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ambiguous, resulting in a considerable number efg to
Abstract—Recent years have witnessed an explosion indisplay to the user. Average number of terms ineryis near
the availability of news articles on the World Wide Wé. 3 and most of the times a user only checks theé 3inesults
In addition, organizing the results of a news seaft [2]. For an example when we use Google and seawch f
facilitates the user(s) in overviewing the returnechews. In  “jaguar”, pages talking about feline mammal arepldiged in
this work, we have focused on the label-based clesing ranks 10, 11, 32 and 71. Therefore, it is more @paEte to
aproaches for news meta-search engines, and whichejyster the results before showing to a user. Siiastering
clusters news articles based on their topics. Furtimore,  qns in resolving two important issues. Firstiyhélps user to
our engine for NEws meta-Search REsult Clustering have an overall view of the results and to refihe tuery

NeSReC) is implemented along. NeSReC takes queries : .

1Srom the L)JSGI’S aﬁd collect the sr?ippets of news V\dhqare peeded more appropnately_. Secopdly, one of talfsiiof the

retrieved by The Altavista News Search Engine for he I|r_1k—anaIyS|s ba_sed algorithms is when results &wm
different categories. In such a case the top resui normally,

queries. Afterwards, it performs the hierarchical , T
clustering and labeling based on news snippets in g Pelong to one of the categories and consideringfabethat

considerably tiny slot of time. users usually only check top ranked results they miéss
many relevant results.

Index Terms— News, Clustering, Labeling, News Retrieval, Van Rijsbergen [12] was the first one that invgstied the

News Mining effect of clustering hypothesis in Information Retal for

qguery-based systems: documents similar to eachr athe
relevant to similar queries with high probability fact the
. INTRODUCTION main point is that relevant documents are morelairtd each
URRENTLY, there exist a considerable number oframli other compared to non-relevant ones. Based ornyipisthesis
news sites and traditional news agencies providge can use clustering in two different ways:
electronic version of news on their web sites. Tm fnews 1) Before retrieval which has a long history and wa ca

more effectively, special tools and search engheege been mention Scatter as a famous example,

developed recently. For example News Feeder saftwRBS 2) After retrieval which is what we are interestediorthis
standard and Google News site (which uses near AB0G paper.

sources) can be mentioned. On the other hand,eonbmws is

specific type of public information available oretkiveb with It should be noted that the web search result edingf has

unique features which result in different procegsiiemands important differences with traditional text clustey. One of
for gathering, searching and exploration on them ithe main differences is the existence of links leefvpages.
comparison to the ordinary web contents. Of thestufes, we The other important difference is the need to det fa
can mention of the trustworthiness of news souases/ell as processing and dealing with a multi-line abstraditéad of

the rapid update of them. whole document. According to [10] desire charastes for
One of the problems of many search engines wisiciiso clustering of search results are:

true for many news search engines is the lack efthility to - No need for all pages to be clusteredlot all pages

categorize the search results before showing teea. Un fact should be clustered, because some pages can be not

results are ranked and displayed as a long liseMthe user related to any generated clusters.

query is very specific, the results are not so namth then the - Overlapping: Clusters may have some overlaps,

user can rapidly find the relevant items. Nevegks| because one page can point to several topics.

unfortunately most of the time the query is genemal Consequently, it can fall in several clusters.

Furthermore, clusters overlapping should be asaew

Manuscript received October 13, 2006. This works wsapported in possible. Because two clusters, which have great

part by the Web Intelligence Research Laboratofyar University of overlaps generally, point to the same topic, they

Technology. should be merged.



- Incremental Clustering: Finally, because of

was reported in [13]. Its main purpose is to creatrectory

handling time complexity, incremental clusteringfor documents, which facilitates users’ accesshent It first

methods are more satisfactory.

One of the reasons that commercial search engieeac
doing this is the high runtime complexity of it. should be
noted that some search engines like Altavis@oes
aggregation in very simple form. In NorthernLighesults are
divided in some Custom folders. Such division
intelligent and is based on attributes like pageet{personal
page, product page, etc.), language, domain, sidesa on.
Better commercial examples are KartoGrokkef, Mooter
and specifically Vivisimo which apply simple cluste
algorithms. They also have very user-friendly ifgees. In
addition, Clusty uses Vivisim8 but its internal clustering
algorithm is not known. The result of Vivisimo fauery
“iran” is shown in figure 1.

In section 2 we have a review of the related wankshich
we are mainly focused on clustering and labelirstzga Then
in section 3 our proposed method is introducededaldorated.
Section 4 discusses on evaluation results on tipdemented
system (NeSReC). Conclusions and future works viergin
the final section.
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. 1. Vivisimo result for query "iran"

Il. RELATED WORKS

For the first time clustering and its effects oe tletrieval

"Http://www.altavista.com/
2Http://mww.northernlight.com/
SHttp://www.kartoo.com/
“Http:/mww.grokker.com/
SHttp://www.clusty.com/
Shittp://www.vivisimo.com/

divides the repository to a small number of clustdrhen a
user selects some of them and they are combinedh amdb-
repository is constructed. Such operations areatepeuntil
user is satisfied. To reduce the cost of algoritiam large
repositories a sampling approach is taken. Theystufll 4] is
a good but rather old study on it.

ist no

A. Clustering

Clustering is done in different levels of a text flifferent
purposes. As noted above one usage of clusterinfpris
providing better navigation. However, a clusteraigo can be
used to do summarization in the level of paragfdplor even
sentences [3] for event detection. Approaches étiieb review
of results can be categorized in the following fdp
1) Document based approach
2) Label based approach

Document based approaches are those they doeeririgst
based on similarity of texts like their terms vecsimilarity.
After clustering is done, some words or phrasetheftexts in
a cluster are combined to build a label for thesteulike [7,8].
Clusters made this way have no overlap and thetgudltheir
labels is highly dependent on the quality of thestdrs
themselves. Works in the document based clustenieipods
are different from the following two aspects:

1) The clustering algorithm they use
2) Measurement of distances between texts or clusters

Since human better understands hierarchical stestihe
tendency for creation of clusters in a hierarchitalicture is
high. In addition, specification of parameters likember of
clusters and the similarity threshold is a difficulsk.
Therefore, normally the generated labels do nasfgatisers.
For this reason, such techniques are not used arymo

One of the document-based methods is what reportgd,
which first eliminates the stop-words and does stémg to
unify words like “went” and “go”. Then n words hag higher
TF values are selected from news. If S1 and S2warels
extracted from two news then similarity value oérh are
intersection of S1 and S2 divide by n. In additidistance
measure is easily computed from the similarity galu

sim(n, Q)=—|SlqriSZ|
Dissim(n, n)=1- Sin{ n 1)

Using such a measure k-nearest neighbor algoritbm i
applied on the news. Furtheremore, the single-ilgorithms
is reported in the paper and it is claimed thabmkination of
them produces best results.

STC test is also a linear incremental algorithmictvh
instead of treating a document as a set of wordsiders it as
a sequence of words and then combines clustersl loastheir



intersection of postfixes of their documents. lbwk overlaps
of clusters that can handle noise efficiently agiddocuments
themselves specify the number of clusters.

In [10] link structure of pages is used as a ottersstic for
clustering retrieved results of a search. In théthod, firstly,
the pages are loaded and their output links ar@aebed. In-
links are also gathered using a standard searcimeenguch
two vectors of in-links and out-links are used tompute the
similarity of two documents.

Authors of [9] as like [11] used classificationsiead of
clustering. Statistical analysis is used to learame
specifications of some classes (for example from @
categories) and then the trained system is used
classification of new data. This method is highiypdndent on
the train set and therefore can't be extendedchéonhole web.

To create clusters in [15] in the first step ardiehy for
concepts is created and then assigns document$ioge t
concepts. [16] uses a special tool (which is basead large
repository of documents) to find concepts relatedatuser
query and uses fuzzy C-Mean for clustering.

In [6] Lycos search engine is used and the peidoca of
two standard indexing methods (N-gram and vectodat)an
clustering are compared and it is shown that tts¢ finethod is
resistant to noise. In addition, it is mentionedatth
automatically created clusters even when the pmdace of
algorithm is high has more categories than whatiragm may
build. For example, it is possible for a human t @ll news
of a news agency in a cluster while an automatitesy makes
many smaller clusters for such news based on diftetopics
they cover. Using N-grams results in fewer numinéicdusters
and from this point of view acts like a human ugauring the
clustering fuzzyfication is used to reduce the umed results
for points in boarders in both indexing and labglrhases.

One the other hand, in label based approach, wands
informative phrases are first extracted using sctaistical
analysis like word occurrences and then creatdeskibase on
selected labels. Vivisimo and Mooter, which havésgzctory
results, use label-based approaches.

[11] at first discovers important words based otmaéning
set and then to each of them assigns related wtirdses a
within cluster similarity measure to evaluate thealgy of
output. For naming a cluster, also important waads used.
Nevertheless, because of the difference betwednwess
and N-grams the quality of naming is not so good.

Furthermore, Authors in [1] proposed a
method used named entities but with defining soreg n
measures have reached to a more effective modethé\s
noted it is shown that TF-IDF cannot remove higigrent un-
important words. Their new measures try to overcdhig
problem. Scoring of a phrase comes from two facttmsal
factor and global factor. In the traditional TF-IBEoring TF
is the local and IDF is the global factor. In theanproposal
two new local factor named LRDF and OLF as defihebbw
is used:

"Http://dmoz.org/

Iabel-baseg

LF """ =log(1+DFy )

R
LFOF =DF, , *log(~.
i R,i g(DF )

R,i

Also a new global factor named OGF as below isndefi
DF—OGF — DFI’,i /lR |
' DF,, /|D |

In their experiments, it is shown that OLF-OGF proes

yery good results. In the context of news the wfesamed

entities is very effective since unlike ordinarybwvpages a
news is about an event in a specific location fgivan person
or group in a specific time. As results extractioh those
entities like time and places is very beneficial.

B. Labeling

For the labeling two points are important [1]:

1) readability of labels which facilitate understargliby
users, and

2) their conciseness in representing related documents

In fact mis-labeling results in reduction of bothe&ision
and Recall measures. It is also mentioned thasthemming
quality has a strong effect on labeling [14]. InoGper [7]
labeling are based on the same phrases which adedusing
clustering. In [17] for cluster naming super cortsepnd
words in the title of news are used but it is cabyplicable for
Japanese language.

Our approach is for clustering as well as labelfighews
which is architected as a meta-search engine fas.nm the
other words, it is proposed for engines that byepting user
queries forward them to a search engine and pradlbesgsults
to cluster them and make labels for those clustased on the
shippets and title of news. As mentioned in [1]elaiy based
clustering makes more efficient clusters than tralitional
methods, so our proposed method follows this ambro@ihe
process contains following tasks:
receiving initial results (texts, links)
extraction of candidate titles
3) ranking of the titles
4) clustering
5) display

PROPOSEDMETHOD

The initial results are made by using an ordinagreh
engine. Display of the results is also discusseenwive
explain the experimental results. Therefore, ig ggction we
focus on the following two important tasks:

Extraction of titles and ranking them
Clustering



A. Extraction of Titles

In this phase at first, the candidate titles shdédextracted
from news’ snippets. Then such titles are rankesetaon
some factors which is explained shortly and finabme of
them which satisfy selection criteria are select8ohce the
best titles are noun phrases in our method, we eriyact
noun phrases from the snippets. In this proces&nportant

following condition:
If a title is substring of another title and thaize
ratio is higher than a R threshold then the shditter
is eliminated from the list of candidates.

This condition is applied to prevent the selectafhalmost
similar titles for different clusters.

words are eliminated. However, as it is shown i th B. Creation of Clusters

experimental results stemming or rooting has nothmeffect
on the quality of clustering.

To score titles we use three factors. As like mattyer
methods, our first two factors are local and glofzadtors.
Their sole purpose is to eliminate very frequenwery rare
words since they can’t be good titles for clust@iserefore,
the local factor is a score for frequency of a teand the
global factor scores a term’s rareness. The ttaddof is the
length of a phrase which is used to score longkstsince
they better represent a cluster than shorter ofks. final
score for each phrase (or word) is computed as
multiplication of these factors:

R(t)=LF(t)*GH{)* Sk

HereR(t) represent the score of titieandLF, GF andSF are
local, global and length factors, respectively.

Local factor is what presented in [1]. To balantse i

effect with other factors we also use a logarithmic

form of term frequencies (DF) as below:

IR |
LF () =DF *lo
(t;) =DF,; *log

Here |R| is the number of extracted news BRdis

As said before in the clustering by labeling, custare

made according to the selected label. Thereforegdoh label
t; a clusterCi is created and news having such a title is put on
that cluster. It is clear that a news can be putkéneral
clusters. Since a news may point out to differemjects this
behavior is rational and is also in the interestgdrs. In our
approach a news is belonged to a title when:

- it completely has that title

- it has a substring of the title with the lengthioadf

more than 3 threshold

the

After completion of this process for a level of stiering, it
can be applied to each cluster to obtain a hiereath
clustering structure. To control the level of hietey number
of documents in a cluster is used and when suctbauis less
than it is not anymore sub-clustered. In addition, ven c
define another h threshold to control the heightheftree and
reduce complexity of having a very tall tree ofstlrs.

IV. EXPERIMENTAL RESULTS

In this section, our meta-search engine named NESiech
is developed for the evaluation of our proposechoetlt is a
meta-search engine that clusters the results ofaacls for
news. To have an initial result set Altavista nesearch is

the document frequency of term i which expresses ttused. When a user search some terms, Altavistallisdcto

number of documents that contain term i.

Our global factor is:
GF(t,) =log IR

DF,

receive titles, addresses and snippets of the aetemews.
Then candidate titles are selected from snippets. A
mentioned, titles are noun phrases and to distiéhgtiiem we
use JMultilingu& tool. Noun phrases as well as words in them
are considered as candidate titles. A title witsléhan three
letters or being a stop-word is eliminated. Ouipstmrd list

For the length factor we propose three function afontains 1000 words.

linear, exponential and logarithmic forms:

SF™ @ (t) =max@ ,sizeof(;t))

SFEPe(t ) =/ sizeof( t)

SF(t) =log(sizeof( t))+1

Stemming or rooting has not so much effects on tithes
selection. For example, in one of our experimenthout
stemming, we reached to 760 titles while stemmetyuced to
670 words. Considering its rather high executiost éis not
so much effective to be considered. In additiors itoted that
such a words gains low ranks by our ranking model a
ultimately they are not selected so the existerficbemn has no

parameter is a threshold value to control th@arm on the quality of results. The main pointhiattwithout
maximum value obtained from the first equation andtemming, the execution time is less than 1 seavadtypical
the sizeof(ti)is the number of words constructing termyun but when stemming is considered by WORDNET téol

After computation of scores of titles, they aretsdr Now
we should select K titles among them that alsosHati

raises to 20 seconds.
The reasons why stemming has not much effect ors new

Shttp://web.media.mit.edu/~hugo/montylingua/




clustering is clear. It is that the news agences fmany cross
references to each other a news which is publiblgedifferent
sources has a main source which publishes itsitdird others
use very similar wording to the original source.

We also see that the logarithmic function for sfaetor
leads to the best results for label selection. rAdtdraction of
label, the top 10, which also satisfy conditiore abnsidered
as the labels for the clusters in the given leval.our
experiments, we set 3 to 0.5.

After titles and clusters are constructed, thosistels having

V.CONCLUSION

The main merit of our method is its simplicity \ehat the
same time produces high quality results. The difiee of our
method with what reported in [1] is that our progpdsnethod
is used for meta-search engines and its clustdsamged on
shippets, while their method is used for ordinagarsh
engines. Furthermore, they limit labels to nametities for
person names, places, organizations, and artiféicts. true
that such entities are important for news but limitlabels to
them is not a good idea. In our method the onlytéition is

more than news are divided to lower level clusters with théhat the selected title should be noun phrase whedms a
same method. We set to the number of extracted newslogical assumption. The other advantage of our awkth that

divided by 10 times clustering level:
ResultSize

20* ClusterLevel

Additionally, we limit the height of the tree to dwevels. In
the other words, for 200 news, the threshold of memmof
news for clusters in level 1 is 10 and for levés B the reason
for limiting to two levels is to reduce the comptgxof
algorithm and two levels for news seem satisfactdigwever,

the created clusters are balanced which means llagg
almost same number of news. In addition, the nunobem-
categorized news is low and is near 25% of totaé f
retrieved news in average which is shown in diagirafig. 3.
Furthermore, these non-clustered news has low rangsarch
process. Such results confirm this points thatsthe of cluster
for a news is important for its rank. Moreover, dmaich as
NeSReC engine generate 10 clusters in each lénehvterage
size of first level clusters is near 15% of totaksof retrieved
news as shown in fig. 4. Although we escape stemraimd

the method can be customized for each user basekison cluster overlapping criteria, our less complicatatbdel

preferences. The first level of result clustering ¢abeling in
NesRec for user query “iran” is shown in the fig@re
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Fig. 2. NeSReC result clusters for query "iran"
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In the future, we will work on some criteria forusters
overlaps to avoid similar clusters with differerdinmes. In
addition, considering clusters overlapping avoidHer simple
problems which may arise from escaping stemming.
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