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ABSTRACT

With the massive adoption of internet technologies, satiatlia

and blogs have become primary means of expressing opiniens o

line. The Blogosphere contains a wealth of information alaota-
riety of topics that can be used for extracting useful antbaable
insights regarding the ‘public opinion’. Information ingtBlogo-
sphere differs significantly from the traditional web cantdhence
requiring specialized technology.

We present BlogScopeww. bl ogscope. net), a system for
online analysis of high volume temporally ordered text sesr
currently applied to the analysis of the Blogosphere. Weries
the system, its main concepts, and techniques developsddoch-
ing blogs.

1. INTRODUCTION

The explosive growth of the internet and the massive adojatio
social media has created new ways for individuals to expiesis
opinions online. Over 50 million blogs are reported to exéstd
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blog posts may trigger additional posts by the same or otlogr b
gers leading to a discussion in the Blogosphere. Theserfattake
information in blogs and its dynamics differ significanthpin the
traditional web content, and hence there is a need for djmsia
search and analysis technology. We introduce BlogScopsstars
with enhanced analysis capabilities (well beyond keywaatsh)
for blogs. Note that, while we confine our discussion to blogs
for simplicity of argument, much of our discussion is pegtihto
all temporally ordered streaming text sources, e.g., N@MECSS,
mailing lists, forums, newsgroups, and other social media.
Consider a search for information related to the actor Iphil
Seymour Hoffman’ on the Blogosphere. The functionalityt tha
traditional search engine will offer would be a list of albgk posts,
ranked in some order, containing the search string. Althdbig is
informative, we argue that in terms of information discgyéhere
is a lot more functionality one can offer in the case of blo@se
for example could observe a graph displaying the relatiyaufzo-
ity of the keywords ‘Philip Seymour Hoffman’ in the Blogose
as a function of time and automatically tag regions of tina the

around a hundred thousand new blogs are created everydpy [17 search string shows unusual (unexpected) popularity.€Tbas be

According to the same estimates, blogging activity is dimgbin

temporal regions that one may wish to focus, refining theckear

size every two hundred days or about once every six and a half For this particular query it turns out that the keywords liprBey-

months. Bloggers blog about diverse topics including tipeir-
sonal lives, product reviews, political opinions, tectogyl trends,
tourism experiences, sports events, and the entertainnoutry.
Without a doubt, blogging is a social phenomenon. This treitid

persist and grow as our lifes become more heavily dependent o

internet technologies. Given such trends there is pressiegl to
monitor such online forums continuously, and extract usefd
actionable information regarding the ‘public opinion’ owvariety
of topics.

Traditional web search technology can be readily appliethen
Blogosphere. Indeed numerous search sites exist, sg@uipbn
the Blogosphere. Information in blogs however, has a wdihdd
temporal dimension that is not present in more traditioreth won-
tent. Blog posts can be easily associated with a geogrdgbica
cation which is the same as the location of the adthbtoreover,

Traditional websites, e.g., en.wikipedia.org or www.yalom,
do not have a well defined geographical location.
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mour Hoffman’ displayed unexpected popularity over theryafa
2006 in the Blogosphere when the actor was nominated forrDsca
when he received the Oscar award and when a subsequent movie
that he was acting (not the one he won the Oscar for) was egleas
(MI3).

From an information discovery perspective, details exjtaj
the ‘unusual’ popularity of the keywords ‘Philip Seymour fHo
man’ in the corresponding temporal intervals should beraato
cally provided. We argue that keywords that are highly dateel
(in blog posts) with the search string in a temporal inteofahoice
are good candidates for explaining ‘unusual’ popularitpr the
case of the first temporal interval in which ‘Philip SeymounfH
man’ shows ‘unusual’ popularity, the query is closely clated
with the keywords ‘Capote’ (the film he acted and was nomuhate
for an Oscar) and ‘Oscar’. For the second temporal interital thre
keywords, ‘Oscar’, ‘Actor’, ‘Capote’ and ‘Crash’ (anotherovie
winning an Oscar) and for the third the correlated keywordsew
‘Tom Cruise’, ‘MI3’ (a co-star in the movie MI3). It is evidén
that such keywords provide information as to why the queryhti
show relatively ‘unusual’ popularity in the corresponditige in-
terval. Notice, that such ‘correlations’ between keywocds be
repeatedly discovered, possibly triggering addition&brimation
discovery. For example one might choose to identify the keds
correlated with both ‘Philip Seymour Hoffman’ and ‘Capoitethe
first temporal window. Such a functionality would enable afin
exploration of the posts in the temporal dimension. Esabtit



blogs
: b] gSco‘pe Crawling the Blogosphere is different from web crawling. An
High Level RSS feed is available for most blogs, and the crawler cah fatd
Frenen prenirecture parse the RSS XML instead of HTML. There is no need to follow
outlinks as services likbl 0. gs andwebl ogs. commaintain a
list of recently updated blogs.
Indexer The BlogScope crawler receives a list of blogs updated in the
e last one hour fronwebl ogs. com We check this list against the
list of spam blogs in our database (see next subsection imsp
removal techniques employed), and schedule the rest tadiesfiz
Our current implementation only fetches blogs frohrogspot . com
Gorrersiion(Popalarity| Hot but we plan to include more hosting services in the futureceOn
Discovery | Curve [Eeywords scheduled, we fetch the RSS feed after 12 hours and storevall n
feb Interface articles. Addition of some delay in the fetch process hefhice
network accesses significantly as we fetch only once evemwhe
more than one article is posted on a blog in 12 hours (thisuis tr
Web for many machine created spam blogs).

RDBMS Statistics Index

Search

2.2 Spam Removal

Spam is a big problem in the Blogosphere. Our experfence
with bl ogspot . comdata shows that half of the blogs are spam.
will enable a more focused ‘drill down’ in the temporal dinséon. These pages exist to boost page rank of some commercial Bites

We also argue, that information discovery in the Blogospher IS cheap to create many spam entries as hosting is providéeé
is not necessarily query driven. One should be able to monito PY bl 0gspot . com Software is available in the market capable
posts and automatically suggest ‘interesting’ keywordexplore {0 automatically create thousands of spam blogs in an h@jr [1
further. This paradigm is vastly different from the featudfered Spamming techniques are becoming quite intricate whichesiak
by popular blog search services that solely monitor quergess the task of spam detection difficult. Language.modellngnemre.s
pose or blog post tags and rank them based on relative pagular &€ used to generate sentences that are not just randogsditin

Figure 1: High level system architecture for BlogScope.

There is a wealth of related information one can extract fobogs make some sense. Techniques used by spammers are sof#fustica
in order to aid information discovery. The list includesdig a enough to confuse even a human observer at first. Many times,
spatial component to queries and correlations, identfy@mporal spammers just copy a news article from other sources and mse
dynamics in the list of keywords correlated to a specific keyly ~ fEW outgoing links to create the spam entry. Main charasties
mapping correlated keywords to topics, to name a few. of a spam blo_g are, (1) they are c!reatgd by machine, and () the
In this paper, we present BlogScopewy. bl ogscope. net), contain outgoing links to commercial sites. .
a system for the analysis of the Blogosphere currently udéer Researcht_ers have studied the problem of web spam in thgﬂpast.
velopment at the University of Toronto. BlogScope warelsus ~Comprehensive taxonomy of current web spamming technitues
and indexes the Blogosphere extracting enough informéatiam- presented by Gyongyi and Garcia-Molina [4]. TrustRank [&-p
der to aid interactive analysis and information discovefy.the poses a spam detection framework based on link structuramSp
time of this writing, BlogScope was tracking around ninelioi detection in weblogs is an active research area. Kolari.g9hl
blogs, indexing over 65 million posts in its database. lttdees have proposed an SVM based approach to spam removal from the
include (a) online, temporaiurst detection for keywords, (b) effi-  Blogosphere. _ . o
cient identification of correlated sets of keywords, (c)sup for BlogScope’s spam analyzer builds upon previous work zirtig
online OLAP style of analysis of the Blogosphere based orecor ~ & Bayesian classifier [14] in conjunction with many simplet(b
lations and bursts (d) spatial blog post navigation (e)aetion of highly effective) heuristics. For example, Spam pages aord
summaries for effective browsing in the form of hot keywoids ~ large number of specific characters (e.g., “-" and numerafg)
the Blogosphere (f) authoritative blog post ranking ands(g)port contain certain .keywords likiree, orjllne.and poker .bolth in their
for effective ad hoc temporal reasoning for hot keywords. urls as well as in the urls of outgoing links. Capitalizatiofithe

We describe the system, focusing on techniques employed byfirst word of a sentence is often wrong in spam pages. Images ar
BlogScope for analyzing the Blogosphere that scale to suast m almost never p.resent on spam blogs. These heuristics ad bas
sive level. Due to space constraints we discuss only a safiset Manual analysis of blogs data.
features of the system, more details are available on thieqiro Dealing with spam is an ongoing struggle. We plan to enhance
website and in [1]. An overview of data aggregation and prapa  OU" Set of techniques deployed as we gain more insight on how
tion techniques is presented in the next section. Secti@séribes spam is created in blogs [18].

various techniques used for analysis. Section 4 conclindgsaper. 23 Searching and Indexing
2. DATA AGGREGATION The crawler stores all its data in a relational database. d&tra

i ) ; i ) tain time, this data is indexed to generate inverted lists ather

In this section we briefly describe data aggregation andgprep  giagistics. We maintain two types of indices on all postangard

ration techniques employed by BlogScope. Atan averagendro  5nq stemmed. Standard index maintains inverted lists faoal
300 thousand new posts are retrived everyday by the crawtiésh kens seen in the database while the stemmed index first ¢enver

are then prepared for analysis. Figure 1 provides an higél lev )| words to their roots, and maintains lists for all stemrtekens.
overview of the system architecture.

2We have manually looked at a random sample of few hundred

2.1 The BlogScope Crawler blogs



Figure 2. GeoSearch for the queryiphone. Dots on the
map represent regions where bloggers are writing about the
searched query.

We also maintain a list of posts for each day. These indicen fo
the core of our analysis engine. In a separate data strudtrre
efficiency, we also maintaiterm frequencies for each day andh-
verse document frequency over a one year sliding window for all
stemmed tokens.

2.4 Spatial Component

Along with each blog post, while crawling, BlogScope atexh
a city, state and country field and when possible geograbbica
ordinates. There are several ways to infer a definite gebaralp
coordinate given a blog post. These include:

e Utilizing meta data about location in the head of the blog.
Several html tags and plug-ins exist to associate geographi

cal information in blog posts. BlogScope automaticallynide

tifies such tags by parsing them and attaches a geographical

set of coordinates to the post.
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Figure 3: Popularity curve for Abu Musab al-Zargawi, a mem-
ber of Al-Qaeda in Iraq, was killed in an US air strike on 7th
June 2006. Regions marked in red indicate bursts. Dark red
bars in the curve (for June 7 and 8) mark bursts.

(in blog posts) as a function to time. Such a curve and itsulsct
tion can provide invaluable insight regarding the keywoogydar-
ity evolution over time. Figure 3 provides an example of thpyp
larity curve for the queryAbu Musab al-Zargawi during April-June
2006. Popularity curves can also be used for comparing popul
ity of various keywords. We expect that closely related kenods
will have very similar popularity curves at least for the tmral
interval that the keywords are related. Hence, compari$@uach
curves provides an alternative approach to the analysiseofeim-
poral relationship between keywords. Figure 4 displayspie-
ularity of keywordszidane andsoccer. Notice that the keywords
exhibit strong similarity in their popularity for a shortngoral
window. This window spans a few days before the world cup fi-

e Utilizing information related to the address of the blogger c i
from its profile. The profile of a blogger may contain address nal game (played on July 9) with a peak the day of the gamengive
information. In that case BlogScope extracts this infororat  the incidents in the game relatedAdane.
and maps it to a geographic set of coordinates. Approximate
match information offered by tools like Spider [10, 15] en-

isoccer]

ables effective matching of addresses.

e Looking up blog content against a set of standardized zip
codes and city names also allows to extract geographic-infor

mation from blog posts.

With the aid of such coordinates one has the option to idetité
posts as a result of a query into a map and restrict the seaiet u

the map based on geography. Figure 2 provides an exampénscre

shot. This enables BlogScope to conduct spatio-temporagaa
tion for blog posts and correlated keywords. BlogScope taaia
inverted lists for city, state, country for blog posts. Whiea search
is restricted using a spatial restriction, such lists araimdated to
suitably restrict the scope of the search.

3. ANALYSIS ENGINE

In this section we describe the analysis technology empldye
BlogScope. The algorithms presented are efficient, seatabyhil-
lions of blogs, and amenable to online computation on stiegm
data sources. It must be noted that all the analysis is paedon
the actual textual content of blog posts, and notags because: (1)
tagging requires manual effort, (2) most blog posts are amged,
and (3) a few tags can not accurately capture complete irztbom
present in a post.

3.1 Popularity Curves

The popularity curve for a keyword (or set of keywords) dis-

plays how often the query terms are mentioned in the Blogergph
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Figure 4: Popularity comparison curves for keywordssoccer vs
Zidane.

BlogScope tracks the popularity of the keywords used in ayque
for a day by tokenizing the query and merging the invertets lis
for each of the tokens (keywords) with the list of posts fatttiay.
The popularity curve is generated by repeating this promessach
day. The main cost of this algorithm is fetching the listgrirdisk;
once the lists are read in memory, merging can be conductgd ve
efficiently.

3.2 Information Bursts

Although blogging activity is uncoordinated, whenever gem
thing of interest to a fraction of bloggers takes place (egat-
ural phenomenon like an earthquake, a new product launc), et
bloggers write about it; and as a result, the popularity ofaie



keywords increases. This fact allows BlogScope to intefiity
identify and mark such interesting events on a popularitweu
We refer to these events asrsts. The notion of burst adopted
by BlogScope is related to the notion of unexpected popyléoi

a keyword within a temporal window. Bursts play a centrakrol
in analysis and blog navigation using BlogScope, as thentifye
temporal ranges to focus and drill down, refining the seaFib-
ure 3 shows an example of bursts.

Bursts can be categorized in two main typesticipated and
surprising. Popularity for anticipated bursts increases steadigghes
a maximum and then recedes in the same manner. Release of a
movie or the soccer world cup falls under this category. kénli

Mar 1-20 2006 May 1-20 2006
capote cruise
actor rhames
brokeback ving
oscar tom
best monaghan
resee abrams
wins mission
award davian
witherspoon crudup
mountain michelle

anticipated bursts, popularity for surprising bursts éases unex-
pectedly. Hurricane Katrina or the death of Abu Musab algaaii
fall under this category (Figure 3).

Kleinberg [7, 8] has discussed burst detection in the cardéx
text streams. Their approach is based on modeling the stieam
ing an infinite state automaton. While interesting, thisrapph is
computationally expensive, as it requires computing th&mmim-
cost state sequence that involves solution to a forward rdima
programming algorithm for hidden Markov models. It is tHere
not possible to use this approach in our system where buests n

to be computed on the fly. Adapting this technique for on the fly

identification of bursts would be prohibitively expensiveung et
al. [3] have addressed the problem of bursty event detectiod
have proposed techniques to identify sets of bursty featiuoen a
text stream. Inspired by the work of Fung et al. [3], the faflog
algorithm is employed by BlogScope to detect bursts.

We model the popularity: of a query as the sum of a base pop-

ularity 4 and a zero mean Gaussian random variable with variance

a’.
x~ p+ N(0,0%)

We can compute the exact popularity valugszs, . . ., ., for the

lastw days by using our materialized statistics. We then estimate

the value ofu ando from this data using the maximum likelihood.

w

1« s 1 2
o= p ;xz ando” = p» ;(L n)

From the standard normal curve, the probability of the pariyl
for some day being greater thant+ 20 is less tharb%. We con-
sider such cases as outliers and label them as bursts. dtesrdfe
it" day will be identified as a burst if the popularity value foeth
i'" day is greater thap + 20. In our current implementation of
BlogScope we use = 90 to computey ando.

3.3 Keyword Correlations

Information in the Blogosphere is highly dynamic in natufe.
topics evolve, keywords align together to form stories; antbpics
recede, these keyword clusters dissolve. This formatiohdisso-
lution of clusters of keywords is captured by BlogScope aftirm
of correlations.

With every search, a list of keywords in blog posts most diose
related to the search query keywords is displayed. Suchdesv
can be seen as representative tokens for chatter in the §lbgee,
and can be used to obtain insight regarding the posts relévan
query. Correlations are not static, as they may change diocpr
to the temporal interval specified in the query. Users cacifpe
a temporal range for which a list of keywords correlated tergu
keywords is produced. Provided that users navigate, myitfiown
to posts related to a burst, such correlations can be usedjte a
why a burst occurred. Figure 5 shows a screenshot of cdmesat
for Philip Seymour Hoffman for two different time periods, 1st-20th

Figure 5: Correlations for keywords Philip Seymour Hoffman
for two different time periods. Hoffman won the Oscar best
actor award for the movie Capote on March 5th. Actress Resee
Witherspoon and the movie Brokeback Mountain won several
Oscar awards the same year. Mission Impossible Il starring
Hoffman (as Owen Davian), Tom Cruise and Ving Rhames, and
directed by J.J. Abrams was released on May 5th.

March and 1st-20th May 2006. As it can be seen, correlatioms a
different for different time intervals, and they reflect thents that
occurred then. Choosing one of these keywords (say ‘cajiote’
Figure 5) a list of keywords correlated to ‘Philip Seymourfi-Ho
man’ and ‘capote’ in the temporal range will be producednglo
with the associated popularity curve for the pair. Coriefet are
also employed by BlogScope to provide an exploratory naiiga
system. A user can easily jump from a keyword to related kegia/o
and explore by following correlation links.

The notion of correlation of two random variables is a wellist
ied topic in statistics [13]. Quantifying the correlatiofu, b) be-
tween two tokens andb can have many different semantics [12].
One semantics, for example, can be

P(a € Db e D)

b =—prep

P(be Dla € D)
P(be D)

__ P(ae Dandb e D)

" Plae D)P(be D)

where P(t € D) denotes the probability of tokemappearing in
a random documenb in the collectionD®. In words, correlation
betweena andb is the amplification in probability of finding the
tokena in a document given that the document contains the to-
kenb. The natural logarithm of the above mentioned correlation
measurec(a, b) is actually the pointwise mutual information [2]
betweers andb. Calculation of correlations using such semantics
requires checking each pair of tokens. With tokens in thesrord
of millions, calculatinge(a, b) using the above formula for every
possible pair across several temporal granularities wanidunt
to a large computational effort. This is complicated by thet that
such correlations have to be incrementally maintained asdaga
arrive. Increasing the number of keywords one wishes to taiain
correlations for, from two to a higher number, gives rise frab-
lem of prohibitive complexity.

We describe a fast technique to find correlations which is cur
rently adopted by BlogScope. Consider a quend the collec-
tion of all document®. Let D, C D denote the set of documents

3Queries in BlogScope can be a set of tokens, in which case the
semantics foilP (¢ € D) can be extended to denote the probability
of queryq being relevant to a random documénin the collection.



containing all of query terms. For a tokenwve define its score
s(t, q) with respect toy as

s(t,q) = |{D|D € D, andt € D}| = idf (¢) @)

whereidf (t) is the inverse document frequency of ¢ in all docu-
mentsD. The first term in Equation 1 is the number of documents
containingt among those relevant to the queryWe multiply this
frequency withidf (t) which represents the inverse of overall pop-
ularity of the token in the text corpus. Commonly occurringens
like “here”, “after”, “when” have high overall popularityna there-
fore low idf. Hence the proposed scoring function favorsetok
which have low overall popularity but high number of occues
in documents relevant to the quegy This represents keywords
that are closely related ipas these tokens appear frequently only
in the documents containing The list of topx tokens having
highest score with respect toforms a representative @,. We
display this list as correlations for quety

This technique requires a single scan of&r As we scan the
documents irD,, we maintain a count for each token that appears

anti apologies apologize apology arab arabe arabic ate
augUSt bloody bomb bombe bombing bombs
children CiVilian CIVI|IanS conflict conicing den

drove drunk east fire fired fires fiing fri fried fries fy trying
heat neates E@ALING hezbollah ride hiding
innocence innocent innocently israel
israeli jew jewish jews kil wing wis lake
lebanese lebanon ol matn maths monday
mondays remark remarkable remarkably rice ricing  rocket

ckeing SAtUrday september slept southern
sunday vilage war Wars woke

Figure 6: Example hot keywords cloud tag for 30th July 2006.
The 2006 Israel-Lebanon conflict was at its peak during this
time.

in D, in a separate hash table. After the scan is complete, we mul- similar evolution in their popularity patterns. The simitg mea-

tiply these count values with precomputed idf values to fimel t
scores, which can then be sorted to get thekapBut even this
could be prohibitively time consuming if the sBY, is large. To
circumvent this problem we bound the size of Bgtby a number
m; if there are more tham documents containing query terms, we
consider randomly selected documents fronD,. We denote the
random sample of sizex of D, by D;*.

Notice that the proposed technique for finding correlatechse
is in the same spirit as the one mentioned above based onfampli
cation in probability. The number of documents containinghly
andt¢, |{D|D € D, andt € D}, follows a binomial distribution,
the characteristic probability of which could be approxietaby
scanningn random documents fror®,. If we interpret the idf of
a tokent as%, whereD; is the set of documents containing
then the score af with respect tq is

|{D|D € D" andt € D}| - |D|
P(q e Dandt € D)
P(t € D)P(q € D)

since|D| and|D,| are constants for a givepn P(q € D andt €
D) denotes the estimate @¢f(¢ € D andt € D) based onn
documents. Observe théft, q) is proportional ta:(t, ¢) in expec-
tation. Empirical evaluation however shows that the cotigeal
interpretation of idf, i.e.,

e D]

(o) =1og ({1
works better. This is because interpreting idf% gives too
much importance to very rare tokens; and this is further dregl
by the fact that we are scanning ontydocuments.

The proposed technique requires a single scamavdocuments
among the search results for BlogScope uses 30, thus,
considering just 30 text articles to find correlated ternmsafquery.
Assuming that we have assessed that keywgrtlabove are corre-
lated in a temporal window, repeating this process, ugiagdt as
a query (expanding the query set) would yield keywords taied
with ¢ andt (thus obtain a larger set of correlated keywords).

An alternative way to identify correlations between termsyld
be to identify terms with similar popularity curves, withime same
temporal window. The premise (which is supported by ternupop
larity curves presented by BlogScope) is that correlatadsdave

sure has to be robust with respect to scaling. Several agipesa
available in the literature for similarity queries on timeries data
are applicable [11]. Locality sensitive hashing [6] carodise em-

ployed for continuous nearest neighbor monitoring. We ptan
explore this direction as part of our future work.

3.4 Hot Keywords

In its front page BlogScope displays a list luft keywords for
that day in the form of a cloud tag. BlogScope uses a measure
of ‘interestingness’ for keywords (see Section 3.4) andksaall
keywords for a day according to this measure. The highektnmgn
keywords according to this measure, are displayed in the frage
for that day with font size proportional to the measure o¢iiast-
ingness. Figure 6 shows an example screenshot taken onu8gth J
2006.

Interestingness is naturally a subjective measure, asig/imdér-

esting varies according to the group of individuals it ieirded for.
Given the difficulty and the subjective nature of the taskg®cope
adopts a statistical approach to the identificatiomaifkeywords.
We employ a mix of scoring functions to identify top keywofds
a day. In order to produce a final list we aggregate (using ey
summation) scores from all different scoring functions tafa
ranked list of hot keywords.

Letz" denote the popularity of some toketoday, and:}, z5, . . . , z?,
be the popularity of the token in the lastdays (except today). Let
u' ando® be the mean and standard deviation respectively of these
w numbers. We employ the following two scoring functions:

e Burstinessmeasures the deviation of popularity from the mean
value and is defined a%t;T“t for a tokent. A large devia-
tion (burstiness) of a token implies that its current poptya
is much larger than normal. BlogScope, in its current imple-
mentation, uses a value = 90 in this case. This value is set
after conducting several experiments with BlogScope.

e Surprise measures the deviation of popularity from the ex-
pected value using a regression model. We conduct a re-
gression of popularities for a keyword over the lastlays
to compute the expected popularity for today. két*) be

this value. Then surprise is computediéi‘s’”;)[—”t‘. This
measure gives preference to tokens demonstrating sungrisi
burst, ranking anticipated bursts low. Our implementation
uses a value oy as 15 for this case. The choicewfin this
case is set after experimentation with BlogScope.



Both burstiness andsurprise can be computed efficiently if term
frequencies for each day are maintained precomputed. Eshaf
hot keywords for each day is computed by aggregating thesscor
from the two scoring functions.

3.5 Ranking and Burst Synopsis

We argue that there are important properties of the Blogergph
that cannot be easily captured by the ranking model in frauit

work of guided pathways to assist the user in a journey of &log
sphere exploration. Analysis using BlogScope can be suimethr
as a four step process.

1. Select keywords to analyze. BlogScope supports ad hoc key
word queries as well as suggests keywords in its hot keyword
module.

2. Observe the search results (post snippets are displaydd)d

web search. Documents on the web do not have a time-stamp asso using BlogScope’s ranking function, the associated popula

ciated with them, while blog posts have a definite time of tosa
Simple relevance based ranking usinfg- ¢df will mean ignoring
the temporal dimension. Pure temporal recency based rgmklh
not be very good either. As a first attempt to address the mgrii
search results in the Blogosphere, BlogScope employs ainamb
tion of both temporal recency and relevance to rank seastlitse
The semantics associated with the burst synopsis set farian i

tial query ¢ is that it is the maximal set of keywords associated

with ¢ that exhibits a bursty behavior in the associated popylarit
curve for the set. Synopsis sets may have an arbitrary sima-(n
ber of keywords) provided that all included keywords cdnttée to
the burst. Authoritative blogs are blogs read by a large remob
readers, and are usually first to report on news. These blags p
an important role in dissemination of opinions in Blogosghe

Consider the query ‘italy’; blog posts may mention the kegavo
‘italy’ in connection to both soccer and political eventsll guch
posts contribute to the burst in the popularity of the keydaly'.
The keywords ‘soccer’ and ‘politics’ are both correlate#tégword
‘italy’ in the associated temporal interval. However exgiag the
search and observing the popularity curves of ‘italy, socaed
‘italy, politics’ turns out that only the curve for ‘italycecer’ has a
burst in the temporal interval of the three summer month£6862
BlogScope can automatically generate sggtopsis keyword sets
for a burst. In this case, only the set ‘italy, soccer’ willidentified
and suggested by BlogScope as a synopsis set, associatetthevit
initial keyword query ‘italy’. Notice that the set ‘italygtitics’ will
not be identified as a synopsis set, because ‘italy, pdliiess not
have a burst in the corresponding popularity curve.

Based on such keyword sets, BlogScope automatically rdogs b
posts related to the synopsis set baseaduhority. Authoritative
blogs are the ones that gave rise to the burst on the synopgis k
word set. These are blogs that are relevant to the synogsisise
porally close to the occurrence of the burst and most linketthé
Blogosphere.

As an additional example, a search using query ‘cars’ on 9time
2006 results in the synopsis defars, pixar, disney, movjewhich
disambiguate the burst resulted from the release of thear@ais,
from general discussion about automobiles in the Blogasptguch
set is accompanied with authoritative blog posts that weeefitst
to report the event and were most linked in the Blogosphere.

BlogScope computes the keyword synopsis set employingealgre

expansion technigue using the original query keyword(s) ssed
set. We enumerate, keywords correlated to the searcheg quer
and then identify bursty intervals along the temporal digiem us-
ing the popularity curve of the correlated keyword in conalbion
with g. We select the pair with maximum burstiness and itezbt
repeat the same process till increase in burstiness igifisant.

3.6 Interface

BlogScope adopts a simple and intuitive interface. Pofiylar
curves provide OLAP style drill down and roll up functiortglin
the temporal dimension. Outlinks on correlations conitunet-

“The Italian soccer team won their fourth World Cup, defegtin
France in Berlin, on July 9 2006

ity curve of the keyword searched and its correlated key-
words. Select a spatial region, if desired, to restrict darch
in a specific geographic location.

3. Zoom in or out the popularity curve by selecting regions on
it using the mouse. Select the time interval to analyze based
on recommendations by bursts. Select the synopsis keyword
set generation feature and observe blog posts ranked using
authoritative ranking.

4. Use correlated keywords to reason about the burst. @stlin
on correlations can also be used to refine the query or explore
further.

CONCLUSIONS

We have presented BlogScope, a text analysis system suftabl
temporally ordered streaming text, currently applied ®ahalysis
of the Blogosphere. BlogScope offers several unique feattirat
when used in conjunction aid users to discover informatigralso
navigate through information in a flexible way. We plan totaoune
enhancing BlogScope with several features to improve aéiaig,
information discovery and performance and enhance thestgpe
information sources that we index.
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