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ABSTRACT

CLUSTER LABELING IMPROVEMENT BY
UTILIZING DATA FUSION AND WIKIPEDIA

Gökçe Ayduğan

Msc. in Computer Engineering

Advisor: Fazlı Can

July 2017

A cluster is a set of related documents. Cluster labeling is the process of assign-

ing descriptive labels to clusters. This study investigates several cluster labeling

approaches and presents novel methods. The first uses clusters themselves and

extracts important terms, which distinguish clusters from each other, with dif-

ferent statistical feature selection methods. Then it applies different data fusion

methods for combining their outcomes. Our results show that although it pro-

vides statistically significantly better results for some cases, it is not a stable and

reliable labeling method. This can be explained by the fact that a good label

may not occur in the cluster at all. The second exploits Wikipedia as an external

resource and uses its anchor texts and categories to enrich the label pool. Label-

ing with Wikipedia anchor text fails because the suggested labels tend to focus

on minor topics. Although the minor topics are related to the main topic, they

do not exactly describe it. After this observation, we use categories of Wikipedia

pages to improve our label pool in two ways. The first fuses important terms and

Wikipedia categories with rank based fusion methods. The second looks related-

ness of Wikipedia pages to the clusters and use only categories of related pages.

The experimental results show that both methods provide statistically signifi-

cantly better results than the other cluster labeling approaches that we examine

in this study.

Keywords: Cluster Labeling, Data Fusion, Wikipedia.
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ÖZET

VERİ BİRLEŞTİRME VE WİKİPEDİA KULLANARAK
KÜME ETİKETLEMENİN İYİLEŞTİRILMESI

Gökçe Ayduğan

Bilgisayar Mühendisliği, Yüksek Lisans

Tez Danışmanı: Fazlı Can

Temmuz 2017

Bir küme ilgili belgelerin bir araya gelmesiyle oluşur. Küme etiketleme, kümelere

tanımlayıcı etiketler atama işlemidir. Bu çalışma, çeşitli küme etiketleme

yaklaşımlarını incelemekte ve yeni yöntemler sunmaktadır. İlki kümelerin

kendilerini kullanır ve farklı istatistiksel özellik seçim yöntemleriyle kümeleri

birbirinden ayıran önemli terimleri çıkarır. Daha sonra onların sonuçlarını

birleştirmek için farklı veri birleştirme yöntemleri uygular. Sonuçlarımız, bazı du-

rumlarda istatistiksel olarak daha iyi sonuçlar vermesine rağmen bu yöntemin is-

tikrarlı ve güvenilir bir etiketleme yöntemi olmadığını göstermektedir. Bu durum

iyi bir etiketin kümede bulunmayabileceği gerçeğiyle açıklanabilir. İkinci yöntem

Wikipedia’yı harici bir kaynak olarak kullanır ve etiket havuzunu zenginleştirmek

için bağlantı metinleri ve kategorilerinden faydalanmaktadır. Bağlantı metinleri

kullanılarak önerilen etiketler ikincil temalara odaklanmaya meyilli olduğundan

bu yöntem başarısız olmuştur. Her ne kadar ikincil temalar birbirleriyle ve ana

temayla ilgili olsalar da tam olarak ana temayı tanımlamıyorlar. Bu gözlem

sonrasında, etiket havuzumuzu iyileştirmek için Wikipedia sayfalarının katego-

rilerini iki şekilde kullanıyoruz. Birincisi, önemli terimleri ve Wikipedia kate-

gorilerini sıra esaslı birleştirme yöntemleriyle birleştirir. İkincisi Wikipedia say-

falarının kümelere olan ilişkinliğine bakar ve yalnızca ilişkili safaların kategori-

lerini kullanır. Deneysel sonuçlar, her iki yöntemin de bu çalışmada incelediğimiz

diğer küme etiketleme yaklaşımlarına göre istatistiksel olarak daha iyi sonuçlar

verdiğini göstermektedir.

Anahtar sözcükler : Küme etiketleme, Veri Birleştirme, Wikipedia.
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Chapter 1

Introduction

1.1 Motivation

As the digital age thrives, internet becomes the first choice of people for infor-

mation. There are news websites, a variety of blogs on specific topics, such as

science, cooking etc., and digital encyclopedias that are updated and improved

frequently. There are also loads of forums, which are facilities on internet for

users to share information or opinions on a particular topic, personal blogs and

social media platforms, such as Twitter and Facebook, that people share contents

constantly.

Search engines are software systems designed to search for information on either

the platform they belong to or web, to find the information people are looking for

online. Search engines provide results to the user generally in a form that contains

the title, a small piece or brief extract, namely snippet, and a link to the result.

Figure 1.1 shows the search results retrieved for the query ”Bilkent University” by

Google [1], the most popular web search engines, in the described format. Since

the engines collect a vast amount of results from many resources, the user can

not efficiently find the desired results manually in a short time [2]. Thus, large

document collections usually require an organized and understandable format to

1



CHAPTER 1. INTRODUCTION 2

Figure 1.1: Screen-shot of a query search on Google for query ”Bilkent Univer-
sity”.

present the data to the users. Addressing this problem, researchers widely use

clustering algorithms [3, 4].

Clustering is the problem of gathering a set of documents into coherent groups

where documents within a group are as similar as possible and documents in

different groups are as dissimilar. However, even if an algorithm achieves a perfect

clustering, users still have to guess the content of each cluster to find the desired

results.

Cluster labeling is the task of finding meaningful word or word group for each

cluster. The aim here is to enhance usage of user interactive platforms and

decrease the time needed for search. Figure 1.2 demonstrates an open source

search result clustering engine called Carrot2 [5]. It collects search results from

different search engines and applies clustering and labeling onto these results

before presenting to the user. When users pick the cluster more relevant to their

query, Carrot2 shows the result snippets of relevant cluster. Yippy search engine

also provides clustered and labeled results for given query [6].
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Figure 1.2: Screen-shot of a query search on search result clustering engine
Carrot2. Clusters are shown in the left side with a number in parenthesis to
point the number of snippets under that cluster.

Cluster labeling methods can be studied under two headings; direct and indirect

cluster labeling methods. In direct cluster labeling methods, labels are extracted

from the cluster itself. One way to extract labels is the use of statistical tech-

niques, such as feature selection methods [7]. Different document parts like titles,

anchor texts or named entities are also utilized for labeling. Although these meth-

ods may work for specific datasets, they usually fail because this approach relies

on two assumptions; (i) the correct label exists in the documents, (ii) the corpus

is rich enough to identify a label. In most cases, a good label may not occur

directly in the cluster at all. Furthermore, extracted terms may represent mi-

nor topics of the clusters, even though they are related to each other and to the

cluster. Indirect cluster labeling enhances the cluster labels by using an external

resource. Wikipedia [8] is the largest electronic encyclopedia in in several lan-

guages. Its nature that allows users to edit and enter data makes Wikipedia the

most popular external resource.
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1.2 Methodology

Statistical feature selection techniques are utilized to extract important terms,

i.e. distinguishing terms for a cluster, as labels [7]. In this thesis, we fuse the

important terms extracted by different techniques to provide a more indicative

important terms list. Although different feature selection methods extract similar

terms, they put these terms into different ranks. We aim to find a term’s real

importance to the cluster by fusing its results from different methods.

In literature, categories and titles of Wikipedia pages are used for cluster labeling

(see Section 2.2). In existing methods, Wikipedia pages are retrieved against a

query which consists of a combination of important terms of a cluster. We first

experiment with fusing these categories with important terms of the clusters.

We then retrieve Wikipedia pages by looking at their relatedness to the clusters

and use only their categories in addition to important terms by applying data

fusion methods. We obtain statistically significantly better results than examined

methods with this approach.

Moreover, we experiment with anchor texts of Wikipedia pages as labels. An

anchor text is a clickable word or phrase as a hyperlink which redirects to other

Wikipedia pages. If an anchor text appears in a Wikipedia page we know that is

relevant to the cluster, it can be a good descriptor . We use anchor texts that are

in the abstracts of Wikipedia pages. After obtaining related anchor texts, they

are fused with important terms of the clusters and the labels are picked among

these fused candidates.

We evaluate our system by utilizing some existing evaluation metrics in literature,

and measure how accurate our system works and how fast, in terms of suggesting

order, we find the correct label.
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1.3 Contributions

In this thesis, we experiment several labeling approaches which are based on using

important terms of the clusters and Wikipedia as external resource. We design

the following new methods to obtain better labeling for clusters:

• We fuse the results of the feature selection methods in different ways to

re-rank important terms of clusters.

• We use anchor texts of Wikipedia pages to enrich label pool which consist

of the important terms of the cluster itself.

• We fuse Wikipedia categories with important terms of the clusters with

different data fusion methods.

• We find relevant Wikipedia pages to the clusters and use only their cate-

gories to enrich label pool.
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1.4 Organization of the Thesis

This thesis is arranged as follows:

• Chapter 1 introduces the cluster labeling task and gives the motivation,

methodology and contributions of this thesis.

• Chapter 2 presents the related work about cluster labeling problem and

evaluation metric we used.

• Chapter 3 explains the baseline and proposed methods in details.

• Chapter 4 focuses on performance measures used for cluster labeling task.

• Chapter 5 introduces the test collections, experimental settings and results

with a discussion.

• Chapter 6 concludes this thesis with possible future pointers.



Chapter 2

Related Work

2.1 Labeling with Cluster Content

Early cluster labeling approaches naively labels the clusters with important terms,

which qualify the relevant cluster in contrast to other clusters. Important terms

are extracted from the cluster content, i.e. direct cluster labeling, by using any

statistical feature selection methods.

The most straightforward method to extract important terms is selecting the

most frequent terms in the cluster. This approach is tend to put over-represented

terms forward and this may cause all clusters get similar labels. Weighting and

punishing frequency techniques used to overcome this problem. One of the earliest

approaches is Scatter/Gather [7]. This approach first removes the stop words

which are the most common words in a language and do not contain important

significance to any topic. Then, labels the clusters with a list of words which are

the terms with the highest weights in the cluster centroid. tf-idf and Okapi BM25

are other common feature selection methods which focus on over-representing

problem [9].

7
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Geraci et al. [10] used a modified version of Information Gain Measure to de-

tect important terms . Mutual Information(MI) and Jensen-Shannon Diver-

gence(JSD) methods are other common statistical feature selection methods to

extract important terms [9].

Instead of a single word, phrases are also used as labels. Osinski et al. [11] extracts

frequent phrases by using suffix arrays and Singular Value Decomposition (SVD).

Treeratpituk et al. [12] constructs phrases using n-gram approach and extracts

the ones with high scores which is calculated by considering document and term

frequencies. Chinthala et al. [13] uses a relational graph representation algorithm

to rank the phrases and uses top-weighted phrases as cluster labels. Kumar et

al. [14] uses n-gram filtration technique to extract the key phrases for scientific

domains.

2.1.1 Labeling with Different Parts of Documents

There are several works focus on different document parts to extract the labels.

Named-entities [2], hyperlink anchors [15], titles of documents [7] and text sum-

marization techniques [16] are used for labeling in convenient datasets.

2.1.2 Labeling with Cluster Hierarchy Information

Hierarchy between the clusters is utilized to assign importance of terms, labels

are selected from the word distribution in the hierarchy. By using hierarchical

information between the clusters, labels become not only descriptive but also

discriminate the cluster from its parent and sibling clusters.

Popescul et al. uses χ2 Test to detect the difference in word distribution across the

hierarchy [17]. In this approach, χ2 Test detects the terms which likely to occur

in any of the subclusters of the current cluster and detected terms are removed

from every subcluster since they are not descriptive. The labels are extracted

from the remaining words according to their frequency.
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On the web based datasets, the anchor text joint with the in-links to the cluster

web pages are taken into count as labels [15]. Treeratpituk et al. [12] uses a

supervised learning based approach for labeling by weighting terms according

to different term importance measures depending on parent-child relationships.

Since there is a need for training data, this method becomes unsuitable.

Although using cluster hierarchy may provide good labels, this method requires

hierarchy information of clusters and this may not be provided all the time.

2.2 Labeling with External Resources

Looking for labels only in cluster content fails in many cases as it is explained

in Section 1.1. In order to cover this failure, researchers start to use external

information to enhance cluster labeling. There are plenty of works that utilize an

external resource to extract the cluster labels, i.e. indirect cluster labeling.

Wordnet is a lexical database for English language. It classifies synonyms and

provides short definitions [18]. Chin et al. [19] use Wordnet for cluster label-

ing task to aggregate the deeper meanings of documents by extracting the root

meaning of important terms and determining semantic relationships among these

terms. However, Wordnet has an important limitation; it contains rare senses

such as computer means that person who computes. It has lack of domain spe-

cific senses and a poor coverage of proper nouns.

Freebase was1 a large knowledge base with structured data gathered from many

sources such as Wikipedia [20]. Cheung et al. [21] use Freebase concepts for label

extraction task. However, its structure was very flat and uninformative.

DBpedia [22] is a knowledge base which extracts structured information from

Wikipedia in the form of an openly accessible. Hulpus et al. [23] use graph of

1It has closed on 2 May 2016.
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DBpedia and generates labels by using a graph-based labeling approach. Draw-

back of this approach is the assumption that as the concepts of a topic are related,

they should be close in the DBpedia graph.

Wikipedia is a free online encyclopedia which allows the users to post and edit

the articles [8]. This posting and editing features make Wikipedia to have huge

amount of updated information. Because of this nature, Wikipedia is the most

popular external resource in Information Retrieval Systems like text categoriza-

tion [24], clustering [25] and semantic relatedness tasks. For instance, it is used

to measure semantic relatedness between concepts[26, 27]. Likewise, Wikipedia’s

category graph is used to find concepts common to a documents to describe doc-

uments [28].

In favour of cluster labeling tasks, Wikipedia is used often. Its category network

is used for identifying document topics [29]. In addition to important terms of

a cluster, Wikipedia titles and categories of related pages are used to enrich the

label candidates [30]. Wikipedia’s hierarchical information is also used for cluster

labeling [31]. There is also a work that uses data fusion to fuse important terms

and Wikipedia categories in order to generate a label candidate list [32].

Wikipedia categories are used more often than other parts of Wikipedia to en-

hance cluster labeling [30, 32]. The Wikipedia pages whom categories will be

used are retrieved against a query which is constructed by merging top-n impor-

tant terms. n denotes the number of terms the query contains and optimal n

number is decided by experiments. The important terms to generate the query

are generally extracted by JSD.

2.3 Evaluation of the Labeling Systems

In terms of evaluation of the labeling systems, there is a lack of a standard.

Nevertheless, most of the previous works are evaluated by their ability to produce

a label for each cluster. Two labels, the candidate and the real, are considered
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equivalent when one is identical, an inflection, or a Wordnet’s synonym of its

provisions [12].



Chapter 3

Enhanced Cluster Labeling

3.1 Important Term Extraction

The standard approach for cluster labeling is the usage important terms as la-

bels. Important terms are best representative for the cluster they belong and less

representative to others. Statistical feature selection methods are used to extract

important terms. We examine different methods for important term extraction

task.

3.1.1 Term Frequency

Term Frequency (tf) is a statistical method that states how important a word is

to a document in a collection or corpus [33]. Term frequency to a document is

computed by dividing the number of times term t appears in a document to the

total number of terms in the document. After this process is completed for all

documents of a cluster, term frequency to a cluster is then computed by taking

the average of all term frequencies to documents. Terms are weighted according

to their tf scores. The motivation behind this is that the weight of a term that

occurs in a document is proportional to the term frequency [34].

12
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Okapi-BM25

Term frequency method is tend to put over-represented terms forward and this

may cause all clusters to get similar labels. Furthermore, the most frequent terms

are usually the words that are more general, not specific to a topic. Hence, Okapi-

BM25, i.e. Best Match 25, calculates an optimized score for terms by punishing

too many occurrence [35]. BM25 uses inverse document frequency, idf, approach

which decreases the weight of terms that occur very frequently in the cluster and

increases the weight of terms that occur rarely:

idf(t,D) = log2
N

df
(3.1)

where df and N stand for document frequency and total number of documents

in the collection respectively. Therefore, score of given a term t in document D

is:

score(t,D) =
tf× (k + 1)

k × (1− b+ b× |D|
avdl

+ tf)
× idf(t,D) (3.2)

where |D| and avdl stand for document length and average document length

respectively. Here k and b are tuning parameters.

After this process is completed for all terms of a cluster, score of a term to a

cluster is computed by taking the average of all scores to documents and terms

are weighted according to their scores.

3.1.2 Mutual Information

In terms of mutual information (MI), the purpose of feature selection is to find a

feature set S with m features, which jointly have the largest dependency on the

target cluster c [9]. MI measures how much information the presence/absence of
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a term contributes to making the correct classification decision on cluster c and

aims to extract the terms which provide maximum dependency to the cluster and

minimum redundancy.

I(U ;C) =
∑

et∈{1,0}

∑
ec∈{1,0}

P (U = et, C = ec)log2
P (U = et, C = ec)

P (U = et, C = ec)′
(3.3)

where U is a random variable that takes et = 1 in presence of the term in the

cluster and et = 0 vice versa. Similarly, C is a random variable that takes ec = 1

in presence of the document contains term t in the cluster and ec = 0 vice versa.

The more detailed formula for MI is given in Equation 3.4;

I(U ;C) =
N11

N
log2

NN11

N1.N.1

+
N01

N
log2

NN01

N0.N.1

+
N10

N
log2

NN10

N1.N.0

+
N00

N
log2

NN00

N0.N.0

(3.4)

where the Ns are counts of documents that have the values of et and ec. For

example, N10 is the number of documents which contain t (et = 1) and are not in

the cluster c (ec = 0). N1. = N10 +N11 is the number of documents that contain

t t(et = 1) and we count documents independent of class membership (ec ∈ 0, 1).

N = N00 +N01 +N10 +N11 is the total number of documents.

After all terms in the cluster C are scored, the terms provide maximum depen-

dency to the cluster and minimum redundancy are extracted as important terms

of the cluster C.
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3.1.3 χ2 Test

In statistics, the χ2 test is applied to test the independence of two events, where

two events A and B are defined to be independent if P (AB) = P (A)P (B) or,

equivalently, P (A|B) = P (A) and P (B|A) = P (B). In cluster labeling, it is

used as a feature selection method where the events are replaced with a term and

cluster itself [17]. χ2 score of the terms are computed as follows:

χ2(D, t, c) =
∑

et∈{0,1}

∑
ec∈{0,1}

(Netec − Eetec)
2

Eetec

(3.5)

where et and ec are defined in Equation 3.3, N is the observed frequency in D
and E is the expected frequency. E is computed as follows:

Eetec = N × P (t)× P (c) (3.6)

where N is the total number of documents. If we map the Equation 3.5 to the

notation used in Section 3.1.2, the computation of χ2 is as following;

χ2(D, t, c) =
(N11 +N10 +N01 +N00)× (N11N00 −N10N01)

2

(N11 +N01)× (N11 +N10)× (N10 +N00)× (N01 +N00)
(3.7)

After all terms in the cluster C are scored with χ2, the terms are ranked in

descending order.

3.1.4 Correlation Coefficient

The Correlation Coefficient (CC) is the quantification of correlation and depen-

dence of the terms. The aim here is to find labels which are highly correlated
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with the cluster, yet uncorrelated to other labels [36]. Let xi be a feature;

CC(D, t, c) = maxx∈{0,1}n

[
(
∑n

i=1 aixi)
2∑n

i=1 xi +
∑

i 6=j 2bijxixj

]
(3.8)

After all terms in the cluster C are scored with CC, the terms are ranked in

descending order.

3.1.5 Jensen-Shannon Divergence

Jensen-Shannon Divergence (JSD) is a symmetric version of Kullback-Leibler Di-

vergence, which is a measure of the difference between two probability distribu-

tions P and Q in information theory [37]. It measures distances between objects,

namely set of documents and queries. JSD is chosen over other distance measures

because when measuring distances between objects (documents or queries), the

collection statistics are naturally associated into the measurements [38].

JSD is utilized for important term extraction in cluster labeling task. In cluster

labeling task, clusters are used as set of documents and terms of a cluster are

used as queries. Each term in a cluster is scored according to its contribution to

the JSD distance between the cluster C and other clusters. Given t ∈ T where T

stands for terms, score of a term t is computed as follows:

JSDscore(t) = P (t)× log P (t)

M(t)
+Q(t)× log Q(t)

M(t)
(3.9)

where

M(t) =
1

2
(P (t) +Q(t)) (3.10)

for distributions P (t) and Q(t) over the term t in the cluster and the entire

collection respectively. Distribution of a term to a cluster/collection is computed

as follows;
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P (t|x) = λ× nt∑
t′∈T nt′

+ (1− λ)× Pc(t) (3.11)

where Pc(t) is the probability of the term t in the collection, λ is smoothing

parameter and nt is number of times t appears in x.

After the scores for all terms in the cluster C are computed, the terms maxi-

mize the JSD distance between the cluster C and other clusters are extracted as

important terms of the cluster C.

3.2 Data Fusion Methods

Data fusion is merging the retrieval results of multiple systems. A data fusion

algorithm accepts two or more ranked lists and merges them into a single ranked

list. The aim of data fusion is providing better effectiveness than all systems

used for data fusion. Therefore, we use data fusion to achieve better performance

than the individual systems involved in the process. Data fusion techniques are

examined in two main titles: Similarity Value Models and Rank Based Methods.

3.2.1 Similarity Value Based Methods

In these methods, terms are re-ranked according to their fusion score. Fusion

score of a term is calculated as the combination of the scores of the term in

the systems,which is used for data fusion. We utilize two of frequently used

similarity vale based data fusion methods, namely CombSUM and CombMNZ,

in our approach [39].

Let L[k](C) indicate the overall label candidate where each labeler L ∈ L pool for

cluster C. Label `’s score is calculated with given methods as follows:
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CombSUM(`|L)[k](C)) =
∑
L∈L

Snorm
L (`|C) (3.12)

CombMNZ(`|L)[k](C)) = #
{
`|L[k](C)

}
×
∑
L∈L

Snorm
L (`|C) (3.13)

where Snorm
L (`|C) denotes the normalized score from labeler L. In CombSUM

method, scores from the systems for the candidate ` is calculated as the summa-

tion of its normalized scores in all systems we use. In CombMNZ method on the

other hand, this summation is also calculated but the number of systems that

offer candidate ` is also considered for score calculation. After the the terms are

re-ranked, they are offered as labels according to their new order.

3.2.2 Rank Based Methods

In these methods, a term’s new fusion rank is calculated by using its rank positions

in the systems used in data fusion. Here the scores are not considered, only the

rank information is utilized for fusion. We use three different rank based fusion

methods in our approach [40].

Rank Position (Reciprocal Rank) Method

New rank of a terms is calculated by using equation 3.14 where i indicates the

term and j is the system index. Here, the inverse of the rank positions come from

the systems are summed up and than the inverse of this summation is considered

as the new rank. The lower rank, namely top positions, a term has in a system,

the more it contributes to its new rank. After the calculation of all ranks, terms

are sorted in non-decreasing order.

r(di) =
1∑

j
1

pos(dij)

(3.14)
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Borda Count Method

In a system which is consisted of n terms, terms are scored n to 1 from the

highest rank to the lowest one. After this method is applied to all systems in the

set, the scores for a term is added up and the terms are ranked in descending

order [41].

Condorcet Method

In this method, candidates are ranked in the order of preference. The procedure

then takes into account each preference of each system for one candidate over

another. The Condorcet voting algorithm specifies the winner as the candidate,

which beats each of the other candidates in a pair wise comparison. In the

procedure, we compare each candidate term with others in all systems and record

the counts of wins, loses and ties between two candidates. After this counting

step, we look at the wins the terms totally get and rank the terms according to

their winning counts in descending order.

3.3 Cluster Labeling with Wikipedia

We utilize Wikipedia anchor texts and categories for enhancing labeling. In order

to use Wikipedia, we first generate a search index from latest available Wikipedia

dump [42] using Apache Lucene Solr search platform [43]. We propose three

methods for labeling; (i) using Wikipedia anchor texts in addition to important

terms, (ii) extracting Wikipedia categories with existing methods and fusing them

with important terms with different methods and (iii) retrieving Wikipedia pages

by looking at their relevance to clusters and fusing their categories with different

methods.
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3.3.1 Cluster Labeling with Wikipedia Anchor Texts

In order to extract anchor texts from Wikipedia, we execute a query q against

Wikipedia. The query q is generated by roughly combining top − n important

terms which come from T (C) and are extracted by JSD. The result of this query

is a set of documents D(q) sorted in descending order which means that the higher

score, the more similar to the query q. For each d ∈ D(q), we use the anchor

texts of the abstract of d as label candidates, denoted as L(C).

Scoring Anchor Texts

In order to score anchor texts, we propagate the documents’, in which the anchor

text appears, score. Given ` ∈ L(C) where `;

score(`) =

∑TOP−N
d∈D(`) score(d)

TOP −N
(3.15)

where D(`) is the set of documents contain anchor text `, score(d) is the related-

ness score of the document d to the query that retrieves d and TOP −N is the

number of documents take into account.

Fusing Candidate Pools

Labels of clusters are proposed from a fused list which is generated by fusing

T (C), which is consisted of candidates from JSD which are the important terms

of the cluster C, and L(C), which is consisted of candidates from Wikipedia

extracted by using JSD important terms. There are two fusion methods used

in this approach; Normalization Based Fusion and Wikipedia Mapping Based

Fusion.
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Normalization Based Fusion: In this method, we merge the candidates

according to their original normalized scores. We first normalize the scores of all

terms in T (C) and L(C) to [0, 1] range by using feature scaling normalization

(Equation 3.16). Then top−K highest scored candidates are selected from these

sets as final candidates.

x′ = x−min(c)

max(x)−min(x)
(3.16)

Wikipedia Mapping Based Fusion: In this method, we map terms gen-

erated by JSD to Wikipedia in order to evaluate candidates in the same scaling

base. Similar to candidate extraction from Wikipedia, we assume each JSD can-

didate as a query, qJSD and execute these queries against Wikipedia. Using the

set of documents D(qJSD) come as the result, we calculate the mapped score of

important terms with a similar way we calculate anchor text scores;

∀` ∈ T (C) :

score(`) =
∑

d∈D(qJSD)

score(d)

position(`)× size(d) (3.17)

After normalization (Equation 3.16) of the scores, we generate final candidate

pool by taking the top−K highest scored candidates from these sets.

3.3.2 Cluster Labeling with Wikipedia Categories and

Data fusion

Extracting Wikipedia Categories with Existing Method

In traditional method, Wikipedia pages that will be used are retrieved against a

query q which consists of the important terms, T (C), where the query terms are

evaluated according to their relative importance in T (C) [30]. T (C) is generated
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by JSD method. Similar to Section 3.3.1, the result of this query is a set of

documents D(q) and for each d ∈ D(q), we use the categories of d as label

candidates, denoted as L(C).

Retrieving Related Wikipedia Pages

The existing method relies on the assumption that top − n important terms

suggested by a feature selection method are relevant to each other and to the

cluster. However, this assumption may not be true for different datasets and

feature selection methods may not be able to rank good descriptive terms at top

positions. Addressing to this problem, we use only related Wikipedia pages to

extract categories.

Finding Relevant Wikipedia Pages: Our method is inspired by the

work of Gabrilovich et al. [27]; they represent the terms as weighted vectors

of Wikipedia concepts and analyze the semantic relatedness between terms by

looking cosine similarity between their vectors.

We represent each important term of the cluster as a vector of Wikipedia pages;

vt∈T (C) =


P0

...

Pm

 (3.18)

where P0...m are Wikipedia pages that contain t. We use these vectors to find

relevant Wikipedia pages to the cluster. We hypothesize that if the number of

important terms of a cluster that the Wikipedia page contains is bigger than a

threshold θ, that Wikipedia page is relevant to the cluster. We use an inverted-

index to ease the calculations and represent each Wikipedia page with a vector

that consists of the important terms it contains. After constructing all page

vectors, we assign a Wikipedia page’s relevancy according to the length of its

vector; if the length is bigger than threshold θ, it is assigned as relevant. For each
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related Wikipedia page P , we use categories of P as labels candidates, denoted

as L(C).

Finding Threshold θ: For each Wikipedia page P which contains at least

one important term, we look at the length of vp to determine the number of

important terms P contains. After repeating this for all pages, then we assume

the most common biggest number as threshold θ.

Scoring Wikipedia Categories : SP Judge

For the purpose of scoring Wikipedia categories, we use Score Propagation (SP)

Judge [30]. For each candidate label ` ∈ L(C), an aggregated weight for `, which

represents the score propagation from D(q) to ` is calculated by summing over

the set of all documents in D(q) associated with label `:

w(`) =
∑

d∈D(q):`∈d

score(d)

n(d)
(3.19)

where n(d) denotes the number of candidate labels extracted from document d.

After scoring the labels, each label keyword kw is scored by summing the w(`)

which contains the keyword kw up:

w(kw) =
∑

`∈L(C):kw∈C

w(`) (3.20)

Finally, the score assigned to each candidate label ` is set by the average score

propagated back from its keywords:

SP (`|D(q)) =
1

n(`)

∑
kw∈`

w(kw) (3.21)



CHAPTER 3. ENHANCED CLUSTER LABELING 24

where n(l) denotes the number of unique keywords ` contains.

Fusing JSD Candidates and Wikipedia Categories

For cluster C, T (C) consists of JSD important terms and L(C) consists of

Wikipedia categories extracted by one of the methods explained above. We fuse

these candidate sets by methods given in Section 3.2 and use this fused set as

label pool. The novelty here is the usage of rank based fusion methods.
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Performance Measures

In this chapter, the evaluation metrics that are employed for assessing the success

of cluster labeling tasks are described. We use the ground truth information to

assess the success of the proposed methods. The more the proposed methods’

outputs resemble or suppress to the ground truth from cluster labeling aspect,

the better the performance becomes. We use a comparative strategy to derive

the relative performance of our approaches with respect to the state-of-the-art

ones.

4.1 Cluster Labeling Evaluation Metrics

In order to quantify performance of methods in a common way, we evaluate

suggested labels with a real label set which consists of manually generated labels

and their Wordnet synonyms for each cluster. A generated label for a given

cluster is considered correct if it is in this real label set[12]. We use exact match

for evaluation; a match is considered if and only if the generated label is as same

as with a label in the real label set or generated label cover the real one. Since

the rules defined for measurement are very strict, the evaluation scores of this

work should be considered as lower bounds of the system’s real performance.

25
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For a collection of clusters, the system offers up to k number of labels for each

cluster. In the lights of this knowledge, we use two different measures to evaluate

our system. The system’s effectiveness gets better for higher values for these

measure and lower values of k.

4.1.1 Match@k

Match@k measure shows the percentage of clusters for which at least one of the

top-k labels is correct. This measure returns 1 if at least one correct label is

proposed by the labeler among the top-k labels;

Match@k =
# of correct labels found in top-k labels

# of clusters
(4.1)

Table 4.1: Match@k and MRR@k values at k-position for sample results

Cluster First Match
Position

k Match@k MRR@k

C1 1 1 0.40 0.40
C2 1 2 0.60 0.50
C3 15 3 0.70 0.53
C4 2 4 0.70 0.53
C5 5 5 0.90 0.57
C6 2 6 0.90 0.57
C7 1 7 0.90 0.57
C8 1 8 0.90 0.57
C9 2 9 0.90 0.57
C10 5 10 0.90 0.57

Table 4.1 illustrates an example of measuring a labeling system. Suppose that

we have a sample dataset consists of 10 clusters and we know position of first

label match for each cluster. Match@k results for this labeling is calculated with

Equation 4.1 by using first match position and number of clusters in the system.
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4.1.2 Mean Reciprocal Rank (MRR@k)

The reciprocal rank is the inverse of the rank of the first correct label for an

ordered list of k proposed labels for a cluster. If there is no correct label in the

suggested labels, it gets zero. The mean reciprocal rank at k (MRR@K) is the

average of the reciprocal ranks of all clusters;

MRR@k =
k∑

i=1

# of correct labels found at ith position

# of clusters
(4.2)

Table 4.1 also illustrates the MRR@k results for the same sample results.

4.2 Statistical Tests

In order to determine whether the group of results are statistically significantly

different from each other, we use Student’s t-test.

Student’s t-test or shortly t-test is a statistical test that is used to analyze whether

the difference between two groups is coincidental or statistically significant by

comparing the means of groups.

Student’s t-test looks at the t-statistic, which is the test statistic in the test, the

t-distribution and degrees of freedom to determine the probability of difference

between populations. The formula for t-test is;

t =
µ̄1 − µ̄2√

s21
n1

+
s22
n2

(4.3)

where, µ̄1 and µ̄2 are means of group 1 and 2, s1 and s2 are standard deviation

of group 1 and 2 and n1 and n2 are total number of values in group 1 and 2

respectively.
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Result of t-test is interpreted by looking p-value, or calculated probability, of the

test. If p-value is bigger than 0.05, the groups are not significantly different from

each other. Otherwise, groups are significantly different from each other at a level

given in the Table 4.2.

Table 4.2: Statistical Significance levels according to p-value

p-value
Range

Significance
Level

≤ 0.05 *
≤ 0.01 **
≤ 0.001 ***
≤ 0.0001 ****
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Experimental Environment and

Results

5.1 Test Collections

In order to measure the performance of the proposed approaches, we perform

experiments in two publicly available datasets: 20 News Groups [44] and Open

Directory Project [45]. Since both datasets are clustered, clustering is not

tackled in this thesis.

The 20 News Groups (20NG) dataset is a collection of approximately 20,000

newsgroup documents, separated (nearly) evenly across 20 different newsgroups,

each corresponding to a different topic. Figure 5.1 demonstrates the list of the

20 newsgroups, separated according to subject matter.

The Open Directory Project (ODP) is a comprehensive human-edited directory

of the Web. It is constructed and maintained by a global community of volunteer

editors. We randomly picked 125 different categories from the ODP Hierarchy.

We use 125 topics documents from ODP and snippets of web pages under the

topics as documents. Figure 5.2 demonstrates the list of the topics, separated

29
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Figure 5.1: Topics of 20 Newsgroup Dataset.

according to subject matter.

5.2 Experimental Results

This section provides experimental setups and evaluation results for examined

approaches. We also present statistical test results in order to compare our ap-

proaches with baseline methods. Number of important terms considered as label

is denoted with k notation in this section. Previous cluster labeling works use

top−20 terms as labels, namely k ≤ 20. Since we aim to obtain better results, we

also examine the success of our methods for k ≤ 10. We present the results with

figures and t-test result tables. Tables of t-test results are given at Appendix A.

5.2.1 Baseline Experiments

Important Term Extraction

We experiment with Okapi-BM25, Correlation Coefficient (CC), χ2, Mutual In-

formation (MI), Jensen-Shannon Divergence (JSD) and Term Frequency (tf) fea-

ture selection methods [9] to extract important terms and find the best feature
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Figure 5.2: Topics of ODP that we use.

selection method. We use k = 50 and λ = 0.99 for JSD.

Among the experimented methods, JSD gives the best Match@k results for both

datasets. It provides the highest Match@k scores for 20NG before k = 10 and

for ODP around k = 15. MI also provides the best result for 20NG dataset while

it fails for ODP dataset. TF and BM25, on the other hand, provide the second

best results for both datasets. Results are demonstrated in Figure 5.3.

In terms of MRR@k measurement, MI provides the best results for 20NG dataset

for k < 10, while JSD does it for ODP dataset. JSD also gives the second best

results for 20NG dataset for k < 10. TF and BM25 provide similar and stable

results. Related results are shown in Figure 5.4.
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Figure 5.3: Match@k results for Feature Selection Approaches Experiments.

Figure 5.4: MRR@k results for Feature Selection Approaches Experiments.

Based on these results, we use JSD as important term extractor and baseline

method to evaluate performance of our methods.
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Enhancing Cluster Labeling with Wikipedia Categories

We utilize Wikipedia categories to enrich the label pool. We use the categories

alone as labels and in addition to important terms suggested by JSD.

We construct L(C) with categories of Wikipedia pages which are retrieved against

a query q. We use top-n important terms where n ∈ [5, 10] to generate the query

q in order to retrieve Wikipedia pages.

Figure 5.5: Labeling with Wikipedia categories alone experiment Match@k and

MRR@k results for 20NG dataset.

We observe that the optimal query lengths are 5 and 8 for 20NG dataset while

top − 5 terms query provides the best results among this approach for ODP

dataset. However, neither of the settings provide better results than JSD for

any of the datasets. Although top − 5 setting for 20NG closes to JSD in terms

of Match@k measurement, JSD suppresses all other methods.Related results are

shown in Figure 5.5 and Figure 5.6.

In order to fuse candidates of L(C) and T (C), we apply similarity value based,
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COMBSUM and COMBMNZ, fusion methods. Query length 5 provides bet-

ter results than other query results for both datasets and both fusion methods.

Hence, we use this this setting as baseline in addition to JSD results to compare

with our methods. Relevant results are shown in Figures 5.7, 5.8, 5.9 and 5.10.

Figure 5.6: Labeling with Wikipedia categories alone experiment Match@k and

MRR@k results for ODP dataset.

Figure 5.7: Baseline COMBMNZ fusion experiment Match@k results. Wikipedia

categories and JSD important terms are fused.
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Figure 5.8: Baseline COMBMNZ fusion experiment MRR@k results. Wikipedia

categories and JSD important terms are fused.

Figure 5.9: Baseline COMBSUM fusion experiment Match@k results. Wikipedia

categories and JSD important terms are fused.
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Figure 5.10: Baseline COMBSUM fusion experiment MRR@k results. Wikipedia

categories and JSD important terms are fused.

5.2.2 Fusion Experiments

In order to improve labeling quality, we apply data fusion methods among feature

selection results obtained in Section 5.2.1.

We experiment all the methods explained in Section 3.2 by fusing results in three

ways;

1. Fusing all feature selection methods

2. Fusing JSD and MI methods

3. Fusing JSD and TF methods
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Fusion of All Feature Selection Methods

In this experiment, we fuse all feature selection methods, BM25, CC, χ2, MI,

JSD and TF. We observe that rank based methods provide as good results as

JSD for 20NG. Furthermore, Reciprocal Rank method reaches best Match@k

value before all the other methods do. However, none of the fusion methods

even reaches the score JSD and TF provides for ODP dataset. Nevertheless,

Reciprocal Rank provides the best results among the data fusion methods. An

important observation here is that although they provides good Match@k results

for bigger k values, rank based methods are not better than feature selection

methods. Relevant figures for this experiment are Figure 5.11 and Figure 5.12

and t-test results are Table A.3 and Table A.4.

Figure 5.11: Fusion of All Feature Selection Methods Experiment Match@k Re-

sults.
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Figure 5.12: Fusion of All Feature Selection Methods Experiment MRR@k Re-

sults.

Fusing JSD and MI Methods

In this experiment, we fuse JSD and MI methods. As it is demonstrated in Figure

5.13, all the fusion methods provides similar results to JSD and MI methods for

20NG dataset but Condorcet method. However, none of the fusion methods

even reaches the results JSD provides for ODP dataset. We observe rank based

methods’ success among other in this experiment.

Figure 5.14 shows the MRR@k results for this experiment. Fusion methods pro-

vide similar results to baseline for 20NG dataset. In terms of ODP dataset,

none of the fusion methods provides good results for MRR@k measurement. Like

Match@k results, rank based methods provide best results among fusion methods.

As it is seen in Table A.5 and Table A.6, all fusion methods provide significantly

better results than JSD method for 20NG dataset but Condorcet method. It is

also observed that we do not obtain a significantly better result than JSD provide

for ODP dataset.
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Figure 5.13: Fusion of JSD and MI Methods Experiment Match@k Results.

Figure 5.14: Fusion of JSD and MI Methods Experiment MRR@k Results.
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Fusing JSD and TF Methods

In this experiment, we fuse JSD and TF methods. Borda Count, Condorcet and

COMBSUM methods provide better Match@k results than both JSD and TF for

20NG dataset when k = 15. However, it is not provided by MRR@k results.

For ODP dataset, rank based fusion methods provide better Match@k results

than similarity value based methods and if k is big enough, they reach JSD level.

As it is seen in Table A.7 and Table A.8, this fusion method provides better

results for both datasets than TF method and COMBMNZ provides significantly

better Match@k results than JSD method for 20NG dataset. Related results are

illustrated in Figure 5.15 and Figure 5.16.

Figure 5.15: Fusion of JSD and TF Methods Experiment Match@k Results.



CHAPTER 5. EXPERIMENTAL ENVIRONMENT AND RESULTS 41

Figure 5.16: Fusion of JSD and TF Methods Experiment MRR@k Results.

5.2.3 Wikipedia Experiments

We utilize Wikipedia to enrich our label pool and our aim is to provide better

labels for top − k positions. If a method provides good labels for all clusters

among top− k candidates, we assume it as a success.

Enhancing Cluster Labeling with Wikipedia Anchor Texts

We utilize Wikipedia anchor texts to enrich our label pool. We experiment n ∈
[5, 10] settings to generate the query q in order to retrieve Wikipedia pages. We

fuse the candidates in two different ways:

Normalization Based Fusion: JSD scores are normalized to [0,1] range

according to original JSD scores and anchor text are normalized to [0,1] range

according to their Solr based scores. JSD scores are very small numbers and there

is a big gap between the scores. Therefore, in normalized representation only a
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few candidates take values close to 1 and most of the terms take values close to 0.

Wikipedia scores, on the other hand, are closer to each other and there are not big

gaps between this scores. When we merge the candidates in these conditions, we

only take the top term of important terms and the rest of candidates, generally

k − 1 places, filled by Wikipedia candidates.

According to the results demonstrated in Table 5.1 , Wikipedia anchor text

dominated candidates are not good for labeling. The reason behind this may

be that the anchor texts concentrate on the minor topics in the man topic.

For instance, Table 5.1 shows that top-10 anchor text candidates for cluster

talk.politics.mideast. As it is seen, the candidates are related to the topic but

none of them describes exactly the main topic.

Table 5.1: Wikipedia anchor text candidates for topic ”talk.politics.mideast”

the planned systematic genocide negationist historical revisionism

235 to 270 armenian intellectuals nanking massacre denial

holocaust denial ottoman government

denialism armenians

republic of turkey constantinople

Wikipedia Mapping Based Fusion: We map JSD candidates to Wikipedia

to re-score them. We explore the effect of query size to labeling performance. For

this purpose, we repeat the experiments with using top-5 to top-10 JSD important

terms as query length of the Wikipedia search.

Although we manage to balance JSD - Anchor Text combination, the results show

that anchor texts do not enrich label pool. As it is shown in the Figure 5.17, JSD

method provides best result by itself. The reason behind these results may be

the same with Normalization Based Fusion results; since anchor texts tend to

represent minor topics, the candidates come from L(C) dirty the label pool. The

statistical test belongs to this experiment is given in Table A.2.

Since the method is not successful, we only experimented on 20NG dataset and
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do not apply the approach on ODP dataset, which is five times bigger and more

time consuming.

Figure 5.17: Wikipedia Anchor Text enrichment results for Match@k an MRR@k

measurements.

Enhancing Cluster Labeling with Wikipedia Categories

We first experiment a rank based data fusion approach on traditional category

extraction method. We fuse L(C) and T (C) label pools with Reciprocal Rank,

Borda Count and Condorcet methods. As baseline, we use COMBSUM and

COMBMNZ results of top-5 query for ODP dataset, and and JSD for both.

We observe that fusing candidates with rank based fusion method provides sta-

tistically significantly better results than similarity value based methods. For

20NG dataset, all rank based fusion results provide statistically significantly bet-

ter Match@k and MRR@k results than both JSD and similarity value based fusion

methods. For ODP dataset, rank based fusion methods suppress similarity value

based ones but JSD results are still the best. Relevant t-test results are given in

Table A.9 and Table A.10 and results are given in Figures 5.18, 5.19, 5.20, 5.21,
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5.22 and 5.23.

Figure 5.18: Reciprocal Rank method Match@k an MRR@k results for 20NG

dataset.

Figure 5.19: Reciprocal Rank method Match@k an MRR@k results for ODP

dataset.



CHAPTER 5. EXPERIMENTAL ENVIRONMENT AND RESULTS 45

Figure 5.20: Borda Count method Match@k an MRR@k results for 20NG dataset.

Figure 5.21: Borda Count method Match@k an MRR@k results for ODP dataset.
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Figure 5.22: Condorcet method Match@k an MRR@k results for 20NG dataset.

Figure 5.23: Condorcet method Match@k an MRR@k results for ODP dataset.

Our second experiment is the use of related Wikipedia categories in order to

enrich our label pool. We first consider L(C), which is generated with category

information of related Wikipedia pages, as only labels. We then fuse T (C) and
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L(C) with the same ways explained in Section 5.2.3.

We observe that even we use only categories of related pages, Wikipedia cate-

gories are not as descriptive labels as JSD for ODP dataset in terms of Match@k

measurement. On the other hand, it provides better results for 20NG. Fusion ex-

periments reveal that Condorcet method provides statistically significantly better

MRR@k results than JSD for ODP dataset while Reciprocal Rank provides best

Match@k results for the same dataset. Reciprocal Rank method also provides the

best Match@k and MRR@k results for 20NG dataset. We also observe that all

fusion methods provides better Match@k and MRR@k results for 20NG dataset

and each of them, but COMBSUM, are statistically significantly better than JSD

and traditional Wikipedia category usage approach. Results belong to this ex-

periment are shown in Figure 5.24 and Figure 5.25 and the t-test results are given

in Table A.11 and Table A.12.

Figure 5.24: Related Wikipedia usage method Match@k results.
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Figure 5.25: Related Wikipedia usage method MRR@k results.

5.3 Discussion

Baseline experiments on important term extraction methods show that JSD pro-

vides the best and most stable results for both datasets. The success of JSD is

an expected result since it scores terms according to their descriptiveness of the

relevant cluster. MI, on the other hand, is not stable although it also measures

the importance of a term to the relevant cluster by examining the term’s presence

and absence. Another observation in this experiment is that we need to increase

the number of labels presented, i.e. k value, to find the correct labels. For in-

stance, although JSD reaches its best result before k = 10 for 20NG dataset, it

cannot reach that level until k = 15 for ODP dataset. MRR@k score cannot

increase anymore although there are matches for k ≥ 15, because the score does

not grow for matches at high k positions because of the divider in the equation

4.2.

Fusing feature selection results provides better results than the worst method

in the system. However, we do not consider this as a success since JSD still
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suppresses all results. We observe that fusing the best two methods works better

than other fusion settings. This result is also expected because we increase the

importance of more related terms by fusing the systems that propose correct labels

at different positions. Since the second best methods provide good labels as well

as the first ones, fusion set is able to suggest good labels. For 20NG dataset, fusion

results become even better than JSD for big k positions. For ODP dataset, on

the other hand, JSD is still the best labeler for fusion of the best methods. The

reason behind this may be that since there are many clusters in the ODP dataset,

the methods obtain good results by providing correct labels for different clusters.

When we fuse the methods, we dirty important terms lists of correctly labeled

clusters. All fusion experiments show that fusing feature selection results may

provide good results for some cases but neither of the proposed fusion methods

in Section 5.2.2 is a stable and good approach for cluster labeling.

Contrary to what claimed in traditional methods, enhanced labeling with

Wikipedia categories provides worse results than JSD for ODP dataset. There

may be two reasons behind this. First, the number of clusters in ODP dataset

we used is smaller than both its original size and number of clusters that the

traditional method use. Second, we only use snippets of documents instead of

whole text. Hence, we work with less information and this results are expected

in this circumstances. Nevertheless, the important point here is that we ap-

ply methods on the same dataset and observe that our rank based fusion on

traditional Wikipedia categories usage method provides statistically significantly

better results than existing method for both datasets.

Usage of related Wikipedia categories results show that using related categories

by fusing JSD terms provides better results than background methods as well.

For ODP dataset, we obtain the best results among all examined methods with

this approach. For 20NG dataset, on the other hand, we obtain the best results

with rank based fusion on traditional Wikipedia categories and JSD important

terms.

As a conclusion, we enhance cluster labeling with Wikipedia and data fusion ap-

plications. Figure 5.26 and Figure 5.27 show that we have at least one method
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that suppresses background methods for both datasets and we obtain these re-

sults for k ≤ 10. Especially, we improve MRR@k results, which means that our

approaches find correct labels faster, namely for small k values.

Figure 5.26: Overall Match@k results.

Figure 5.27: Overall MRR@k results.



Chapter 6

Conclusion and Future Work

In this thesis, we investigate the cluster labeling problem and propose some novel

methods for its solution. We use data fusion and Wikipedia as an external re-

source.

Our main contributions are the use of (i) Wikipedia anchor texts, (ii) category

information of related Wikipedia pages, (iii) data fusion among feature selection

methods and (iv) employing rank based data fusion methods on Wikipedia-based

candidates and important terms.

We observe that applying data fusion methods on feature selection results is not a

stable method, although it achieves statistically significant results for some cases.

It highly depends on quality of cluster content. We also observe that Wikipedia

anchor text usage does not provide good labels at all, because it highly tends to

focus on minor topics instead of the main ones.

Our experiments also show that usage of category information of the related

Wikipedia pages provides statistically significantly better results than baseline

methods. Furthermore, ranked based fusion provides better results than the

existing fusion methods.

51
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Possible future work among others include:

• Different feature selection methods can be used for important term extrac-

tion task.

• We propose an intuitive method, this part can be extended by using con-

textual relatedness algorithms for detection of relatedness of a Wikipedia

page to a cluster.

• Our method can be extended by using it on hierarchical cluster labeling.
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Appendix A

Student’s t-test Results

This section provides tables of t-test results. The notations used in the t-test

tables are given in Table A.1.

Table A.1: Notations used in t-test tables and their meanings

Notation Meaning

RR Reciprocal Rank

BC Borda Count

CF Condorcet Fusion

BL Baseline

Categories Wikipedia Categories Alone

(!) Baseline method is better

* Statistically Significance Level

58
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Table A.2: t-test results for Match@k and MRR@k measurements; comparison

between Wikipedia Anchor Text Enrichment JSD methods

Measurement Method 1 Method 2 p-value

Match@k top-10 Queries (!) JSD 0.001428162520703

Match@k top-9 Queries (!) JSD 0.000130703393294

Match@k top-8 Queries (!) JSD 0.008483787616202

Match@k top-7 Queries (!) JSD 0.000135776653939

Match@k top-6 Queries (!) JSD 0.000504270576136

Match@k top-5 Queries (!) JSD 0.001897412589147

MRR@k top-10 Queries (!) JSD 7.00833280558535E-11

MRR@k top-9 Queries (!) JSD 5.10873049499656E-11

MRR@k top-8 Queries (!) JSD 2.89159617852186E-09

MRR@k top-7 Queries (!) JSD 4.38316715115777E-11

MRR@k top-6 Queries (!) JSD 8.1622212909887E-11

MRR@k top-5 Queries (!) JSD 1.37683426730213E-10
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Table A.3: t-test results for Match@k measurement; comparison between fusion
of all feature selection methods and JSD, MI and TF methods

Dataset Method 1 Method 2 p-value

20NG RR JSD 0.562048523701316
20NG BC JSD 0.214110729395245
20NG CF JSD 0.296672875356652
20NG COMBMNZ (!) JSD 2.95854028903133E-06
20NG COMBSUM (!) JSD 0.001998169360202
20NG RR MI 0.562048523701316
20NG BC MI 0.17131650734702
20NG CF MI 0.286521159595893
20NG COMBMNZ (!) MI 1.58175929957975E-06
20NG COMBSUM (!) MI 0.001329707856863
20NG RR *** TF 0.000132528802942
20NG BC **** TF 1.3874255864946E-07
20NG CF **** TF 1.38742558649459E-07
20NG COMBMNZ (!) TF 8.40179325287279E-05
20NG COMBSUM TF 0.064189489384891
ODP RR (!) JSD 1.08588421316818E-08
ODP BC (!) JSD 6.97037603708409E-12
ODP CF (!) JSD 1.11189177607185E-07
ODP COMBMNZ (!) JSD 7.01663224952775E-20
ODP COMBSUM (!) JSD 1.65987949144039E-18
ODP RR **** MI 1.9064629280706E-14
ODP BC **** MI 1.09868932604698E-05
ODP CF **** MI 3.65909161794125E-06
ODP COMBMNZ MI 0.237461865768669
ODP COMBSUM MI 0.726896789954546
ODP RR (!) TF 2.1718976903392E-05
ODP BC (!) TF 3.35582894589137E-11
ODP CF (!) TF 1.13888113898941E-06
ODP COMBMNZ (!) TF 6.98567602365019E-18
ODP COMBSUM Fusion (!) TF 3.67839014850835E-17
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Table A.4: t-test results for MRR@k measurement; comparison between of all
feature selection methods and JSD, MI and TF methods

Dataset Method 1 Method 2 p-value

20NG RR JSD 0.137179790080121
20NG BC (!) JSD 1.01973243364689E-05
20NG CF (!) JSD 2.8446253895386E-14
20NG COMBMNZ (!) JSD 1.27060000218568E-24
20NG COMBSUM (!) JSD 2.83817609567902E-21
20NG RR (!) MI 1.15908052026424E-0
20NG BC (!) MI 9.41813784122982E-08
20NG CF (!) MI 3.6316023924549E-11
20NG COMBMNZ (!) MI 6.07816437033216E-29
20NG COMBSUM (!) MI 1.39729798211529E-23
20NG RR **** TF 2.68664312348818E-14
20NG BC **** TF 2.82653947152926E-18
20NG CF **** TF 6.0329809157873E-17
20NG COMBMNZ (!) TF 4.06733725018086E-20
20NG COMBSUM (!) TF 1.16849038068725E-16
ODP RR (!) JSD 2.82101141121814E-24
ODP BC (!) JSD 1.19610326651818E-30
ODP CF (!) JSD 1.22027685306292E-27
ODP COMBMNZ (!) JSD 4.05616819945919E-28
ODP COMBSUM (!) JSD 2.75770751789392E-28
ODP RR **** MI 4.34705297659391E-20
ODP BC **** MI 9.90573928743807E-06
ODP CF **** MI 3.86000091224092E-07
ODP COMBMNZ (!) MI 1.83084736877885E-12
ODP COMBSUM (!) MI 3.42020277826909E-10
ODP RR (!) TF 1.19025957979218E-20
ODP BC (!) TF 2.06570082498923E-28
ODP CF (!) TF 4.69749992793944E-26
ODP COMBMNZ (!) TF 1.49153265879171E-25
ODP COMBSUM (!) TF 8.78598714331677E-26
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Table A.5: t-test results for Match@k measurement; comparison between fusion
of JSD and MI feature selection methods and JSD and MI methods

Dataset Method 1 Method 2 p-value

20NG RR **** JSD 1.34163269574219E-05
20NG BC JSD 0.71568210769426
20NG CF (!) JSD 2.84570026187837E-11
20NG COMBMNZ JSD 1
20NG COMBSUM JSD 1
20NG RR *** MI 0.000164146456073
20NG BC MI 0.71568210769426
20NG CF (!) MI 2.49569140281706E-10
20NG COMBMNZ MI 0.329876800921124
20NG COMBSUM MI 0.329876800921124
ODP RR (!) JSD 0.000638379527289
ODP BC (!) JSD 9.87825141477083E-12
ODP CF (!) JSD 9.76332225703011E-08
ODP COMBMNZ (!) JSD 0.001738981941553
ODP COMBSUM (!) JSD 6.4558774200089E-05
ODP RR MI 4.50241746371817E-13
ODP BC **** MI 4.3090158030576E-06
ODP CF **** MI 1.17351780833867E-07
ODP COMBMNZ **** MI 4.90592352605045E-17
ODP COMBSUM **** MI 1.33466546610358E-14
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Table A.6: t-test results for MRR@k measurement; comparison between fusion
of JSD and MI feature selection methods and JSD and MI methods

Dataset Method 1 Method 2 p-value

20NG RR **** JSD 1.00877341164551E-12
20NG BC **** JSD 1.30719769901275E-14
20NG CF JSD 0.474541175568276
20NG COMBMNZ **** JSD 1.83291552334941E-06
20NG COMBSUM **** JSD 1.83291552334941E-06
20NG RR **** MI 1.64416965250511E-11
20NG BC **** MI 5.00659456871093E-09
20NG CF MI 0.629264472476909
20NG COMBMNZ **** MI 1.98192248615346E-08
20NG COMBSUM **** MI 1.98192248615346E-08
ODP RR (!) JSD 9.56479615038737E-18
ODP BC (!) JSD 1.85963685791551E-30
ODP CF (!) JSD 2.43273153934076E-28
ODP COMBMNZ (!) JSD 1.0254081400073E-20
ODP COMBSUM (!) JSD 1.90113529746341E-22
ODP RR ***** MI 5.54146353476838E-14
ODP BC **** MI 2.53162538413064E-09
ODP CF **** MI 2.66424264886105E-10
ODP COMBMNZ **** MI 4.6664262765761E-24
ODP COMBSUM **** MI 7.60701618437508E-22
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Table A.7: t-test results for Match@k measurement; comparison between fusion
of JSD and TF feature selection methods and JSD and TF methods

Dataset Method 1 Method 2 p-value

20NG RR (!) JSD 0.000657641197247
20NG BC JSD 1
20NG CF JSD 0.6058264460289
20NG COMBMNZ * JSD 0.023503687490359
20NG COMBSUM (!) JSD 4.24926064712953E-08
20NG RR *** TF 0.000873193924967
20NG BC **** TF 1.39572201714682E-06
20NG CF **** TF 6.06992432291407E-06
20NG COMBMNZ TF -
20NG COMBSUM ** TF 0.004035915381627
ODP RR (!) JSD 7.53962211067587E-07
ODP BC (!) JSD 4.12750322330459E-05
ODP CF (!) JSD 7.00378384965856E-06
ODP COMBMNZ (!) JSD 1.4792426966652E-08
ODP COMBSUM (!) JSD 2.64749473795324E-08
ODP RR **** TF 5.29063195493788E-09
ODP BC **** TF 2.13882399099969E-10
ODP CF **** TF 6.45576568034008E-10
ODP COMBMNZ *** TF 0.000337881638031
ODP COMBSUM **** TF 1.81132672045322E-07
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Table A.8: t-test results for MRR@k measurement; comparison between fusion
of JSD and TF feature selection methods and JSD and TF methods

Dataset Method 1 Method 2 p-value

20NG RR Fusion (!) JSD 1.11845655577658E-15
20NG BC (!) JSD 3.90118780977518E-17
20NG CF (!) JSD 3.90118780977518E-17
20NG COMBMNZ (!) JSD 4.70755570270348E-21
20NG COMBSUM (!) JSD 1.3283984908089E-21
20NG RR **** TF 2.57362765343891E-16
20NG BC **** TF 1.24545759287621E-20
20NG CF **** TF 1.24545759287621E-20
20NG COMBMNZ TF -
20NG COMBSUM **** TF 6.53793551590934E-15
ODP RR (!) JSD 2.97864934206547E-17
ODP BC (!) JSD 2.87739973694992E-16
ODP CF (!) JSD 9.82214413113646E-18
ODP COMBMNZ (!) JSD 7.98063007648613E-22
ODP COMBSUM (!) JSD 1.32839849080882E-21
ODP RR **** TF 5.48221435507862E-20
ODP BC **** TF 5.10382198041387E-22
ODP CF **** TF 1.55256013363911E-22
ODP COMBMNZ **** TF 5.99044430439847E-11
ODP COMBSUM **** TF 3.28083490788349E-15



APPENDIX A. STUDENT’S T-TEST RESULTS 66

Table A.9: t-test results for Match@k measurement; comparison between rank
based fusion on JSD important terms and Wikipedia categories experiment and
baseline methods

Dataset Method 1 Method 2 P-value
20NG RR Top-5 ** JSD 0.008551024036844
20NG BC Top-9 **** JSD 8.11293066730326E-08
20NG CF Top-8 **** JSD 5.68674034183921E-09
20NG RR Top-5 BL COMBMNZ 0.329876800921124
20NG BC Top-9 * BL COMBMNZ 0.010630247654055
20NG CF Top-8 ** BL COMBMNZ 0.003094173167312
20NG RR Top-5 BL COMBSUM 0.379263294178221
20NG BC Top-9 * BL COMBSUM 0.010799794863909
20NG CF Top-8 ** BL COMBSUM 0.001863034280299
ODP RR Top-10 (!) JSD 3.52231431168244E-05
ODP BC Top-10 (!) JSD 2.41880876620541E-15
ODP CF Top-10 (!) JSD 1.58905118000479E-12
ODP RR Top-10 **** BL COMBMNZ 7.15615332948853E-18
ODP BC Top-10 **** BL COMBMNZ 1.12279151945909E-15
ODP CF Top-10 **** BL COMBMNZ 1.48270795861003E-13
ODP RR Top-10 **** BL COMBSUM 2.18053065125276E-18
ODP BC Top-10 BL COMBSUM 1.07599276971366E-18
ODP CF Top-10 BL COMBSUM 2.67716218711256E-18
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Table A.10: t-test results for MRR@k measurement; comparison between rank
based fusion on JSD important terms and Wikipedia categories experiment and
baseline methods

Dataset Method 1 Method 2 P-value
20NG RR Top-5 (!) JSD 0.008428038891409
20NG BC Top-9 **** JSD 3.26525342319315E-23
20NG CF Top-9 **** JSD 4.21607927282808E-20
20NG RR Top-5 **** BL COMBMNZ 3.23534722205703E-13
20NG BC Top-9 * BL COMBMNZ 7.61049677631259E-21
20NG CF Top-9 **** BL COMBMNZ 2.203292941607E-19
20NG RR Top-5 **** BL COMBSUM 3.23534722205703E-13
20NG BC Top-9 **** BL COMBSUM 7.61049677631259E-21
20NG CF Top-9 **** BL COMBSUM 2.203292941607E-19
ODP RR Top-5 (!) JSD 0.000337881638031
ODP BC Top-5 (!) JSD 2.47307238817738E-12
ODP CF Top-10 (!) JSD 5.14541813598413E-20
ODP RR Top-5 **** BL COMBMNZ 2.34486466918606E-21
ODP BC Top-5 **** BL COMBMNZ 1.32119903710128E-19
ODP CF Top-10 **** BL COMBMNZ 2.26724027090749E-25
ODP RR Top-5 **** BL COMBSUM 3.01060903698961E-24
ODP BC Top-5 **** BL COMBSUM 1.62467405892408E-23
ODP CF Top-10 **** BL COMBSUM 9.65215317845758E-32
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Table A.11: t-test results for Match@k measurement; comparison between label-
ing with related Wikipedia categories experiment and baseline methods

Dataset Method 1 Method 2 p-value

20NG Categories JSD 0.883953240065662
20NG RR **** JSD 4.29746039064809E-08
20NG BC *** JSD 0.000162311888685
20NG CF * JSD 0.029815024629699
20NG COMBMNZ JSD 0.069211523981632
20NG COMBSUM *** JSD 0.00096055460415
20NG Categories BL COMBMNZ 0.66626413769866
20NG RR * BL COMBMNZ 0.010925148585646
20NG BC * BL COMBMNZ 0.035808660160805
20NG CF BL COMBMNZ 0.673054585598752
20NG COMBMNZ BL COMBMNZ 0.550777966598613
20NG COMBSUM (!) BL COMBMNZ 0.076137663258065
20NG Categories BL COMBSUM 0.162549999029727
20NG RR * BL COMBSUM 0.019258922431286
20NG BC BL COMBSUM 0.26743305337947
20NG CF BL COMBSUM 0.162549999029726
20NG COMBMNZ BL COMBSUM 0.204405741694681
20NG COMBSUM BL COMBSUM 0.715682107694265
ODP Categories (!) JSD 1.78044867635316E-14
ODP RR JSD 0.248074215944981
ODP BC (!) JSD 1.78044867635316E-14
ODP CF JSD 0.358301320925533
ODP COMBMNZ (!) JSD 3.75269268847084E-14
ODP COMBSUM (!) JSD 1.45747427147518E-11
ODP Categories **** BL COMBMNZ 3.2763086229158E-11
ODP RR **** BL COMBMNZ 2.04771282755611E-19
ODP BC **** BL COMBMNZ 3.2763086229158E-11
ODP CF **** BL COMBMNZ 1.45004651685691E-14
ODP COMBMNZ **** BL COMBMNZ 4.13975267259753E-11
ODP COMBSUM **** BL COMBMNZ 4.27897702426464E-16
ODP Categories **** BL COMBSUM 7.91646531198734E-07
ODP RR **** BL COMBSUM 2.55662023887194E-19
ODP BC **** BL COMBSUM 7.91646531198734E-07
ODP CF **** BL COMBSUM 7.97039392081375E-12
ODP COMBMNZ **** BL COMBSUM 1.48554990260504E-06
ODP COMBSUM **** BL COMBSUM 2.12531761428686E-15



APPENDIX A. STUDENT’S T-TEST RESULTS 69

Table A.12: t-test results for Match@k measurement; comparison between label-
ing with related Wikipedia categories experiment and baseline methods

Dataset Method 1 Method 2 p-value

20NG Categories ** JSD 0.003416470311985
20NG RR **** JSD 4.09108728545242E-18
20NG BC **** JSD 7.8230062111051E-05
20NG CF **** JSD 8.48629662790371E-09
20NG COMBMNZ ** JSD 0.003416470311985
20NG COMBSUM * JSD 0.015271361252156
20NG Categories **** BL COMBMNZ 2.21397963174744E-17
20NG RR **** BL COMBMNZ 3.68483303623383E-21
20NG BC **** BL COMBMNZ 7.85816607579512E-19
20NG CF **** BL COMBMNZ 2.97704179451606E-19
20NG COMBMNZ **** BL COMBMNZ 2.21397963174744E-17
20NG COMBSUM **** BL COMBMNZ 1.72169652682525E-20
20NG Categories **** BL COMBSUM 4.35618452225543E-12
20NG RR **** BL COMBSUM 3.2504078147865E-19
20NG BC **** BL COMBSUM 2.67504738179481E-14
20NG CF **** BL COMBSUM 3.40466940945279E-14
20NG COMBMNZ **** BL COMBSUM 4.35618452225543E-12
20NG COMBSUM **** BL COMBSUM 2.56017042171293E-14
ODP Categories (!) JSD 1.73640385824501E-29
ODP RR (!) JSD 3.13499162593563E-07
ODP BC (!) JSD 1.73640385824501E-29
ODP CF **** JSD 6.91890510082281E-09
ODP COMBMNZ (!) JSD 5.20525475122834E-30
ODP COMBSUM (!) JSD 2.06184431418208E-23
ODP Categories **** BL COMBMNZ 2.66343147112421E-20
ODP RR **** BL COMBMNZ 4.68646456842015E-27
ODP BC **** BL COMBMNZ 2.66343147112421E-20
ODP CF **** BL COMBMNZ 1.57329163143814E-27
ODP COMBMNZ **** BL COMBMNZ 1.02540814000733E-20
ODP COMBSUM **** BL COMBMNZ 1.36672888053745E-25
ODP Categories BL COMBSUM 0.329876800921124
ODP RR **** BL COMBSUM 9.88192977167209E-25
ODP BC BL COMBSUM 0.329876800921124
ODP CF **** BL COMBSUM 1.48203035731809E-24
ODP COMBMNZ BL COMBSUM 1
ODP COMBSUM **** BL COMBSUM 1.32481189720493E-19


