65.11 19.9 18.32
Abalone 70.7 71.34 70.31 73.4 611.07 558.92 375.79 299.32

Ecoli 79.76 80.35 81.65 81.24 38.42 34.1 32.39 26.53
Yeast 53.24 51.42 50.54 50.61 289.4 253.88 176.5 207.36

Page-blocks 96.42 96.53 95.5 95.85 403.71 341.41 177.97 179.85
Wine Quality 60.54 52.47 55.66 54.6 396.63 256.41 170.99 168.68

Pima-Indians Diabetes 70.83 67.07 76.69 75.91 110.12 85.61 28.97 18.39

Figure 3.5: Comparison of classification accuracies in percentages

statistically significantly low when the data for training is used with Inferred At-

tribute, indicating that IA plays a significant role in the learning phase of decision

tree. But the testing time of CART is statistically significantly low only for IA2

(Quadratic Regression). One can observe that the reasonable IA will reinforce

learning but apt IA only will reinforce testing.

3.4.2 Text Data

The “4 Universities Data Set” [132] is used to illustrate the Hybrid classifier on

text data. This data set contains WWW-pages collected from computer science

departments of various universities in January 1997 by the World Wide Knowledge

Base (WebKB) [29] project of the CMU text learning group [28]. The 8,282 pages

in this dataset were manually classified into seven classes: student, faculty, staff,

department, course, project, and other. The distribution of the classes is presented
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Figure 3.6: Comparison of time taken for Classifiers in milliseconds

Table 3.10: The 4 Universities data set class distribution

Class # Web pages
student 1641
faculty 1124
staff 137

department 182
course 930
project 504
other 3764

in Table 3.10. The pages which may not be judged as “main page” are given under

the class ‘other’. For example, only the home page of faculty member is given under

the class ‘faculty’, while the curriculum vitae, publication and research interest

pages come under the class ‘other’. For each class, the data set contains pages

from the four universities:

Cornell (867)

Texas (827)

Washington (1205)

Wisconsin (1263)

and 4,120 miscellaneous pages collected from other universities.

The web pages are preprocessed according to the techniques presented in sec-

tion 2.6, each web page is represented as a vector of TF-IDF values. The classes
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Table 3.11: Performance comparison for 4 Universities data set

Classification Method Accuracy
kNN (k = 10) 0.7256

Centroid (Normalized Sum) 0.8266
Naive Bayes 0.8352

SVM (Linear Kernel) 0.8582
Hybrid Classifier 0.8342

‘staff’ and ‘department’ contain few web pages when compared to other classes,

‘other’ class web pages deviate much from the remaining classes. Hence these

three classes’ pages are removed and the data set is used with the four classes

‘student’, ‘faculty’, ‘course’ and ‘project’. The data set is randomly divided such

that two thirds of it forms training data and the remaining one third forms test

data. The TF values are normalized with respect to the web page size. The IDF

values obtained on the training data are used while forming the TF-IDF vectors

of text data. This facilitates the classifier model to be suitable for test data.

The decision table for the classifier consists of the TF-IDF vectors. Inferred

Attribute is computed using Linear Regression on the TF-IDF vectors, and aug-

mented to the decision table. RDT is obtained with the usage of QuickReduct

algorithm [27]. The original decision table contains 7568 attributes and the re-

duced decision table contains 948 attributes. CART [14] is used as the classifier

on this reduced decision table. The results of the classifier are reported in Table

3.11 in comparison to the popular classification methods accuracies taken from

[18]. The accuracy of the Hybrid classifier is on par with the best classifiers shown

in Table 3.11. Hence the proposed classifier is useful for classifying the web pages

and search results obtained from search engines. The proposed classifier is used

in the Meta Search Engine to classify the search results.

3.4.3 Observations

1. From Table 3.1 and Figure 3.4, it is observed that the IA is mimicking the

decision attribute and the dimensionality reduction of ADT is significantly

smaller than that achieved by reduct on the original data.

2. From Tables 3.8 and 3.9, the accuracy of the classifier improved with IA.

The accuracy is much better whenever R2 is high. This observation suggests

that the model used for IA must be apt to capture significant knowledge.

This demands domain knowledge of the system.

3. Significant reduction in the number of conditional attributes makes the tree
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depth to be smaller, in turn producing rules of shorter length. Hence, the

knowledge acquired through IA is expected to have a quality enhancement

in the performance of the knowledge engine (classifier).

3.5 Conclusions

A hybrid classification method developed in this chapter produces shorter rules

without compromising the accuracy. This methodology performs a meaningful

dimensionality enhancement (with IA) which in turn yielded better dimensionality

reduction. Dimensionality enhancement is demonstrated with regression models

and classification is demonstrated with CART. The proposed hybrid classifier has

been validated empirically on various numerical data sets as well as text data. IA

is present in all the minimal length reducts and has significant influence on the

reduct length. Time required for classification using this model turned out to be

significantly low. The demonstration on WebKB data set is encouraging to embed

this methodology in search engines.

Appropriate IA with non-linear forms will be in a position to address the

problems like XOR that are hard to be modeled by decision trees.
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CHAPTER 4

Coefficient of Variation based Decision

Tree (CvDT)

Decision trees are popularly used for classification. The efficiency of a decision

tree is guided by the attribute selection measure used for internal node splitting.

An attribute selection measure called CvGain is proposed which is suitable for

the environments that demand on the fly classification. This chapter presents the

proposed attribute selection measure and its salient features. The applicability of

the decision tree constructed using CvGain for dynamic environments like Web is

demonstrated through empirical analysis. The methodology for using the proposed

decision tree in distributed environments is detailed. The suitability of the same

for continuous decision attribute is demonstrated.

4.1 Introduction

Decision trees are well known for classification [53] as they are easy to interpret

and simplify the complex decision making process. ID3 [107], C4.5 [110], CART

[14] are few popular implementations of decision trees. ID3 algorithm is the first

decision tree implementation. Building a decision tree follows a greedy approach

for choosing the best attribute for splitting at a node. Splitting criteria plays a

vital role in building a decision tree. Information Gain, Gain ratio, Gini index,

Chi square statistics, Variance, Standard Deviation and Kappa index are the well

known splitting criteria. Coefficient of Variation (Cv) [119], which is a measure of

consistency of data is used in applied domain. It is free from units and indicates

relative standard deviation. Hence, it imitates tolerance behavior of human. The

application of Cv for constructing risk trees in managerial studies is demonstrated

in [34]. Cv has not attracted the researchers of data mining as a splitting criteria

till date.

Minz and Jain [89] has applied ID3 on the reduced data obtained by reduct

attributes based on Rough set theory [101]. Reduct selects only predominant

attributes and leads to dimension reduction without loss of information. Hence,

the resulting tree generated fewer classification rules with comparable classification

accuracy to ID3. A reduct based decision tree where the splitting attributes are
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selected according to their order of presence in the reduct is proposed by [111].

To the best of our knowledge, the latest splitting criteria used is Gainfix, which is

proposed in [38].

Since its inception, ID3 has been thoroughly studied by various researchers.

ID3 uses Information Gain as the splitting criteria. But Information Gain uses

frequencies ignoring its ordinates and is based on the Entropy which invokes log-

arithmic function several times. Decision trees based on standard deviation and

variance considers the measurement values also besides frequency. However, an

attribute with higher variance (SD) will be preferred ignoring the location of the

distribution. These trees tend to be overfit/underfit.

The computation of Cv is less expensive as it uses simple arithmetic operations

and square root function. And standard deviation is normalized w.r.t mean and

it is a measure of consistency. The similarity between coefficient of variation and

Gini index brought out by [51], inspired in inventing a coefficient of variation based

decision tree, in short CvDT.

4.2 Attribute Selection Criteria

ID3 [107] proposed by Quinlan uses Information gain for attribute selection, which

is based on information theory. But Information Gain is biased towards multi-

valued attributes.

C4.5 [110] is a successor of ID3 and uses Gain ratio, which is an extension of

Information gain. Gain ratio overcomes the biasing for multi-valued attributes by

applying some normalization to Information Gain. But Gain ratio tends to prefer

unbalanced splits.

The Gini index which considers a binary split for each attribute is used by

CART [14]. But Gini index also prefers multi-valued attributes and has a difficulty

in dealing large number of classes.

These approaches are frequency centric ignoring magnitude. The limitations

of impurity based measures like Information gain and Gini index are given by [43].

Standard deviation is used as a measure of error in M5 trees [108]. The splitting

criteria is guided by the maximum error reduction.

The Gainfix measure developed based on Rough set theory is based on Kappa

index. It is used in FID3 [38]. It considers relationship between condition at-

tributes and decision attributes in addition to Information Gain.
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Table 4.1: GPA Data

Student A1 A2 D
S1 3 2 2
S2 3 1 3
S3 4 3 1
S4 2 1 3
S5 3 3 2

Cv being a measure consistency of data, which is free from units and which

indicates relative standard deviation motivated to propose CvGain, an attribute

selection measure based on Cv.

4.3 CvGain

The similarity between coefficient of variation and Gini index through Lorenz

function is brought out by [51]. Theoretical aspects for considering the square of

the coefficient of variation as an equality measure in the same way as is the Gini

index is provided by them.

Adaptive discrimination nature based on relative magnitude can be realized

through coefficient of variation (Cv), which is not possible through standard de-

viation or variance. Further Cv addresses consistency aspects of the data. Hence,

the attribute selection measure called CvGain is proposed based on Cv.

4.3.1 Coefficient of Variation

Coefficient of Variation [12, 119] is the ratio of standard deviation σ and mean µ.

Cv = σ/µ× 100 (4.1)

Coefficient of Variation is a dimensionless number and hence it is suitable for

comparing data in different units or with widely different means. Cv is defined for

non zero mean. The computation of Cv is illustrated with Table 4.1 data. This

data contains two attributes: High School GPA (called as A1) and College GPA

(called as A2).

The computations of Cv for each attribute of GPA data are given below.

Cv(A1) = σ(A1)/µ(A1) ∗ 100 = (0.6325/3) ∗ 100 = 21.0819 (4.2)
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Table 4.2: Conditional table with A1 = 2

Student A1 D
S4 2 3

Table 4.3: Conditional table with A1 = 3

Student A1 D
S1 3 2
S2 3 3
S5 3 2

Cv(A2) = σ(A2)/µ(A2) ∗ 100 = (0.8944/2) ∗ 100 = 44.7214 (4.3)

Cv(D) = σ(D)/µ(D) ∗ 100 = (0.7483/2.2) ∗ 100 = 34.0151 (4.4)

4.3.2 CvGain Computation

Let DT be the decision table which is preprocessed such that Cv can be computed.

The decision table with conditional attributes A1, A2, . . . , An and the decision at-

tribute D is represented as DT = [A1, A2, . . . , An, D]. The Coefficient of Variation

of decision attribute D is given by

Cv(D) =
σ(D)

µ(D)
× 100 (4.5)

Coefficient of Variation ofD conditioned onAi having v distinct values (a1, a2, . . . , av)

is given by:

Cv(D | Ai) =
v∑
j=1

Pj Cv(D | Ai = aj) (4.6)

Where aj is the jth possible value of Ai with chance Pj. And

CvGain(Ai) = Cv(D)− Cv(D | Ai) (4.7)

Using GPA data (Table 4.1), the detailed computations of CvGain are given below

along with the conditional tables for Cv(D | A). From Table 4.2,

Cv(D | A1 = 2) = 0/3 ∗ 100 = 0

From Table 4.3,
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Table 4.4: Conditional table with A1 = 4

Student A1 D
S3 4 1

Cv(D | A1 = 3) = 0.4714/2.33 ∗ 100 = 20.20

From Table 4.4,

Cv(D | A1 = 4) = 0/1 ∗ 100 = 0

Assuming that P (Ai = aj) is the probability that attribute Ai takes the value

aj,

Cv(D | A1) = P (A1 = 2) ∗ Cv(D | A1 = 2)

+ P (A1 = 3) ∗ Cv(D | A1 = 3) + P (A1 = 4) ∗ Cv(D | A1 = 4) (4.8)

Hence,

Cv(D | A1) = 1/5 ∗ 0 + 3/5 ∗ 20.2031 + 1/5 ∗ 0 = 12.1219

CvGain(A1) = 34.0151− 12.1219 = 21.8932

With similar calculations for attribute A2,

Cv(D | A2 = 1) = 0/3 ∗ 100 = 0

Cv(D | A2 = 2) = 0/2 ∗ 100 = 0

Cv(D | A2 = 3) = 0.5/1.5 ∗ 100 = 33.3333

Cv(D | A2) = 2/5 ∗ 0 + 1/5 ∗ 0 + 2/5 ∗ 33.33 = 13.33

CvGain(A2) = 34.0151− 13.3333 = 20.6818

As CvGain(A1) is large when compared with CvGain(A2), A1 is selected as the

splitting attribute.

4.4 Preprocessing

Preprocessing transforms the data such that it is suitable for building the data

mining tools leading to effective knowledge discovery. A decision table may contain

numerical and categorical attributes. A numerical attribute may be continuous by

nature or may have high cardinality. To overcome the consequences of this type

of numeric attributes, a discretization method is adopted.
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Table 4.5: Illustration of the discretization process

A Z Z/k floor(Z/k) floor(Z/k)+T/k
4 -0.2221 -0.4442 -1 7
9 1.6285 3.257 3 11
3 -0.5922 -1.1844 -2 6
5 0.148 0.296 0 8
2 -0.9623 -1.9246 -2 6

A decision attribute may be numerical or categorical. As Cv can be computed

for numerical data, a transformation is proposed for categorical decision attribute.

The preprocessing techniques are detailed in the following.

conditional attributes

A numeric conditional attribute will be preprocessed (discretized) using the pro-

cedure outlined here.

1. Normalization The attribute values are transformed such that the attributes

mean is 0 and standard deviation is 1. If x is the value of the attribute A

with mean µ(A) and standard deviation σ(A), then Z, the z-score normalized

value of x is obtained as,

Z =
x− µ(A)

σ(A)
(4.9)

2. Quantization The attribute value is quantized with quantization parameter

k. The attribute values must be translated to make them positive. The

translation parameter T is used, the translation by T/k is performed on the

nearest least integer value of the quantized value. Here the k value is chosen

such that T/k is an integer. The resulting discretized value y is obtained as,

y =

⌊
Z

k

⌋
+
T

k
(4.10)

This process is illustrated in Table 4.5, for values of attribute A, the normalized

values are given in column Z, the discretized value of A is given in the last col-

umn. Based on the experiments, the values of the parameters are fixed as k=0.5

and T=4. The values 4,9,3,5 and 2, with mean 5 and standard deviation 3 are

discritized as 7,11,6,8 and 6.
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Decision attribute

The computation of Cv and CvGain require the decision attribute to be numerical

with non zero mean. Hence any numerical coding with non zero mean is sufficient.

The simplest such coding is, assigning a distinct positive integer for each value of

the decision attribute. It is observed that the best coding for decision attribute is

obtained by assigning the positive integers starting from 1 in non increasing order

of the frequency of the decision attribute values. Hence the class with heighest

frequency is assigned the code 1, while the class with second largest frequency is

assigned the code 2 and so on. This preprocessing is required only for categorical

decision attribute.

4.5 CvDT induction algorithm

The decision tree induction algorithm for constructing CvDT is shown in Al-

gorithm 4. The input to this algorithm consists of the decision table DT with

attribute list and decision attribute D.

The algorithm works by recursively selecting the best attribute to split the data

and expanding the leaf nodes of the tree until the stopping criterion is met. As

all the decision trees available in the literature follow the fundamental algorithm

proposed by Hunt [59] for tree construction, CvDT also follows the same. It works

in similar manner to the standard decision tree induction algorithm (e.g. [53]),

with the usage of CvGain for selection of attribute to split a node.
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Algorithm 4: CvDT induction algorithm

CvDT (DT, attribute list )

Input : Decision table DT whose conditional attributes are attribute list
and decision attribute is D

Output: Decision tree

begin
create a node N;

if Cv(D) = 0 then
return N as a leaf node labeled with class C, the class of all tuples;

end

if attribute list is empty then
return N as a leaf node labeled with the majority class in D;

end

splitting attribute← arg max(CvGain(attribute list));

if CvGain(splitting attribute) < 0 then
return N as a leaf node labeled with the majority class in D;

end

attribute list← attribute list− splitting attribute;

// partition the tuples and grow sub trees

foreach value j of splitting attribute do
DTj ← { tuples in DT with splitting attribute = j} ;

if DTj = φ then
create a leaf node labeled with majority class in DT and attach
it to node N;

else
attach the node returned by CvDT (DTj, attribute list) to node N;

end

end

return N;

end
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Table 4.6: Decision Table for the Concept Play Tennis

Outlook Temperature Humidity Windy Class
Overcast hot high false N
Overcast mild high true N
Overcast hot normal false N
Overcast cool normal true N

Rain mild high false N
Rain mild high true P
Rain cool normal false N
Rain mild normal false N
Rain cool normal true P

Sunny hot high false P
Sunny mild high false P
Sunny hot high true P
Sunny cool normal false N
Sunny mild normal true N

4.6 Illustration

The popular Weather data set for the concept “Play Tennis” [90] is considered for

illustration purpose (Table 4.6).

To compute Cv, the mean value need to be non zero. Hence the data need

to be preprocessed in such a way that avoids mean to be zero. The proposed

preprocessing procedure (section 4.4) is employed to preprocess the data of Table

4.6 Table 4.7 shown below is obtained after preprocessing Table 4.6 data to enable

Cv computations.

CvGain values of each attribute are computed. These values are given in the

Table 4.8,from the table it is observed that the attribute Outlook has maximum

CvGain; hence the attribute Outlook is selected as splitting attribute at root node.

Hence the data will be split into three sub tables as the attribute Outlook has three

distinct values. For Outlook = Overcast, Rain and Sunny, the decision tables are

shown in Tables 4.9, 4.10 and 4.11 respectively.

The corresponding building component of the decision tree is as shown in

Figure 4.1.

With similar computations on Tables 4.9, 4.10 and 4.11 the decision tree is ob-

tained as shown in Figure 4.2 with preprocessed codes replaced with their original

values.
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Table 4.7: Preprocessed decision table

Outlook Temperature Humidity Windy Class
Overcast hot high false 1
Overcast mild high true 1
Overcast hot normal false 1
Overcast cool normal true 1

Rain mild high false 1
Rain mild high true 2
Rain cool normal false 1
Rain mild normal false 1
Rain cool normal true 2

Sunny hot high false 2
Sunny mild high false 2
Sunny hot high true 2
Sunny cool normal false 1
Sunny mild normal true 1

Table 4.8: Cvgain Values

Attribute CvGain
Outlook 5.73
Temperature 0.45
Humidity 2.42
Windy 0.74

Table 4.9: Decision Table For Outlook = Overcast

Temperature Humidity windy class
hot high false 1
mild high true 1
hot normal false 1
cool normal true 1

Table 4.10: Decision Table For Outlook = Rain

Temperature Humidity windy class
mild high false 1
mild high true 2
cool normal false 1
mild normal false 1
cool normal true 2
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Table 4.11: Decision Table For Outlook = Sunny

Temperature Humidity windy class
hot high false 2
mild high false 2
hot high true 2
cool normal false 1
mild normal true 1

Figure 4.1: Decision tree with Outlook as splitting criteria at root node

4.7 Experiments and Results

The benchmark datasets from UCI [129] and CMU [29] are considered to demon-

strate and validate the methodology and performance aspects of CvDT. The fol-

lowing Section 4.7.1 is devoted for decision systems where the information is avail-

able in decision tables. This validates CvDT as a decision tree. The next Section

4.7.2 is devoted for labeled text data sets. This illustrates CvDT suitability for

text data.

4.7.1 Numeric data

To examine the effectiveness of our splitting criteria on decision tree construction,

ten datasets are collected from UCI machine learning repository [129], shown in

Table 4.12.

Decision trees are built with three different splitting criteria: Information Gain

of ID3 [107], Gainfix of FID3 [38] and CvGain proposed in this chapter. The data

sets with continuous values are discritized. The data sets are randomly permuted

and tenfold cross validation is administered. Each time the same partitions of the

data sets are used for building and testing the three decision trees compared. The

philosophy of constructing decision tree algorithm is the same for all the three

trees, only with difference in the selection criteria. Information Gain, GainFix

and CvGain are used as the attribute selection criteria for ID3, FID3 and CvDT

respectively. The classification performance and the times taken for training the

decision trees are computed, as well as for testing them. Paired t-testis performed

to verify the statistical significance of the results (a standard significance level of
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Figure 4.2: Final Decision tree

Table 4.12: Characteristics Of Data Sets

S.No Data set Number of Objects Number of Attributes
1 Iris 150 4
2 Wine 178 13
3 WBC 699 10
4 Blood Transfusion 748 4
5 Abalone 4177 8
6 Ecoli 336 7
7 Yeast 1484 8
8 Page-blocks 5473 10
9 Wine red 1599 11
10 Pima-Indians Diabetes 768 8

0.05 is used). The characteristics of the datasets are shown in the table 4.12. The

datasets collected contain 150 tuples as the least and 5473 tuples as the highest.

The least number of attributes taken is 4 while the highest is 13. The results are

shown in Table 4.13.

The advantage of CvGain is revealed in the times taken for decision tree gen-

eration. The generation times of CvDT are statistically significantly low when

compared to the other two methods. In the case of the larger datasets considered

in this experiment like Abalone and Page-blocks, the reduction of time is more

clearly visible. With Abalone, 338 and 1672 milliseconds of time is saved when

compared with ID3 and FID3 respectively. Similarly with Page-blocks they are

118 and 2726 milliseconds. Hence it is expected that CvGain is suitable for appli-

cations which require the decision trees to be built in real time. The Classification

Performances are more or less equal for all the three trees. The observations based

on the experiment are as follows:

1. The gain values of the attributes are different with CvGain, Information

Gain and GainFix. But the attribute with maximum gain value is the same

with all the three methods for some of data sets. It is different for some of
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Table 4.13: Performance Comparison

Data set name
Classification Performance Generation Time in ms Testing Time in ms
CvDT ID3 FID3 CvDT ID3 FID3 CvDT ID3 FID3

Iris 97.33 97.33 97.33 20.25 23.3 43.85 0.06 0.05 0.05
Wine 95.56 97.22 96.67 50.71 76.91 226.08 0.07 0.06 0.06
WBC 99.43 99.86 99.71 68.39 92.77 280.32 0.24 0.22 0.23

Blood Transfusion 81.81 81.67 81.81 131.06 153.24 264.64 0.34 0.33 0.33
Abalone 85.8 85.76 85.76 1586.44 1924.62 3258.47 18.01 18.26 21.1

Ecoli 95.88 95 95.29 123.71 168.67 319.79 0.13 0.13 0.13
Yeast 92.16 92.3 92.5 792.69 1002.69 1975.08 5.41 5.31 5.27

Page-blocks 97.15 97.28 97.44 785.26 903.79 3511.66 18.95 18.8 18.3
Wine red 95.63 95.19 95.31 756.97 1071.02 2741.15 5.39 5.51 5.07

Pima-Indians Diabetes 95.97 96.23 96.36 265.04 355.26 840.57 2.34 2.33 2.33

the data sets also.

2. It is possible that more than one attribute can have the maximum Gain

value, and one of them is selected arbitrarily.

3. When the decision trees are verified, the decision trees built are the same for

all the three approaches for the data sets Tom Mitchell, Iris and Blood Trans-

fusion. The trees are different for the remaining eight data sets. For some

of the data sets even though the decision trees are different, it is observed

that some sub trees are the same. And few Attributes have interchange-

able behavior in terms of selection for splitting because of the arbitrary tie

breaking.

The algorithm of the FID3 paper is also implemented in Matlab environment,

to make the readings comparable. (Thus the Classification Performances reported

in the Table 4.13 are not the same as reported in [38]). The time taken for

testing the CvDT is same as ID3 and FID3. But the time taken for generating

decision tree using CvDT is significantly less when compared to ID3 and FID3.

The paired t-test on generation times reveals statistical significance, indicating

that CvDT construction time is significantly lower than ID3 and FID3. In fact

CvDT is outperforming the other two methods in terms of generation time when

the data sets are large in size. The following Figure 4.3 with the data sets along

the x-axes reveals this.

4.7.2 Text Data

The “4 Universities Data Set” described in Chapter 3 is used to illustrate CvDT

on text data. The vector space model as described in chapter 3 is used to form

the conditional attributes, the class attribute has the values ‘student’, ‘faculty’,

‘course’ and ‘project’. The conditional attribute values are discretized such that
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Figure 4.3: Comparison of Times taken for generating the three decision trees

each attribute mean is 0 and standard deviation is 1. The distribution of the class

values are ‘student’ with frequency 1641, ‘faculty’ with frequency 1124, ‘course’

with frequency 930 and ‘project’ with frequency 504. Following the preprocessing

proposed in this chapter, the decision attribute is assigned numerical coding to

enable the Cv computation. The class values are given the numerical coding as 1

for ‘student’, 2 for ‘faculty’, 3 for ‘course’ and 4 for ‘project’.

The term document matrix of this dataset has 7568 dimensions initially. Hence,

dimensionality reduction is applied by following the method available in Chapter

3. The dimensionality is reduced to 948 by using linear regression for forming IA

and Quick reduct [27] for finding a reduct. The accuracy of CvDT on this dataset

is 0.94 on the reduced augmented decision table (as discussed in the section 3.3.2).

It can be observed that the performance of CvDT is much better when compared

to the best classifier using Support Vector Machine (c.f Table 3.11).

4.8 Salient features of CvDT

The salient features of Cv and hence CvDT are described in the following.

4.8.1 Low Computational Complexity

The computational complexity of Cv is low as it uses simple arithmetic operations

for its computation. While entropy computation requires logarithmic function, Cv

uses only arithmetic operations. It is even possible to avoid the usage of square root
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function by considering variance instead of standard deviation in Cv computations

for further reduction in computational complexity. This feature is clearly visible

from the Figure 4.3, it is observed that the time taken for constructing CvDT is

significantly lower.

4.8.2 Continuous Decision Attributes

CvDT can be used to build the decision tree even when the decision attribute is

continuous. The decision trees which can predict the decision attribute value for

continuous class attributes are normally called as regression trees. Some of the

trees which are available in the literature that can predict the class value are [108],

[109] and [14]. A survey on regression trees is available in [133].

CvDT can generate interval descriptions at the leaf nodes for such data (when

decision attribute is nominal, point descriptions are generated). The algorithm for

constructing CvDT using continuous decision attribute is given in Algorithm 5.

This algorithm takes the decision table and α, a threshold on Cv, as input. When

Cv is below α, a leaf node is created with the interval estimates (e.g. number

of values, minimum value, maximum value, mean and standard deviation) of the

data forming the leaf node. The remaining steps of the Algorithm 5 are similar to

steps followed in Algorithm 4.

The Algorithm 5 performance is evaluated on CPU dataset [129]. The CPU

dataset has 209 data objects and 9 attributes. Its decision attribute is “estimated

relative performance” (ERP), which is a continuous attribute. CvDT is compared

against CART [14] using the root mean squared error measure (RMSE). Average

RMSE over ten folds (ten fold cross validation) for CvDT is 39.52 and 47.89 for

CART. The CvDT RMSE value is obtained using the parameter α as 33%, based

on a rule of thumb from [119]. Infact α can be as low as 15%, the variation of

61



RMSE with α is shown in Figure 4.4

Algorithm 5: CvDT induction algorithm for continuous decision attribute

CvDT (DT, attribute list ) Input : Decision table DT whose conditional

attributes are attribute list and decision attribute is D, α which is

a threshold on Cv

Output: Decision tree

begin

create a node N;

if Cv(D) < α then
return N as a leaf node labeled with the mean and interval

estimates of D;

end

if attribute list is empty then
return N as a leaf node labeled with the mean and interval

estimates of D;

end

splitting attribute← arg max(CvGain(attribute list));

if CvGain(splitting attribute) < 0 then
return N as a leaf node labeled with the mean and interval

estimates of D;

end

attribute list← attribute list− splitting attribute;

// partition the tuples and grow sub trees

foreach value j of splitting attribute do

DTj ← { tuples in DT with splitting attribute = j} ;

if DTj = φ then
create a leaf node labeled with most probable value in DT and

attach it to node N;

else

attach the node returned by CvDT (DTj, attribute list) to node N;

end

end

return N;

end

Using Monte Carlo simulation for hundred times, with ten fold cross validation

in each iteration of the simulation, the distributions of RMSE values of CvDT and

CART are compared. The distribution of RMSE of CvDT with α = 33% is having
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Figure 4.4: Variation of RMSE with alpha

mean = 38.57 with standard deviation = 1.1732. The distribution of RMSE of

CART is having mean = 45.69 with standard deviation = 4.6299. Figure 4.5

shows the comparison of these two trees performance in terms of RMSE. It can

be observed that CvDT has low RMSE values with less deviation.

Figure 4.5: RMSE of CvDT and CART

4.8.3 Dependency on Measurement

Entropy depends on frequency alone, ignoring the measurement. Whereas Cv de-

pends on measurement also. SD and variance work with absolute values whereas

Cv is a relative measure and free from units. Entropy computation requires the
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decision attribute to be nominal. Cv computation is possible only when measure-

ments are available. The decision attribute has to be real and positive for Cv. A

preprocessing technique as given in section 4.4 addresses nominal, categorical and

continuous decision attributes. This preprocessing approach is not an overhead

as it depends mainly on the meta data available with the decision system. For

a 2-class problem, the comparison of Entropy, Gini Index and Cv are shown in

Figure 4.6. The skewness in Cv is attributed to its dependency on measurement.

Figure 4.6: Behavior of attribute selection measures

4.8.4 Distributed Computation

Distributed decision trees are needed when the data is large or when the data is dis-

tributed. Distributed decision trees available in the literature are constructed by

using horizontal or vertical fragmentation of the data. CvDT can be constructed

in distributed environments with these fragmentation approaches due to the alge-

braic characteristics of Cv. Decision tree induction from distributed data sources

as proposed in [48] and [19] serve as examples. CvDT can be constructed using

either of the fragmentation approaches. The procedures for these are outlined in

the following.

Distributed CvDT induction with horizontal fragmentation of data

With horizontal fragmentation, subsets of data tuples are stored at different sites.

Assume that the data set D is available in (divided into) k fragments, D1, D2,. . . ,

Dk. Each site will have data for all attributes. The triplet
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1. number of tuples

2. sum of decision attribute values of the tuples

3. sum of squares of decision attribute values of the tuples

Figure 4.7: Distributed CvDT induction with horizontal fragmentation of data

is computed at each site, for site (fragment) j as < nj,
∑nj

i=1 xji,
∑nj

i=1 xji
2 >. The

coefficient of variation of the entire data is computed at the centralized computa-

tion, using these triplets from all the sites,

number of tuples, n =
k∑
j=1

nj (4.11)

sum of decision attribute values, sum =
k∑
j=1

nj∑
i=1

xji (4.12)

sum of sqaures of decision attribute values, sumsq =
k∑
j=1

nj∑
i=1

xji
2 (4.13)

When CvGain of an attribute has to be computed, the triplet is taken from each

site for each value in the domain of the attribute. This facilitates the CvGain

computation for all the attributes, hence the CvDT induction at the central site.
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Distributed CvDT induction with Vertical fragmentation of data

With vertical fragmentation, each site will have all objects with a sub set of

attributes. Each site will have a subset of conditional attributes and the decision

attribute. The coefficient of variation of the entire data is computed using the

triplet of any site (as each site has all tuples for the sub set of the attributes).

Each site will compute the Cv and CvGain and shares them with the central node.

The best attribute and associated object partitions wil be available in the shared

memory for further computations.

4.9 Conclusions

The criterion for splitting a node in a decision tree decides the efficiency of a

decision tree. So far, Information Gain, Gain ratio, Gini index, Chi square statistic

and Kappa index are used as the splitting criteria. CvGain is proposed and

demonstrated as another splitting criteria in this paper. It is based on Coefficient

of Variation (Cv), which is a measure of consistency of a distribution. It has been

observed that decision tree based on CvGain has the same performance as ID3

and FID3, but at less computational cost. This is proved by the experiments on

benchmark datasets and the hypothesis test performed with paired t-test. Hence

it is suitable for agent based applications, where a decision tree has to be built in

real time.

By imposing the stopping criteria on Cv at decision node, post-pruning may

be avoided. Adaptability and the limitations of CvDT in various paradigms is in

progress.
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CHAPTER 5

Greedy Incremental Clustering

Approach (GICA)

A clustering methodology which is greedy and follows incremental approach akin

to snowball in growing the clusters is described in this chapter. This method of

forming clusters and its suitability to various kinds of data is demonstrated with

validations. In particular, its suitability for search results clustering is analyzed

empirically.

5.1 Introduction

The Search Results Clustering systems mainly differ in arriving at the cluster

description and the cluster content [22]. As the initial clusters displayed have to

be the most prominent sub topics of the query, a greedy approach is proposed

for this purpose. This chapter describes the procedure followed to identify the

subtopics of the query which forms the clusters’ description and their content.

Further, the proposed clustering algorithm’s ability to handle numeric data is

demonstrated. The clustering algorithm can be feature centric or object centric,

the feature centric approach is suitable for SRC while the object centric approach

is suitable for numeric data. Two clustering approaches are developed due to the

special requirement associated with SRC, the cluster labels need to be meaningful

descriptions of the clusters. In fact, the feature centric approach is applicable for

text data, especially for document clustering.

These two approaches for clustering are described in this chapter. The findings

of [47] has shown that frequency based feature ranking is not suitable for SRC.

Hence Expectation Maximization based adaptive feature pruning method is pro-

posed. The features not pruned by this method are called relevant. Knowledge

preserving capabilities of these relevant features and Snowball clustering method

based on these relevant features is demonstrated in this chapter.
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5.2 Object Centric GICA

The classical clustering algorithms like k-means [81] and k-medoids are object

centric [53]. This section develops an object centric greedy incremental algorithm

and demonstrates the same.

The vector median of the data objects to cluster is the candidate to initiate the

clustering process. The objects which are in the neighborhood (object distance

is less than the adaptive threshold) of the vector median object are added to the

cluster. The objects which are in the neighborhood of these objects are added

in the growing phase of the cluster in incremental manner. When the cluster

can not grow further, next cluster is initiated by picking up the vector median of

the remaining objects and this process is continued till all objects are exhausted.

This procedure identifies many small pure groups of objects. According to [86],

one manually assigned class gets divided into small pure groups by the clustering

algorithms. Hence, the initial clusters formed by the proposed method are com-

bined/merged in agglomerative manner. These clusters are merged by following

Single linkage method [53]. The termination criteria for the agglomeration pro-

cess is arrived by EM algorithm [36] and makes this agglomeration process totally

machine learning.

5.2.1 Preprocessing

The clustering algorithm needs neighborhood information. Neighborhoodness de-

pends on distance. Numerical attributes can have varying ranges of values, hence

the threshold for neighborhoodness keeps varying. Normalization is useful to pre-

vent the attributes with large range of values dominating the attributes with

smaller ranges. Normalization is particularly useful when distance measurements

are involved [53]. Hence the data is normalized using min-max normalization to

the range of 0 to 1. Normalization to this range enables the neighborhood measure

to be uniform for all the datasets.

5.2.2 Object Centric GICA Algorithm

The first step of the Algorithm 6 is discretization. The conditional attributes are

discretized using the procedure described in Section 4.4 of chapter 4. VM is the

vector median of the data objects. A cluster is initiated with the VM object.

The threshold θ1 is arrived by using the mean (or standard deviation) of the VM

object’s distance to all the remaining objects. All objects, whose distance from
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VM is below θ1 are added to the cluster. The cluster is grown in incremental

manner by addition of objects in the neighborhood of objects of the cluster. This

neighborliness is defined by using threshold θ2 which is obtained based on θ1.

When the cluster can not grow further, the next cluster (j is incremented) is

initiated with the vector median of remaining objects. The process is continued

until all objects are exhausted, i.e |objects| = 0.

The clustering procedure forms many clusters with high purity. So these clus-

ters are merged based on their similarity. Expectation Maximization [36] algorithm

is used to arrive at threshold θ3 on distances between each pair of clusters. The

clusters whose distance is below θ3 are considered similar and they are merged.

The merging process is based on Single linkage agglomeration. As described, all

the thresholds θ1, θ2 and θ3 are obtained based on the data characteristics without

user specification.
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Algorithm 6: Object Centric GICA

Input : D is an array of data objects to cluster

Output: clusters where each cluster is a set of objects

begin
Discretize (D);

j ← 1;

repeat
VM ← VectorMedian (objects);

objects ← objects− VM;

clusterj ← {VM} ;

for i← 1 to |objects| do
if distance (objecti,VM) < θ1 then

clusterj ← clusterj ∪ objecti;

objects← objects− objecti;

end

end

// growing phase of the cluster

repeat
clusterSize ← |clustersj|;
for i← 1 to |objects| do

for k ← 1 to |clusterj| do
if distance (objecti, objectk ∈ clusterj) < θ2 then

clusterj ← clusterj ∪ objecti;

objects← objects− objecti;

end

end

end

until |clusterj| = clusterSize;

j ← j+1;

until |objects| = 0;

// merging phase of the cluster

Dmin ← minDistance(clusters);

θ3 ← EM (2,Dmin);

clusters ← SingleLinkageAgglomerative (clusters,θ3);

end
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5.2.3 Illustration

A sample from Iris dataset [129] is selected for illustrating the Object centric GICA

algorithm. The dataset is shown in the Table 5.1. The Class attribute information

is used only for evaluating the clusters. Initially object 14 is identified as vector

Table 5.1: Iris data for demonstrating Object centric GICA

S.No Sepal length Sepal width Petal length Petal width Class
1 6.1 3 4.6 1.4 2
2 7.7 2.6 6.9 2.3 3
3 6.2 2.8 4.8 1.8 3
4 5 3.5 1.6 0.6 1
5 5.1 3.8 1.5 0.3 1
6 6.6 3 4.4 1.4 2
7 4.9 3.1 1.5 0.1 1
8 6 2.2 5 1.5 3
9 6.9 3.1 4.9 1.5 2
10 6.5 2.8 4.6 1.5 2
11 4.6 3.2 1.4 0.2 1
12 5 2.3 3.3 1 2
13 5.8 2.6 4 1.2 2
14 6.4 2.9 4.3 1.3 2
15 6.1 2.9 4.7 1.4 2
16 7.6 3 6.6 2.1 3
17 6.8 2.8 4.8 1.4 2
18 6.3 2.8 5.1 1.5 3
19 5.8 2.7 5.1 1.9 3
20 5.4 3.7 1.5 0.1 1

median, and the threshold values obtained are θ1 = 0.1535 and θ2=0.0076. The

objects 1,6,10 and 15 are added during the growing phase of the cluster1. Cluster2

is initiated with object 13 (whose thresholds are 0.1986 and 0.0099). The object

17 is added to cluster2 during its growing phase. Proceeding similarly, 12 clusters

are formed. These initial clusters have Purity 1.0, Entropy 0.0, Precision 1.0 and

Recall 0.25.

These clusters are merged with Single linkage agglomeration. The pair wise

distances of the clusters are fed to EM algorithm to find the cutoff for guiding

the stopping criteria of merging. The cutoff identified on the cluster distances is

1.014. After merging the clusters, the crosstable based on the Class attribute is

tabulated in Table 5.2 From the cross table 5.2 the validation measure are

Entropy = 0.00 Purity = 1.0 precision = 1.00 recall = 1.00.
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Table 5.2: Cross table for Iris demo data clusters

Class1 Class2 Class3
Cluster1 0 9 0
Cluster2 0 0 6
Cluster3 5 0 0

5.2.4 Experiments and Results

The datasets for validating the clustering algorithm are collected from UCI ma-

chine learning repository [129]. The datasets collected are having class information

which can serve as ground truth for validating the clustering algorithm’s perfor-

mance. The results are reported in Table 5.3.

Table 5.3: Object centric GICA performance metrics

Data set Entropy Purity Precision Recall F-score
Iris 0.00 1.00 1.00 1.00 1.00

Wine 0.00 1.00 1.00 0.75 0.86
WDBC 0.04 0.99 0.99 0.40 0.57

Blood Transfusion 0.00 1.00 1.00 0.40 0.57
Abalone 0.35 0.88 0.93 0.28 0.43

Ecoli 0.70 0.81 0.83 1.00 0.91
Yeast 1.54 0.60 0.65 1.00 0.79

Page-Blocks 0.29 0.93 0.92 0.65 0.76
Wine Quality Red 0.00 0.99 1.00 0.36 0.53

Pima-Indians Diabetes 0.00 1.00 1.00 0.18 0.31

To compare the proposed method with K-Means clustering method [81, 83],

K-Means is run on the same datasets and the results are provided in Table 5.4.

Two fundamental differences exist between these two algorithms. K-Means is

supplied with the number of clusters existing in the data and its clustering per-

formance varies with the initial centroids used. Such dependencies do not exist

in the proposed clustering algorithm, it follows machine learning approach and

does not require any knowledge about the number of clusters. The performance

of the proposed method does not vary for each execution as it does not depend on

initialization in contrast to K-means.

5.3 Feature Centric GICA

This clustering algorithm develops the concept and content for each cluster in

greedy incremental fashion. The primary motivation for developing this clustering
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Table 5.4: K-Means clustering performance metrics

Data set Entropy Purity Precision Recall F-score
Iris 0.00 0.98 1.00 1.00 1.00

Wine 0.65 0.71 0.86 0.67 0.75
WDBC 0.11 0.98 0.98 0.99 0.98

Blood Transfusion 0.00 0.99 1.00 1.00 1.00
Abalone 0.41 0.83 0.84 0.52 0.64

Ecoli 0.30 0.89 0.93 0.50 0.65
Yeast 0.22 0.92 0.89 0.60 0.72

Page-Blocks 0.06 0.98 0.90 0.60 0.72
Wine Quality Red 0.18 0.95 0.94 0.50 0.65

Pima-Indians Diabetes 0.00 0.99 1.00 1.00 1.00

approach is to develop clusters with meaningful labels which suits the primary

requirement of SRC. The same clustering approach is applicable for text data

in general. Hence, the following description and the validation are given in the

context of SRC.

Each search result consists of four fields, namely result ID (rank of the result),

url of the result web page, title of the result web page and short description of

the result web page (snippet). The title and snippet are used for the clustering

process, these constitute search result document for the clustering process. The

search results are preprocessed by stop-word removal, stemming and stray HTML

tags removal. The feature selection process identifies prominent features (terms in

the current context) and closed frequent itemset analysis identifies the dominating

topics. The clusters are formed by greedy approach for the best (most prominent)

closed frequent itemset to initiate a cluster. The itemset with the highest support

count is the most prominent subtopic of the query. Each cluster has two com-

ponents - concept of the cluster and the content of the cluster. Concept of the

cluster is formed by the set of closed frequent itemsets of the cluster. Content

of the cluster is formed by the search results of the cluster. The search results

that contain the greedily picked up closed frequent itemset form the initial content

of the cluster. The cluster is grown in incremental fashion by adding the closed

frequent itemsets that are prominent in the cluster content, and adding the search

results that contain the newly added itemsets. This growing phase of a cluster

is stopped when the cluster can not grow further and the prominent itemset out

of the remaining is picked up to initiate next cluster. This procedure to cluster

stops, when either the closed frequent itemsets or search results are exhausted.

The label of the cluster is the itemset with highest support among the item-

sets of the cluster. As the itemset contains stemmed terms, their corresponding

unstemmed termsets are obtained from the search results.
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5.3.1 Preprocessing

Some preprocessing tasks are performed prior to using the search results for clus-

tering. These tasks are stop-word removal, stemming, handling of digits and

punctuation symbols, cases of letters and HTML tags removal.

Stop-word removal is performed on each search result’s title and snippet. The

stop-word list of 571 words from SMART system [60] is adopted for stop-word

removal. Martin Porter’s suffix stripping algorithm[104] is used for stemming.

Each search result document is represented as a vector of tf -idf weights.

5.3.2 Datasets

AMBIENT

AMBIENT (AMBIgous ENTries) is a dataset designed for evaluating subtopic

information retrieval. It consists of 44 topics, each with a set of subtopics and a

list of 100 ranked documents. The topics were selected from the list of ambiguous

Wikipedia entries; i.e., those with “disambiguation” in their title [127]. The 100

documents associated with each topic were collected from a Web search engine as

of January 2008, and they were subsequently annotated with subtopic relevance

judgments. The AMBIENT dataset consists of four files where each row is ter-

minated by Linefeed (ASCII 10) and fields are separated by Tab (ASCII 9). The

four files are described below.

topics.txt

It contains topic ID and description. Sample content is shown in table 5.5

Table 5.5: Topics sample of AMBIENT

ID Description
1 Aida
2 B-52
3 Beagle

subTopics.txt

It contains subtopic ID (formed by topic ID and subtopic number) and

description. Sample content is shown in Table 5.6

results.txt

The file is obtained directly by the search engine API and characters are
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Table 5.6: Sub Topics sample of AMBIENT

ID Description
1.1 Aida, female given name
1.2 Aida can be a Japanese name
1.3 A Persian name

coded using UTF8 (a variable-length character encoding for Unicode). e.g.

the sequence 195 169 codifies the small letter e with acute accent. It contains

result ID (formed by topic ID and search engine rank of result), url, title,

and snippet. Sample content is shown in Table 5.7.

Table 5.7: Results sample of AMBIENT

ID url title snippet

1.1
http://www.aida-
international.org/

AIDA Interna-
tional

International Assoication for Development
of Apnea dedicated for breath-hold diving
or apnea which manages and oversees the
recognition of records, organizes competi-
tions, and sets standards for freedive educa-
tion.

1.2
http://disney.go.com/theatre
/aida

Disney on
Broadway -
’Elton John
and Tim Rice’s
Aida’- Official
Homepage

The official site of ’Elton John and Tim
Rice’s Aida.’ Buy tickets online, meet the
cast, hear the Tony Award-winning music,
get performance and tour information, ...

1.3
http://en.wikipedia.org/wiki
/Aida

Aida -
Wikipedia,
the free encyclo-
pedia

For other references see Aida (disambigua-
tion) Aida is an opera in four ... Aida, the
daughter of the Ethiopian King Amonasro,
lives at Memphis as a slave. ...

STRel.txt

It contains subtopic ID (formed by topic ID and subtopic number) and result

ID (formed by topic ID and search engine rank of result). Sample content is

shown in table 5.8.

Table 5.8: Topic.Subtopic ID of the Result

subTopicID resultID
1.4 1.3
1.4 1.4
1.4 1.10

MORESQUE

MORESQUE (MORE Sense-tagged QUEries) [94] is a dataset designed for eval-

uation of subtopic information retrieval. The dataset consists of 114 topics (i.e.,
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queries), each with a set of subtopics and a list of 100 top-ranking documents.

MORESQUE is designed as a complement for AMBIENT. This dataset also con-

tains four files as in AMBIENT dataset. This dataset contains queries of 1 to 4

words while the AMBIENT dataset is composed mostly of single-word queries.

5.3.3 Feature Selection - Expectation Maximization

Frequency based feature ranking alone is ineffective to cluster the web search

results [47]. Terms with discriminative capability are effective for SRC. Hence,

Expectation Maximization [36] is used to prune the irrelevant terms to make this

approach meet the SRC requirements. The size of the relevant terms set due to

EM makes the frequent itemset analysis (the clustering algorithm uses frequent

itemsets) manageable, though frequent itemset analysis is a tedious task.

Expectation Maximization is frequently used for data clustering in Machine

learning, as it can handle latent variables in the data. Expectation Maximization

method is developed for characterizing the population characteristics, which is a

mixture of finite fundamental factors. Each factor will have its own uncertainty

model characterized by associated probability distribution. The characteristics of

the population will obey an uncertainty model characterized by mixed distribu-

tion, which is generalization of fundamental factors. This mixture model will have

set of parameters, namely mixing proportions, and the parameters of fundamental

factor distributions. If one assumes that the population is a mixture of k funda-

mental factors, and each factor obeys normal distribution, when the characteristic

under study is 1-dimensional, then the mixture model will have parameter’s mix-

ing proportions π1, π2, . . . , πk (π1 > 0 and
∑k

i=1 πi = 1) with mean πi and standard

deviation σi for ith fundamental factor. Estimation process of these parameters is

addressed by EM based on the sample [36].

The terms occurring in each preprocessed search result constitute the popula-

tion for the analysis. However, some of the terms are relevant and some are not

relevant for building the knowledge. Thus, the distribution of the TF-IDF values

of the terms can be viewed as a mixture of relevant and irrelevant terms (i.e. as

a mixture of two distributions). The simpler way of representing it is by using

Gaussian distribution, f(x) = π1f1(x|µ1, σ1)+π2f2(x|µ2, σ2), where f1 is the prob-

ability distribution function of TF-IDF values of relevant terms with mean µ1 and

and standard deviation σ1, f2 is the probability distribution function of TF-IDF

values of irrelevant terms with mean µ2 and and standard deviation σ2; π1 and π2

are mixing proportions. These parameter estimates must have the property that

µ1 > µ2. Based on the parameters obtained for the mixture model, the threshold
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on TF-IDF values is π1µ1+π2µ2
π1+π2

, from [3]. Any term with TF-IDF value more than

this threshold is classified as relevant term, otherwise irrelevant term.

Illustration of EM based Feature Selection

An illustration of EM based term pruning is provided by considering the first ten

results of the query “Beagle” from the AMBIENT dataset.

The first ten results after tokenization (using white space as delimiter) resulted

in 189 terms:

(EC), (software), -, –, ..., 2, 3, 5, :, A, ANSI/ISO, American, Ap-

ple, Architecture., BEAGLE, Beagle, Beagle,, Beagle-type, Bea-

gle., Beagles, Breed, Britannica, British, C++, C++., Center,,

Club, Computation, Consortium, Debian, Desktop, Dog, Download,

Earth., Encyclopaedia, English, Evolutionary, Files., GNOME, God’s,

Google, Group., Guide, Head., Hound, Information, Information,

Kennel, Linux, Main, Mars, Open, Owner’s, PSSRI, Package, Page,

Pillinger , Professor, Profile:, Search, Size, Spotlight, Standard.,

Storage, The, There’s, University-based, University., Unix, W3,

Wikipedia,, Windows, a, all, also, among, an, and, any, architec-

tures., are, article, as, at, available, be, beagle, beagle., blog-post,,

breed, built, but, by, can, centuries,, child,, coat,, code, coded, color,

come, compliant, critters, cutest, data, dog, dog,, dogs, easy-care,,

encyclopedia, enhance, entirely, existed, experience, exploration,

fairly, for, framework, free, get, good, gotten, green, group,, has,

have, head, heavy, hound, idea, in, indexing, industrial, is, its,

led, long,, medium, member, modern, not, of, on, or, other, over,

overwhelmed, pack, page, partners, people, personal, pet, point,,

post, power, product, puppies, puppy, reference, researchers, search,

short, should, similar, simplicity, single, sized, skull, sleek,, small,

solidly, sporty, standard., system, the, their, this, to, together, tool,

website,, where, which, will, with, you, your

The preprocessing by stemming and stop-word removal resulted in 118 terms:

american, ansiiso, appl, architectur, articl, avail, beagl, beagletyp, blog-

post, breed, britannica, british, built, center, centuri, child, club,

coat, code, color, come, compliant, comput, consortium, critter,

cutest, data, debian, desktop, dog, download, earth, easycar, ec,
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encyclopaedia, encyclopedia, english, enhanc, entir, evolutionari,

exist, experi, explor, fairli, file, framework, free, gnome, god, good,

googl, gotten, green, group, guid, head, heavi, hound, idea, index,

industri, inform, kennel, led, linux, long, main, mar, medium,

member, modern, open, over, overwhelm, owner, pack, packag,

page, partner, peopl, person, pet, pilling, point, post, power, prod-

uct, professor, profil, pssri, puppi, refer, research, search, short,

similar, simplic, singl, size, skull, sleek, small, softwar, solidli,

sporti, spotlight, standard, storag, system, togeth, tool, univers, uni-

versitybas, unix, w3, websit, wikipedia, window

Using vector space model, TF-IDF scores are computed for the preprocessed

result documents. When EM algorithm is run, the threshold on TF-IDF values

is obtained as 1.17, based on the method described. It is observed that 28 terms

have TF-IDF values above this threshold. These terms are treated as relevant

terms and they are given below:

american, architectur, britannica, british, club, code, debian, desk-

top, download, encyclopedia, explor, free, guid, inform, kennel, led,

main, mar, open, owner, page, profil, puppi, search, softwar, w3,

wikipedia

These relevant terms form the feature set. The average terms set size for all

the 44 queries of AMBIENT dataset, resulted without term pruning as 865.18

(with standard deviation 74.06), and with term pruning as 274.22 (with standard

deviation 72.22). The percentage of reduction in terms set size is 68.30.

The “degree of knowledge representation” (Kappa) developed in the Rough Set

theory [101], which quantifies the knowledge representation in considered features

is employed, treating the terms as features. It is observed that pre pruning pro-

duced mean Kappa as 1 (SD = 0), indicating that the pre-pruned terms set possess

hundred percent knowledge about the ground truth. Whereas post pruning term

set has mean Kappa 0.95 (SD=0.04) indicates that, the knowledge representation

by post pruned term set will possess the knowledge about the ground truth from

0.8 to 1. The relevant terms set may lead at the most 20% loss in knowledge

representation, 68.02% gain by reduction in term set size. This suggest that, the

relevant term set obtained by EM based term set pruning can be employed in

search result analysis in Web Mining.

EM based term pruning has two benefits: overcome the curse of dimensionality

and less runtime memory.
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5.3.4 Frequent Itemset generation

Frequent patterns are useful to identify the associations and correlations exist-

ing in the data. Frequent patterns help in data classification and clustering [53].

Frequent itemsets are used for document clustering in [46]. Document clustering

using frequent termsets (each item in conventional itemset mining is a term) has

the following benefits: dimensionality reduction, independence from the specifica-

tion of number of clusters and meaningful cluster description [46]. Search results

clustering works on text data (title and snippet of the search results) and these

aspects are not considered in the existing SRC approaches.

The frequent termsets are identified by FPGrowth [7], by considering the rel-

evant terms retained after the EM based term pruning.

Document clustering algorithm using frequent itemsets is proposed in [9]. It

is reported that the clustering quality is comparable to the state of the art text

clustering algorithms and the frequent term sets provided an understandable de-

scription of the clusters. Document clustering proposed in [46] is reported to have

best clustering quality and scalability, while frequent itemsets can reduce dimen-

sionality and provide specific topics of the documents. Term Document Clustering

(TDC) proposed in [144] uses only closed frequent itemsets (a frequent itemset is

closed if it has no superset with the same frequency). It has better clustering accu-

racy and scalability due to further dimensionality reduction. The quality of these

algorithms is subjective to the minimum support value, and TDC can estimate the

suitable minimum support value. Hierarchical Clustering using Closed Interesting

Itemsets proposed in [84] uses only closed interesting itemsets. It uses Mutual

Information, Chi Square, etc as the interesting measures. But this causes loss

of information when closed itemsets are reduced. As SRC deals with small text

snippets, this method will further induce loss of information; hence only closed

frequent termsets are used.

However, frequent itemset based clustering methods are sensitive to minimum

support threshold. A wise choice of minimum support results in a better clustering

performance. Authors of [144] proposed a method to select minimum support. It

uses FT tree which is based on FP tree of [54] and document coverage information.

Hence, FT tree has been employed for Search Result Clustering for arriving at

the support threshold adaptively. FT tree is built as proposed in [144]. Document

coverage distribution for different support values is constructed by pruning the

FT tree. Minimum support threshold, min sup is determined from the above

distribution. The FT tree is prunedby using the min sup. Frequent closed termsets

are obtained by employing CLOSET which is developed by [102].
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The associated FT Trees of pre and post term pruning with EM, have been

constructed and the corresponding estimates of the size (obtained by multiplying

the maximum depth and maximum width) are derived and reported in Figure 5.1.

For the 44 queries data of AMBIENT, the Mean (Standard Deviation) of FT Tree

sizes before and after term pruning are 2486.48 (SD = 286.12) and 962.82 (SD =

243.29) respectively. The percentage of reduction in FT tree sizes is 61.28.

Figure 5.1: FT tree sizes before and after term pruning

5.3.5 Feature Centric GICA Algorithm

The Feature Centric GICA Algorithm is described in Algorithm 7. The first step

of the algorithm is FeatureSelection, to select the features to form the concept for

the cluster. The data objects which possess these features are added to the cluster

content. These features and objects that form the cluster are removed from the

original set of features and objects. To generate overlapping clusters, this step has

to be bypassed. The cluster is grown in incremental fashion by repeatedly adding

features and objects as long as the cluster is growing. The growing phase is guided

by percentage of objects containing the features of the cluster. When a cluster

can not grow further, next cluster is initiated by performing FeatureSelection and

the process continues till the features are exhausted.
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Algorithm 7: Feature Centric GICA Algorithm

Input : D is an array of Search Results to cluster, F is the feature set of D

Output: clusters which is a set of clusters, each cluster is a record of
features and objects

begin
j ← 1;

repeat
CF ← FeatureSelection (F);

baseclustersj.features← CF;

baseclustersj.objects← {objects of D conditioned on CF };
F ← F− CF;

Objects ← Objects− baseclustersj.objects;

repeat
baseclusterSize ← |baseclustersj.objects|;
// growing phase, add features covered in the

basecluster

for f ← 1 to |F| do
if percentage of baseclustersj.objects containing Ff > θ1 then

F ← F− Ff ;
CF ← CF ∪ Ff ;

end

end

baseclustersj.features ← CF;

// growing phase, add objects through the added

features

for f ← 1 to |baseclustersj.features| do
newObjects ← {objects of D conditioned on
baseclustersj.featuresf};
Objects ← Objects− newObjects;

baseclustersj.objects ← baseclustersj.objects ∪ newObjects;

end

until |baseclustersj.objects| = baseclusterSize;

j ← j+1;

until |F | = 0;

end

clusters ← merge (baseclusters, j);
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5.3.6 Illustration

The documents used for illustration are shown in Table 5.9. After the prepro-

Table 5.9: Document set for demonstration of FCGICA

Document content
Document1 Apple mac
Document2 iphone from Apple
Document3 water molecule
Document4 Osmosis of water
Document5 iphine tunes
Document6 Apple mac price
Document7 Osmosis of water molecule
Document8 reverse Osmosis of water molecule

cessing step (stop-word removal and stemming are applied but EM based feature

selection is not performed in this this illustration for simplicity). The FT tree of

the documents is shown in Figure 5.2. The document coverage table from the FT

tree is shown in Table 5.10. It describes the coverage information for each support

value. When there is a knee in the document coverage, the pruning of FT tree is

stopped and the support threshold is picked up as the value prior to the knee in

coverage.

Figure 5.2: Initial FTTree

The minimum support obtained from FT tree is 3. The pruned FT tree will

not contain Iphon, Mac and Tune termsets. The resulting FT tree after pruning is

shown in Figure 5.3. The closed frequent termsets identified from FT tree shown

in Figure 5.3, are osmosi, molecul and Appl each with support 3, and Water with

support 4. These closed itemsets are sorted in the descending order of support
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Table 5.10: Document Coverage Table

Support Coverage Not covered Docs at the support
1 1.0 nil
2 1.0 nil
3 1.0 nil
4 0.5 document1, document2, document5, document6

Figure 5.3: Pruned FTTree

resulting in the termsets water : 4, appl : 3, molecul : 3 and osmosi : 3 (termsets

with same support are sorted in the alphabetic order).

In the clustering process, starting with the itemset water, documents 3, 4, 7

and 8 form cluster 1. In the growing phase, molecul and osmosi are added to the

list of termsets of this cluster. Next itemset appl is taken and the documents 1,

2 and 6 forms cluster 2. The incremental process of the clustering method stops

here as the closed frequent termsets have exhausted. Now the document 5 has

to be classified using Nearest Neighbor classification. The Cosine similarity of

document 5 to cluster 1 is 0.0 and to cluster 2 is 0.162 (for this illustration, no

predetermined threshold is specified). Hence document 5 gets added to cluster

2. During the label generation phase, for cluster 1, water has support 4, where

as molecul and osmosi have support 3. So Water is the label for cluster 1. appl

is the only frequent termset associated with cluster 2, hence Apple is the label

generated for cluster 2 by unstemming appl.

5.3.7 Experiments and Results

The results in Table 5.11 contain the standard parameters used for measuring

the clustering performance. The column “AMBIENT Precision” gives the ground

truth. The precision of proposed method is near to the ground truth. It is not

possible to compute “AMBIENT Recall” for the manually assigned subtopics, as
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we are not aware of the number of original relevant results. The Recall of the pro-

posed method tells the fraction of relevant results that are retrieved. Considering

the number of results having a manual subtopic assignment as relevant result,

Recall tells the number of results retrieved from this number. Fscore, which is a

harmonic mean of Precision and Recall, is reported as the last field in the Table

5.11. According to [86], evaluating the clustering performance with comparison

to the manually assigned subtopics has some justified differences. One manually

assigned subtopic gets divided into small pure groups by the clustering algorithms.

Hence the mapping is done between manually assigned subtopics and the clusters

identified by the proposed method for calculation of the above measures. This

mapping is guided by the Cosine similarity between the centroid vectors (vector

space) of manual subtopics and clusters of the method.

84



Table 5.11: Clusters performance: Precision, Recall and Fscore

S.No Query Ambient Precision Precision Recall Fscore
1 Aida 0.6 0.52 0.87 0.65
2 B-52 0.75 0.69 0.92 0.79
3 Beagle 0.85 0.84 0.98 0.9
4 Bronx 0.76 0.73 0.96 0.83
5 Cain 0.38 0.34 0.89 0.5
6 Camel 0.69 0.65 0.94 0.77
7 Coral Sea 0.42 0.36 0.86 0.51
8 Cube 0.48 0.44 0.92 0.6
9 Eos 0.63 0.55 0.87 0.67
10 Excalibur 0.32 0.3 0.94 0.45
11 Fahrenheit 0.66 0.59 0.89 0.71
12 Globe 0.52 0.49 0.94 0.64
13 Hornet 0.44 0.42 0.95 0.58
14 Indigo 0.38 0.37 0.97 0.54
15 Iwo Jima 0.85 0.81 0.95 0.88
16 Jaguar 0.79 0.61 0.77 0.68
17 La Plata 0.66 0.58 0.88 0.7
18 Labyrinth 0.26 0.24 0.92 0.38
19 Landau 0.4 0.36 0.9 0.51
20 Life on Mars 0.83 0.8 0.96 0.87
21 Locust 0.47 0.39 0.83 0.53
22 Magic Mountain 0.41 0.39 0.95 0.55
23 Matador 0.37 0.37 0.97 0.53
24 Metamorphosis 0.54 0.52 0.96 0.68
25 Minotaur 0.51 0.49 0.96 0.65
26 Mira 0.38 0.33 0.87 0.48
27 Mirage 0.34 0.32 0.94 0.48
28 Monte Carlo 0.71 0.67 0.94 0.78
29 Oppenheim 0.41 0.4 0.98 0.57
30 Out of Control 0.18 0.16 0.89 0.27
31 Pelican 0.59 0.54 0.92 0.68
32 Purple Haze 0.27 0.23 0.85 0.36
33 Raam 0.58 0.54 0.93 0.68
34 Rhea 0.52 0.43 0.83 0.57
35 Scorpion 0.44 0.45 1 0.62
36 The Little Mermaid 0.47 0.44 0.94 0.6
37 Tortuga 0.29 0.27 0.9 0.41
38 Urania 0.43 0.39 0.91 0.55
39 Wink 0.46 0.42 0.91 0.58
40 Xanadu 0.48 0.41 0.85 0.55
41 Zebra 0.7 0.65 0.93 0.76
42 Zenith 0.3 0.32 1 0.49
43 Zodiac 0.2 0.2 1 0.33
44 Zombie 0.34 0.32 0.94 0.48
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According to [94], Rand Index is a quality measure for clustering algorithms

when a gold standard G is given. The Rand index penalizes both false positive and

false negative decisions during clustering ([86]). It measures the similarity of the

two assignments while ignoring the permutations. It measures whether two objects

are in the same clusters in the ground truth clustering and the clustering algorithm.

For every pair of data objects whether there is an agreement or disagreement is

verified. The Rand index is computed by dividing the number of agreements by

the sum of agreements and disagreements. Hence it measures how closely the

clustering algorithm matches the ground truth. The proposed Snowball clustering

is compared with Lingo, Suffix Tree Clustering and Key SRC (These are reported

as the best systems by [11]) and the results are reported in Table 5.12.

Table 5.12: Cluster performance comparison (AMBIENT dataset): Rand index

Clustering method Rand index
Lingo 62.75
STC 61.48

KeySRC 66.49
Proposed method 62.19

Rand Index values on MORESQUE datasets are given in Table 5.13. As this

dataset contains more complex queries when compared to the AMBIENT dataset,

the methods performance is lower than AMBIENT. The results for individual

queries of MORESQUE are not reported due to space limitations (114 queries).

Table 5.13: Cluster performance comparison (MORESQUE dataset): Rand index

Clustering method Rand index
Lingo 52.68
STC 51.52

KeySRC 55.52
Proposed method 53.83

The average times taken for the Feature centric GICA on AMBIENT and

MORESQUE datasets are tabulated in Table 5.14. These average times include

all the times pre processing till display of clusters.

Table 5.14: Time taken for Feature Centric GICA

Dataset Time taken in milli seconds
AMBIENT 937.18

MORESQUE 1083.72

From the results of Tables 5.12, 5.13 and 5.14 it can be inferred that the
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performance of the proposed method is comparable with other popular clustering

algorithms that do not use any external resource. The only exception is KeySRC

which uses external resource. Other SRC validation measures described in Chapter

2 does not exist for many SRC approaches, hence they are not reported here.

Most of those measures are proposed by various authors of SRC algorithms and

no common comparison does not exist, except Rand Index.

The time taken for the proposed method is approximately 1000 milliseconds,

which can be taken as one second. Hence, it can be inferred that response time of

the proposed SRC method is approximately one second.

5.4 Conclusions

The proposed clustering algorithms are following machine learning approach. The

parameters used are adaptive, whose values are picked up by the method based

on the data. The EM based term pruning resulted in dimensionality reduction

without loss of information. The closed frequent itemset analysis complexity is

manageable due to the EM based feature selection. The Feature Centric Incre-

mental Clustering is able to produce dynamic clusters with meaningful labels.

Further, the clustering method does not require any human interaction or even

external knowledge.

Search results are represented by snippet and title. Hence, the proposed Fea-

ture centric GICA has been integrated in the MSE lead to search result organiza-

tion into categorical folders as well as query enhancement. The relevant term set

obtained by EM based term set pruning can be employed in search result analysis

in Web Mining.

The Object Centric Incremental Clustering is capable of clustering numeric

data without the knowledge of the number of clusters.
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CHAPTER 6

Consistency Analysis of Query

Reformation

A methodology to measure the effectiveness of query reformation is detailed in

this chapter. Chi square contingency analysis and Rank correlation are used for

this purpose.

6.1 Introduction

Search engine results are highly sensitive to the keywords used in the query. And

usually search engine queries are short, with an average length of 2-3 words. Usage

of most suitable keywords for the search query is necessary to retrieve more rele-

vant results. Usually there is a very small overlap between the keywords used in

the queries and those present in the actual documents. Many users may not have

the knowledge of the suitable keywords for their search requirement. When the

user is not satisfied with the results of a query, he will follow the reformed queries

as suggested by search engines or try his own reformations. It is estimated that

approximately 28% of the web search queries are reformations of original queries

[100].

Conventional approaches for query reformation make use of terms extracted

from WordNet, Top ranked documents and so on. Based on search engine logs,

relevance feedback can be captured by observing query and click information and

this can be used as pseudo relevance feedback [41]. Few attempts have been

made [58], [64], to classify the query reformation techniques and to identify the

more commonly attempted and useful reformation techniques. These researchers

have also analyzed the conditions in which a query reformation technique is more

suitable. But there have been no attempts so far to assess the relevance of the

reformed query and its enhancement. The approaches based on pseudo relevance

feedback may also include noise. Some reformed queries may be entirely different

from users search intention. Few examples where a query substitution may fail to

improve relevance are given in [35]. Knowing the relationship between the initial

query and the reformed query is useful to improve query reformation strategies

as well as improve the way in which the search engines retrieve the results. This
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chapter presents the consistency analysis of the initial and reformed queries using

statistical measures, to elicit the similarities of web queries and effectiveness of

the query enhancement.

6.2 Query Reformation strategies

Search engine log is the main data source for performing query reformation. Using

AOL query log, [58] have identified the user sessions and then Initial query and the

classes of reformulated queries from the sessions. Using click information present

in the log, they have measured the effectiveness of query reformation. Rather

than using the whole query as a unit of analysis, [136] has mined the term level

associations of terms inside a query. They have proposed context sensitive term

substitutions and term additions with the help of probabilistic models by using

the query log. A query recommendation is system proposed and evaluated by [78],

by making use of the noun, URL, and web community feature spaces.

Query reformation patterns are classified to predict the next query reformation

in [63]. They employed an n-gram model to compute the probability of users

transitioning from one query reformation state to another, and to determine what

order of states provide the best prediction of future states. In [125], a matrix

product of the RSV (Retrieval Status Value) vector and the documents-terms

matrix is computed and its dual is used to suggest query reformation.

Search engine logs are used by [5, 8, 68, 138] for query reformation. As search

engine logs are proprietary, [49] and [35] have come up with query reformation

without making use of query logs. First item-clicked feedback measure is shown

to be better than pseudo relevance feedback by [49], and have claimed increased

query efficiency by testing on TREC Web Track. Reference [35] used anchor text

as a substitute for query log. Their results on TREC collection states that query

expansion is the safer query reformation technique than substitution and they

claimed using anchor text is as effective as search engine logs. Anchor text is used

by [91] and [74].

6.3 Prediction of Query Performance

Discounted Cumulative Gain (DCG) and Normalized Discounted Cumulative Gain

(NDCG) are measures of effectiveness of a Web search engine algorithm [65]. DCG

measures the usefulness, or gain, of a document based on its position in the result

list. NDCG is used to compare performance of one query with another. The
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Clarity prediction measure [91] is based on measuring the relative entropy between

a query language model and its corresponding correlation language model. But

as Clarity computation is expensive, many researchers have attempted various

techniques for measuring query performance. Visual clues like titles, snippets etc

are used in [66] to predict retrieval effectiveness of queries. Relationship between

prediction techniques and user based performance measures are investigated in

[150]. In [117], the amount of query drift is estimated by measuring the diversity

of retrieval scores and claims a better performance on TREC corpora. Instead of

using quality measures, in [30], class based statistics which serve as a summary of

the document content are used. Rank Time Performance Prediction (RAPP) is

proposed in [6], which uses retrieval scores and aggregates of rank time features.

Query, result and interaction features are used in [52], and claims usage of these

features is better than using only query features.

6.4 Proposed Method

In this section, a framework to evaluate the effectiveness of the reformed queries

based on various statistical measures is introduced. All the methods discussed

earlier require external tools and depend on complex models. It is felt that a light

weight approach is required and hence a framework is proposed. This framework

is developed based on query Q and its reformed query QR.

This system consists of any general search engine like Google or Yahoo! and

query evaluation engine. Given the initial query and a set of reformed queries,

the system identifies whether the initial query and reformed queries are similar,

reformed query is an enhancement of the original, or is a contradiction of the

original. URLs fetched by the query are based on two components: all phrases

of the query and individual phrases of the query. The top ranked URLs are from

dominating phrases of the query. So identifying the dominating phrases is useful

to predict the results of a query.

URLs from the search engine results are retrieved for the initial query (Q) and

for the reformed query (QR). The association between Q and QR is identified by

performing Chi square contingency test [139]. A cross table is formed based on the

URLs of the queries Q and QR as shown in Table 6.1. The Chi square coefficient

value is computed as

Chi square =
2×N × (a× d− b× c)

r1× r2× c1× c2
(6.1)

The Chi square association analysis is used to assess whether the queries are inde-
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Table 6.1: Cross table of the URLs of Q and QR

URLs not present in
QR results

URLs present in
QR results

URLs not present in Q
results

a b r1

URLs present in
Q results

c d r2

c1 c2 N

pendent or dependent. If the Chi square coefficient value is above the significance

level (0.05 is popularly used), then the queries can be declared as dependent.

Otherwise they are independent. This analysis is useful to know the intention of

the search engine in bringing up the results. In case of dependent queries, some

phrases are dominated by the phrases of Q. Hence the hidden characteristics of

the search engine can be utilized effectively to retrieve the results.

From the URLs present in initial query results and reformed query results,

the common URLs are identified. For these common URLs, Rank Correlation

coefficients are computed. These values speak about the effectiveness of the re-

formulated queries. In case of dependent queries, the means of ranks of common

URLs of Q and QR are computed to know the drift of the ranks. Its value lies

between -1 and 1. When it is near to -1, the reformation is a contrast. When it is

near to 1, it is more similar, and is not expected to have additional information.

When it is close to 0, the queries have independent nature.

6.4.1 Algorithm

The top N results are downloaded from any conventional search engine for the

given query and its reformation to be validated. The cross table to compute

Chi square is formed based on the presence or absence of the URLs in the set

of results. The cross table is used to compute the Chi square value, denoted as

θ1 in the Algorithm 8. The consistent queries satisfy threshold α for their Chi

square value. If Chi value is below this threshold the queries are considered to

be inconsistent. Rank correlation analysis is performed on the ranks distribution

of the URLs that are common for both the queries Q and QR. The sign and

magnitude of rank correlation analysis is used to decide whether the queries have

agreement in same direction or opposite direction.
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Algorithm 8: Consistency analysis of Queries

Input : Query Q and Significance level α

Output: Dependent Queries DQ, Independent Queries IDQ, Mean of Q
URL ranks as µ1, Mean of QR URL ranks as µ2

begin
QR ← QueryReformation (Q);

U ← RankedURLsList (Q);

UR ← RankedURLsList (QR);

θ1 ← χ2(U,UR);

DQ ← {QR|θ1 > α};
IDQ ← {QR|θ1 < α};
// common urls

C ← U
⋂
UR;

R ← {rank(u)|u ∈ U and u ∈ C};
RR ← {rank(u)|u ∈ UR and u ∈ C};
θ2 ← ρR,RR ;

µ1 ← mean (R);

µ2 ← mean (RR);

end

6.4.2 Experiments

Few popular queries and their reformations are submitted to Google search engine

and their ranked lists of URLs are captured. These lists are pre-processed to

retain only the URLs of web pages, by removing absolute and relative URLs used

by the search engine as well as the advertisement URLs. The reformed queries are

considered from some of the references discussed in Query Reformation strategies

(section 6.2) and those proposed by Google. All these URLs along with rank

information are stored in a table. This table is the fundamental data for analysis

of query reformation.

Table 6.2: Snapshot of the URLs Table

URL id URL Q1 Q2 Q3 Q4
314 http://www.qou.edu/english/scientificResearch/eLearningResearchs/dataMining.pdf -1 94 -1 -1
315 http://www.mozenda.com/data-mining-software 92 -1 -1 32
316 http://www.twocrows.com/ 29 -1 -1 -1
317 http://www.exforsys.com/tutorials/data-mining/information-on-contemporary-

data-mining-tools.html
-1 -1 -1 91

318 http://www.dataminingcasestudies.com/ 41 -1 -1 -1
319 http://www.wiley.com/WileyCDA/WileyTitle/productCd-0471253847.html -1 -1 -1 59
320 http://www.spss.com/software/modeling/ -1 -1 -1 65
321 http://dataminingtools.net/blog/ -1 -1 -1 13
322 http://www.dataentryindia.com/data processing/data mining.php 16 -1 14 -1
323 http://www.qou.edu/english/scientificResearch/eLearningResearchs/dataMining.pdf -1 -1 -1 10
324 http://www.mozenda.com/data-mining-software 88 -1 -1 83
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In Table 6.2, a snap shot of the URLs table with data mining (Q1) as the

initial query, and data mining functionalities (Q2), data mining techniques (Q3),

data mining tools (Q4) as the reformed queries is shown. When the URL is not

present in search result, its rank is given the value -1. From the URLs table,

contingency tables for each pair of Q and QR are built and using them, Chi square

values are computed. Rank correlation coefficients are computed for the common

URL’s ranks. The reformed queries which are significant are identified and using

them the drift in the mean of the URL’s ranks is computed.

6.4.3 Results and Analysis

Table 6.3: Chi Square values

Initial Query=data mining chi square P value
data mining software 0.9572 0.3279
data mining articles 0.1998 0.6549

data mining companies 1.1656 0.2803
data mining and privacy 7.9953 0.0047

data mining course 3.1642 0.0753
data mining books 1.4390 0.2303

data mining conference 4.5301 0.0333
data mining pdf 1.1656 0.2803

data mining degree 8.1237 0.0044
data mining techniques 1.9606 0.1615

Table 6.3 shows the Chi square contingency test values with Q = “data mining”

and the ten reformed queries as shown in the table as QR. As association is

computed between Q and each of the reformed query, a 2 X 2 contingency table

is used in each case. Hence the degrees of freedom is 1. With degrees of freedom

= 1, for 0.05 significance level, the value needed to reject the null hypothesis is

3.841 (using Chi square distribution table). From Table 6.3, “data mining and

privacy”, “data mining conference” and “data mining degree” values are above

the significance level, and the null hypothesis that these queries are independent

from Q is rejected. Hence they are correlated with Q and are dependent on Q

(“data mining”). Table 6.4 shows the Pearson Rank correlation coefficient [139]

values between the query Q = “data mining” and each of the reformed queries.

From these values it can be observed that the three significant queries are having

the rank correlation value near to 1. When it is +1, it signifies that the common

URLs in Q and QR are in same order. When it is -1, they are in the opposite

order.

For the significant queries in terms of dependency on Q = “data mining”, the
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Table 6.4: Rank Correlation Coefficients

Queries ρURLranks
data mining software 0.099
data mining articles 0.251

data mining companies -0.003
data mining and privacy 1

data mining course 0.981
data mining books 0.673

data mining conference 0.903
data mining pdf -0.643

data mining degree -1
data mining techniques 0.719

Table 6.5: Mean Values of URL Ranks

Reformed Query (QR)
Mean of the URL’s
ranks for Q

Mean of the URL’s
ranks for QR

data mining and privacy 45 21
data mining conference 63.25 21

data mining degree 24.5 3.5

mean values of the ranks are shown in Table 6.5. When mean value is reduced in

reformed query, it is an enhancement of the original query.

6.5 Conclusions

Consistency analysis of query reformations is peformed with Chi square associa-

tion analysis and Rank correlation coefficient. The reformed query is associated

with the original query when the Chi square value is significant. The reformed

query is independent from the original query otherwise. When Chi square value is

significant and Rank correlation value is near to 1, the reformed query should be

noted as positive enhancement, and its mean rank is smaller than the mean rank

of original query. Based on these measures, the reformed query can be considered

as an enhancement when Chi square value is significant and Rank correlation is

near to 1.
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CHAPTER 7

Meta Search Engine

A meta search engine which addresses the query ambiguity caused by polysemantic

queries, is built using the tools developed in this thesis. The proposed MSE

helps naive user to quickly focus on his/her search interest when the appropriate

vocabulary could not be used to frame the initial search query, thus leading to

ambiguity. The polysemy nature of the query terms can bring the most popular

subtopic results in the first few pages of normal search engines. This makes the

user to sift through the flat ranked long list of search results, searching for the

result that meets his/her information requirement. But, usually users check one or

two pages of search results and give up. If the user can learn the appropriate terms

from first few pages, user can reform the query to satisfy his/her information need.

With the proposed MSE, user need not have sophisticated learning capability to

identify the most suitable subtopic of the polysemantic query. The MSE avoids

the fatigue caused by this time consuming activity. The current chapter presents

the details of the meta search engine.

7.1 Introduction

Polysemous queries are addressed by various clustering search engines. These are

capable of indicating the subtopics of polysemantic queries to resolve query am-

biguity. Personalized search engines (e.g. [103]) focus in retrieving search results

with weightage to the user profile. These raise privacy concerns and decrease the

likelihood of finding new information due to the bias induced by user profile. An

interactive search engine based on the current search context, with some smart

features like learning about search context, domain, intention and so on, on-the-fly

will provide apt search experience. In the current information era, a personalized

search engine which is context sensitive and preserves privacy, will meet the aspi-

rations of the web users. Some researchers have made attempts in this direction

and brought out tools like SnakeT [44], unfortunately this tool is not in active

state at present.

This chapter proposes a prototype of the Meta Search Engine (MSE) based

on integration of some of the machine learning/mining tools developed in the

previous chapters of the thesis. This MSE has objectives like real time functional-
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ity with minimal infrastructure and human interaction feature with user guiding

characteristics.

Meta Search Engine which handles Query Ambiguity is the subject matter of

this chapter. Whenever a user submits a query, the MSE gathers search results

from various Search Engines in the order of 100 to 200. The MSE has the capabil-

ity to cluster these search results based on the snippet and title of the web pages

using the Snowball clustering algorithm (feature centric) developed in this thesis

as discussed in chapter 5. Further, models are built for IA based on search result

data and cluster label analogous to the techniques developed in chapter 3 of this

dissertation. Using these models, IA(s) will be appended leading to dimension en-

hancement. Using dimension reduction techniques, minimal decision table/system

will be arrived as demonstrated in chapter 3 of this thesis. The subsequent search

results will be classified among these labeled clusters using classification based

on CvGain of chapter 4. Considering each cluster label, the query is modified

with an appropriate phrase of each cluster label and search results are extracted.

Based on these search results, the impact of query reformation has been measured

through the performance evaluation strategies developed in chapter 6. Suggestive

reformed queries are arrived based on these impact factors. The visualization and

interactive module of the MSE organizes search results in various modes: global

rank order, grouped in to folders; with options for subsequent search or query

refinement. The exercise of query refinement generates refined query and treats

the refined query as a fresh query for MSE and the entire process (fetching search

results, clustering, visualization and building the classifier) will be triggered. On

the option of subsequent search, subsequent search results are extracted and clas-

sified into clusters organized into folders to meet the user requirement. On the

option of subsequent URLs, the classifier classifies the search results and posts

them into respective folders.

The following section 7.2 deals with design aspects of the proposed MSE. Sec-

tion 7.3 provides module level illustrations. Section 7.4 contains the demonstra-

tions through snapshots of the MSE. Section 7.5 shows the output of few popular

clustering search engines in contrast to the MSE output. The chapter concludes

with section 7.6.

7.2 Prototype

The architectural diagram of the MSE is provided in Figure 7.1. Whenever a

user submits a query to the MSE, the search results are downloaded from search

engine like Google. These are preprocessed by filtering HTML tags, stop-word
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Figure 7.1: Architecture of MSE

removal and stemming. The processed results are clustered using the proposed

clustering method. The clusters are displayed with the meaningful labels arrived

by the clustering method. The labeled clusters enable the users to narrow down

their search to a subtopic of the given ambiguous query. The user is given the

provision to download subsequent results constrained on the subtopic of the query

and view them classified according to the subtopics relevant to the query. When

the user feels that the search results acquired for the query are not sufficient to

build the knowledge, subsequent results of the original query are acquired from

search engine(s) and classified according to the subtopics relevant to the query.

These subsequent results class information is posted to the folders.

The MSE provides query enhancement feature, through which user can refresh

and see the results of enhanced query along with its subtopics. The visualization

module provides the interface to the user to interact with the MSE.

The context level Data Flow Diagram (DFD) is given in Figure 7.2. It shows

the interactions of the MSE with the user and search engine(s). The level 1 DFD

is given in Figure 7.3 to explain the details of the MSE.

Figure 7.2: Context Level DFD of MSE

The level 2 DFDs give the details of each of the modules and these are provided
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Figure 7.3: Level 1 DFD of MSE

in the following section.

7.3 Module Level Illustrations

7.3.1 Interface to Search Engines

This module sends the query submitted by the user to search engine API to retrieve

the search results. The level 2 DFD shows the details of this module and is depicted

in Figure 7.4. Most of the search engines provide web search API (e.g. Google

Figure 7.4: MSE Interface

Custom Search, Bing API, Yahoo! BOSS API) to download the search results.

Some of search engines offer free web search API while some of them charge with
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various tariffs. Each search result consists of four fields: Rank of the result, title of

the web page of the result, URL of the result and a short description of the result

(snippet). The APIs have the provision to supply the starting rank of the results

and the number of results required. Some of the APIs allow only ten results at

a time (hence need multiple requests to the search engine) and free services have

a limit on the number of queries per day. The top five results obtained through

Google Custom Search API are shown in Table 7.1.

Table 7.1: Search Results Sample

Rank URL Title Snippet

1 http://www.java.com/
java.com: Java
+ You

Get the latest Java Software and explore how
Java technology provides a better digital ex-
perience.

2
http://en.wikipedia.org/wiki
/Java (programming
language)

Java (program-
ming language)
- Wikipedia, the
free encyclope-
dia

Java is a general-purpose, concurrent, class-
based, object-oriented computer program-
ming language that is specifically designed
to have as few ...

3
http://www.java.com/ get-
java/

Download Free
Java Software

This page is your source to download or up-
date your existing Java Runtime Environ-
ment, also known as the Java Virtual Ma-
chine (JVM, VM, and Java VM), the ...

4
http://www.oracle.com/
technetwork/
java/index.html

Oracle Technol-
ogy Network for
Java Developers

Feb 21, 2013 ... Beta testing for part one of
the Java EE 6 Enterprise Architect Certified
Master exam is now underway. Learn how
you can save big during the ...

5
http://docs.oracle.com/
javase/tutorial/

The
JavaTMTutorials

Tutorials and reference guides for the Java
Programming ...

7.3.2 Preprocessing and Feature Selection

The standard text preprocessing techniques like stop-word removal and stemming

[104] are applied on the search results initially. By using Vector space model,

each result is represented as a TF-IDF vector according to [86]. EM based feature

selection method (discussed in chapter 5) is used to select relevant features. The

DFD of the current module (Preprocessing and Feature Selection) is shown in

Figure 7.5. The threshold for TF-IDF is obtained as 1.1987, using the EM based

feature selection method (detailed in Chapter 5).

7.3.3 Clustering the search results

Using the relevant features, closed frequent itemset analysis is performed to drive

the concept formation of the clusters. The FT tree constructed and the minimum

support threshold obtained is 4.
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Figure 7.5: Preprocessing and Feature Selection

The closed frequent itemsets obtained along with their corresponding frequen-

cies are

1. ‘dog’ with frequency 9

2. ‘inform’ with frequency 8

3. ‘breed’, ‘club’, ‘dog puppi’, ‘link’, ‘linux’, ‘mar’, ‘site’ and ’websit’ with

frequency 5

4. ‘breed dog’, ‘dedic’, ‘free’, ‘gener’, ‘group’, ‘hunt’, ‘includ’, ‘kennel’, ‘offici’,

‘page’, ‘person’, ‘rescu’, ‘research’, ‘resourc’, ‘search’, ‘small’, ‘standard’, and

‘web’ with frequency 4

The Feature centric clustering algorithm developed in chapter 5 is used to

identify the subtopics of the query. Each cluster will have a set of closed frequent

itemsets that form the concept for the cluster. Out of these closed frequent item-

sets, the most dominating one is picked up and it is converted to human readable

form by adding stopwords and mapping to the unstemmed terms. The DFD de-

tailing this process is shown in Figure 7.6. The clusters obtained are shown below

with the cluster label and the number of search results in each cluster:

1. “dog” with 14 results

2. “Mars” with 6 results

3. “information” with 6 results

4. “research” with 5 results

5. “hunting” with 5 results

6. “Linux” with 5 results
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Figure 7.6: DFD for the Clustering Process

7. “links” with 5 results

8. “personal” with 3 results

9. “sites” with 3 results

10. “generally” with 3 results

11. “dedicated” with 3 results

12. “clubs” with 2 results

13. “rescue” with 2 results

14. “clubs” with 2 results

15. “includes” with 2 results

16. “page” with 2 results

17. “website” with 2 results

18. “OTHER” with 9 results

7.3.4 Classification of the search results

The Hybrid classifier (presented in Chapter 3) using CvDT (discussed in Chapter

4) is used for the classification of search results. When the user cannot resolve

the ambiguity with the clusters and their contents, then user can utilize this

module for further analysis. Based on the user interaction, the subsequent results

are downloaded from the Search Engine. These are classified into the subtopics
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identified by the clustering algorithm. The DFD of this process is shown in Figure

7.7. With classification of twenty subsequent results, the updated clusters are

Figure 7.7: Classification Process

shown below:

1. “dog” with 21 results

2. “Mars” with 8 results

3. “information” with 7 results

4. “research” with 5 results

5. “hunting” with 5 results

6. “Linux” with 6 results

7. “links” with 6 results

8. “personal” with 3 results

9. “clubs” with 3 results

10. “sites” with 3 results

11. “generally” with 3 results

12. “dedicated” with 3 results

13. “rescue” with 3 results

14. “clubs” with 2 results
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15. “includes” with 4 results

16. “page” with 3 results

17. “website” with 2 results

18. “OTHER” with 12 results

7.3.5 Query Enhancement

Based on the user exploration, the base query used for search is enhanced by

using subtopic of interest for the user. The enhanced query is obtained by ap-

pending/modifying the base query through the cluster label of user choice. The

results of the enhanced query are gathered from search engines’ APIs, clustered

and presented to the user. The DFD shown in Figure 7.8 illustrates this module.

Figure 7.8: Query Enhancement Process

7.3.6 Visualization and User Interface

The clusters are displayed in folder tree method which is most familiar to all

users. Once the user search for the query, the displayed window is divided into

three regions: 1. horizontal query search space at the top, 2. left pane where

the clusters information is displayed and 3. right pane where search results with

snippets are. The MSE displays the clusters labels along with the count of the

results that form the cluster on the left pane and all the results gathered from

search engine(s) on the right pane. Whenever the user wants to explore a subtopic,

the corresponding cluster’s results are displayed in the right region to facilitated

exploration of the cluster contents. Beside each cluster label, an option to get

‘more’ results of the cluster is provided. This enables the user to gather search

results related to the cluster topic and see them after they are classified into
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the clusters which are already formed. A provision for retrieving the results of

enhanced query is provided, which gets triggered by the user interaction. The

DFD of this module illustrated in Figure 7.9.

Figure 7.9: Visualization Process

7.4 Demonstration

The input query is shown in Figure 7.10 for which the search results clusters are

shown in Figure 7.11. In Figure 7.11, the clusters are shown in the left side. The

Figure 7.10: Input Query

number of results grouped into each cluster are shown beside each cluster. The

right side contains all the results acquired initially (80 results in this demonstra-

tion). By clicking on a cluster (which is equivalent to selecting a topic of the

query), the cluster contents are displayed on the right side of the screen. Figure

7.12 shows the results of the cluster Programming. When ‘more’ associated with

a cluster is clicked, subsequent results are fetched from search engine. The newly

fetched results of the query conditioned on the cluster selected, are classified ac-

cording to the clusters. The appended clusters with these subsequent results are

shown in Figure 7.13. Clicking on a cluster will populate the enhanced query with

cluster label. The Refresh button is used to obtain Enhanced Query which is

the reformation of the initial query. A fresh query is formed with this reforma-

tion by clicking on the Refresh button. The procedure is available in Figure 7.14,

whose results are shown in Figure 7.15.
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Figure 7.11: Query Results

7.5 Comparison with Existing Clustering Engines

The clusters formed with the proposed MSE are compared with those of few

popular clustering algorithms. The clusters identified for the query “apple” with

the MSE, “iBoogie”, “carrot” and “yippy” are shown in figures 7.16, 7.17, 7.18

and 7.19 respectively.
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Figure 7.12: Topic Selection

Figure 7.13: Subsequent Results
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Figure 7.14: Selecting Enhanced Query

Figure 7.15: Enhanced Query Results
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Figure 7.16: MSE results Figure 7.17: iBoogie results

Figure 7.18: Carrot2 results Figure 7.19: Yippy results
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7.6 Conclusions

The proposed MSE identifies the subtopics related to the query posed by the user

and provides the interface to explore various subtopics related to the query. This

facilitates the user to quickly narrow down the search to his/her topic of interest by

selecting the folder (cluster label). When the user feels that the results of a cluster

are not sufficient, then the choice of subsequent results through ‘more’ option will

be useful. This option gathers subsequent results from the search engine(s) and

classifies according to the clusters formed initially. The proposed MSE also allows

the user to refresh the search results through enhanced query, where in, fresh

clusters for the enhanced query are made available.
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CHAPTER 8

Conclusions

A Meta Search Engine (MSE) is developed in this thesis to address query ambigu-

ity problem. The MSE is an integration of the machine learning tools developed

as part of the research. Hence, user interaction is only for query input, selection

of subtopic for subtopic exploration and query enhancement. The MSE is capable

to organize the search results into folders according to the labels of the clusters,

which are arrived by the labeling mechanism based on the content of the cluster.

These folders reflect the nature of polysemantic queries.

The clustering method developed is capable to cluster the search results and

generate meaningful cluster labels. The classifier designed is used to gather sub-

sequent search results and classify them according to the clusters, to give enough

knowledge about the query and subtopics of the query. The query enhancement

is guided by the cluster labels and the consistency analysis method demonstrated

in this thesis.

A feature selection method is developed based on Expectation Maximization

to promote the clustering and classification methods. The thresholds used in

the developed tools are arrived based on the data, adaptively without human

intervention.

The proposed MSE offers the following benefits:

1. The MSE has the potential to provide better insight as well as enough di-

versity to take apt decisions, to focus on the subtopic of user interest for

polysemous queries.

2. User is free from the burden of learning the subtopics of polysemantic queries.

The energies of human can be driven towards his focused area rather than

learning from web pages.

3. The current approach followed by search engines is linear list of ranked search

results. Through the proposed MSE, it becomes non-linear, which allows the

user to jump to a topic.

4. All the search results of a subtopic are grouped and presented as a folder.

This enables the user to get enough knowledge about a topic. Further,
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through subsequent search/query reformation, the user can gather adequate

information to satisfy his/her information need.

5. The time taken by the MSE to facilitate any feature is very little (on the

order of a second). Thus the MSE has negligible latency / response time.

The hybrid classifier developed in this thesis produces shorter rules with out

loosing the accuracy. This feature is possible through the effective dimensional-

ity reduction due to the meaningful dimension enhancement. Time required for

classification using this approach turned out to be significantly low.

The criterion for splitting a node in a decision tree with the the proposed

CvGain measure yielded decision trees with low computational cost. Hence, CvDT

is suitable for agent based and on line applications.

Greedy incremental clustering method developed in this thesis is demonstrated

to form the clusters without the knowledge of the number of clusters. The cluster-

ing algorithm follows machine learning approach, the parameters used are adap-

tive, whose values are picked up by the method based on the data. The clustering

algorithm is designed to work for numeric data (object centric) and text data

(feature centric).

It is recommended that the tools developed: Snow ball clustering method,

Hybrid classifier and CvDT serve as data mining tools based on the validations

carried out on the benchmark datasets. The soft computing solutions with these

tools are expected to have an edge over the traditional approaches.

Future scope

The event log history of the user at the snapshot of using the MSE can be uti-

lized to the machine learning module considering as relevance feedback for further

enhancement of the performance of the MSE. External resources like Wikipedia,

Wordnet, ODP etc can be integrated in MSE like other SRC engines.

Problems like XOR that are hard to be modeled by decision trees can be

addressed by implicit IA and appropriate IA with non linear forms.

As CvDT has low model building time, it can be extended to various paradigms

like distributed and parallel, it can be evaluated by considering the philosophy

given in Section 4.8.4 of chapter 4. The distributed construction of CvDT through

Map Reduce can bring out the scalable aspects of CvDT. Adaptability and the

Limitations of CvDT in various paradigms need thorough investigation.
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