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Abstract. The blogosphere is a highly dynamic and interconnectedetutishe
Web that has triggered a lot of interest due to its social aedspnal nature.
We present a study of an important social aspect of blogsehapopularity.
This study, based on the most popular blogs from four impotiéog domains
in Brazil, shows that, popularity has been underexploitgchbleast the most
popular search engines in the context of blog search. In gpegments, queries
specifically formulated for retrieving these popular blogsre not capable of
ranking them at the top positions (top 100) by the most pamdarch engines.
We also provide evidence that explicitly incorporating plapity into the search
engine algorithm has the potential to significantly imprdve final rankings.

1. Introduction

The increasing popularity of blogging has created a higlylyagnic and interconnected
subset of the Web which has become known as the “blogospHertct, the number of

blogs has grown exponentially in the last few years [Macttbaad Ounis 2006]. This

impressive growth has led to the need to effectively accesset blogs, for example,
through search engines. Indeed, there are currently a Is¢aich services offered by
many sites on the Web, some of them specialized in blog s¢augh GoogleBlogSearch
and Technorat).

A previous analysis of more than 35 million requests made lerge blog ser-
vice in Brazil concluded that about 46% of the traffic to blogmes from search engines
[Duarte et al. 2007]. In this same study, the authors obsletivat most of thegopular
blogsare generally easier to be reached from links from othersotbgn through search
engine results. Although search engines are responsibladet of the traffic into the
blogosphere, they were not able to reach the most populgslae should be expected.
In other words, the intensity of traffic directed to a blogailgh search engines does
not seem to correlate with its real “popularity”. As usersially just click on the first
results, this might be evidence that search engines areamsidering popularity as a
major feature in their rankings when blogs are the targetis Tighlights the need for
developing ranking strategies that take into considemétie social attributes of the blo-
gosphere, especially in the context of specialized blogcbeangines. The integration of
social network information with already known search teghas was also suggested in
[Mislove et al. 2006] as a means to improve the quality of Wedrsh experience.

*Endereco do texto completo da dissertag¢#tp://www.dcc.ufmg.br/pos/cursos/defesas/1104M.PDF
http://blogsearch.google.com, http://technorati.com
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To be more precise, popularity is here regarded as an imtneationship be-
tween the collective behavior of a given community and aedije.g., a blog), meaning
that a significant portion of that community likes, approgefinds the object suitable in
some given context. We assume that a popularity indicatorbeaassociated with this
relationship allowing us to quantify the level of populgmif a certain object and to com-
pare multiple objects according to their relative poptjarExamples of such indicators
include number of visits, downloads and even sociallyfded aspects such as number
of social annotations in user-generated content [Bao @0él7]. For blogs, specifically,
other popularity indicators include number of individualso have subscribed to them,
relative click-through ratio [Baehni et al. 2007] and, assidered here, number of times
the blog appeared in top lists.

In this dissertation, we focus on blog search considerimgllogosphere as a
social network where popularity is an important aspect-fAdisan and Adamic 2007].
We start by analyzing the quality of blog search in actualegenWeb search engines
(restricted to a given blog domain). We would expect that ecessful search in the
blogosphere should return not only relevant blogs, butyalely, the most popular ones,
as would be expected for any social network. We verify, thptigat this is currently not
the case. Four important blog domains in Brazil were tradgesome time to extract their
most popular blogs. In our experiments, queries speck¥iatmulated by volunteers for
retrieving these popular blogs were not capable of rankiegitat the top positions (top
100) of popular search engines. Moreover, their PageRalnlesaas measured by the
typical web graph topology of links, were considered very.lo

Additionally, in order to further investigate the potehti exploiting popularity
in blog search, we run experiments in which we explicitlyargoratea popularity factor
into the search engine algorithm. By doing so, we producekings that were considered
very relevant by volunteers and much better (63% improvétlean the original ones.

In sum, the main contributions of this master thesis area(@mprehensive in-
vestigation of the ability of current search engines to eifidlog popularity and (2) the
proposal and evalution of a simple method to sort the redutjueries in blog search
engine which exploits popularity, thus demonstrating tbieptial of exploring this prop-
erty. These contributions were formally published in [Galwes et al. 2010] (Journal
Qualis A2).

2. Analysis of Blog Popularity

We collected, during thirty days, the most popular blogsffour of the most well known
blog domains in Brazil: UOL, Blogger, BlogLog and Tetr&ach blog domain applies a
somewhat distinct strategy to determine its most populagdlbut all of them consider
the role of the users. UOL uses a voting system in which thesugige points to the
blogs, in a scale from zero to ten, based on their opinionBldgger and Terra, popular
blogs are the ones with the largest numbers of hits and bestwaendations from users.
BlogLog uses the number of accesses. In all of them, a lidtefost popular blogs is
made available daily on the main page of the domain.

During the 30-day period, we gathered, daily, the ten mopufas blogs from
each domain, thus creating a collection of 30 top-10 liste&xh domain. We first ranked

2blog.uol.com.br, blogger.com.br, bloglog.globo.conogoterra.com.br
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the collected blogs from each domain by the number of daysdppeared in its top-10
lists. We then selected the ten most highly ranked blogsemitst popular blogs from
each domain, thus, ending up with forty blogs for analysis.

2.1. PageRank Analysis

Our first experiment consists of analyzing the PageRanlegabfithe most popular blogs
from the four selected domains. Our goal here is to assestharhihere is a correla-

tion between popularity and importance of the blog as mealshy PageRank. Despite
some aspects of this issue have been discussed in verysstitarios (Kritikopoulos et

al. 2006), we provide clearer evidence of the matter thraygdmtitative measurements
specifically for the case of popular blogs, which one mighiktihat could have higher

connectivity than non-popular blogs.

The PageRank value was measured for each blog using the &doglba?
browser plugin, which returns values from zero (least ingoat) to ten (most important).
A special value of -1 is used for non existing PageRank valinas is, for pages that are
basically invisible to the search engine, according tochigria.

Blogs PageRank

PageRank
B o kN W Ao

1 2 3 4 5 6 7 8 9 10
Blog (ordered by popularity)

Figure 1. PageRank values for the most popular blogs

Figure 1 shows the values for the analyzed blogs, orderdtigix-axis, by their
popularity within the respective domain. We notice that eqmopular blogs do indeed
have PageRank values that are somewhat significant (aroamdl 3) given that these
values are close to the ones of their respective blog domaimreover, all the blog
domains have at least one blog with PageRank value highePthBhis provides evidence
that the search engines have been crawling the blog domadshat, in spite of the
different ways of estimating blog popularity, the collettdogs are indeed popular ones
within their respective domains.

On the other hand, in a broader perspective, the higheshabdtageRank value
was 4, which can be seen as low, given that we are working Wwéhntost popular blogs
of important domains. Moreover, the vast majority of there.(i27 out of 40) do not
have a PageRank value. In fact, the four most popular blogddgger, BlogLog and
Terra do not have PageRank values, whereas, for UOL, therioat popular blogs have
PageRank values under 3. In sum, the above results are tiodicaf the low correlation
between the importance of the blogs in the Web Graph andriative popularity.

2.2. Analysis of the Ranking

In our second experiment, we recruited five volunteers tdyaeawenty blogs randomly
chosen from the forty most popular blogs in our collectioracli volunteer was asked

3toolbar.google.com
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to assign six keywords to each analyzed blog. The keywordslgdtwell describe the
blog content and should be those that they would actuallyfukey wanted to find that
blog by using any existing search engine. Two volunteersyaed each blog, sorting
their selected keywords by their importance. We selectedu of the twelve keywords
assigned to each blog, prioritizing keywords assigned lif kolunteers and randomly
selecting between both of them for the remaining keywordBowing the predefined
order. We note that, in some cases, the selected keywor@sngépresent in the text of
the blog (e.qg., “diary”, “video”, “children”) despite acrately describing its content.

We then defined three types of query: (1) queries with the twstrmmportant
keywords; (2) queries with the three most important keywpaahd (3) queries with all six
keywords. For the first two types, we made a conservativecehafidiscarding keywords
that appeared in the URL or in the title of the blog as seargm&ranking algorithms use
these as strong evidence for retrieval, mainly for querieed at finding a specific blog
(i.e., navigational queries). In other words, the first twpes of query cover scenarios
in which the intent is to look for popular blogs about a specs#iibject, i.e., queries
looking for the informational content of the blogs. In cadt, the use of all six keywords,
regardless of whether they appear in any part of the blogersdwoth, informational and
navigational queries.

In our first set of experiments, we used the specialized ldageh engine provided
by one of the blog domains, namely UOL. The other domains asergl search engines
explored in our second set of experiments. In this experinmeare than 70% of the most
popular blogs were not retrieved in the first result page \ait of the query types. In
the next set of experiments we use two of the largest geneell $&arch engines that,
in theory, also index a large portion of the blogosphere: glmand Yahoo!. These are
usually the entry points of the Web for non-specialized sis&¥e restricted the search
performed in each experiment to the specific domain from wihe blog was collected
(BlogLog were searched only within the BlogLog domain, faample). This set of
experiments also allowed us to compare the results acreseuhblog domains within a
common framework.

Figure 2 shows the ranking position of some popular blog ay #ppeared in
the Google and Yahoo! rankings. Note that there are some ¢gsgure 2(b), 2(c) and
2(d)) in which the most popular blog appears only on (or atte 100th position of the
ranking. This is true for all three types of query. In factysmlering the four blog domains
and the two search engines, the most popular blog was retimribe first page only in
three cases, and even so for only one type of query.

| | Google| Yahoo! |
2 Keywords| 52% 42%
3 Keywords| 42% 37%
6 Keywords| 62% 52%

Table 1. Percentage of blogs in the first result page

Table 1 also summarizes the percentage of popular blogapipatared in the first
result page (i.e., top-10 results) in the Google and Yahamikings. The fraction of
popular blogs that do not appear in the first result page df bearch engines is quite
significant (over 52%). In fact, more than 57% of the blogs db appear in the first

52



Two keywords =oezs | 120 Two keywords ey
Three keywords
Six keywords =T

100 |

Ranking position
Ranking position

1 2 3 4 5 6 7 8 9 10
Blog (ordered by popularity) Blog (ordered by popularity)

(a) Google, Blogger domain (b) Google, BlogLog domain

120 Two keywords ==is |
Three keywords
Six keyword:

120 Two keywords &
Three keywords
Six keyword:

100L< 100 (g

q R
80 [ 80 |
60 1 60

40 1)

Ranking position
Ranking position

40 1

i
20 i 20 !

1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
Blog (ordered by popularity) Blog (ordered by popularity)

(c) Yahoo!, Terra domain (d) Yahoo!, UOL domain

Figure 2. Ranks by Google and Yahoo! for blogs of each domain.

page returned by Yahoo! for two and three keyword queriegnBvhen we used all six
keywords, which should be the easiest situation, sinceetkeyvords could appear in the
URL or in the title of the blog, we were not able to retrieve apqmately one third of
the popular blogs in the first page of the Google results. Bbg! results, the portion is
even lower: almost half of the blogs are not in the first page.

3. Using Popularity to Rank Blogs

In this section, we propose a new search strategy for blogedban their popularity.

The idea here is to incorporate popularity as a factor in dm&ing formula. We should

stress that our goal here is not to propose the “best possaniking strategy that exploits
popularity but to provide evidence that popularity can edleée beneficial in the task of
blog search and enhance the user experience as a whole.

3.1. Experimental Setup

For these experiments, we relied again on our set of colgudpular blogs and the key-
words assigned to them and also collected a sample of blogstfre UOL domain. UOL

was chosen mainly because its strategy to estimate blodqritgudescribed previously,
takes into consideration the users’ opinion over a fineng@scale (0-10).

We used a crawler to collect 15,000 blogs from the UOL domdihese blogs
were indexed using the Lucene APWe incorporated the popularity of the blogs into
the index using methods available in Lucene. We chose tol eragvindex our own blog
collection to facilitate the experimental evaluation csiiit is very difficult to conduct this
kind of experiment using any commercial search engine.

We define a popularity factor (PF) for each blog of the coitatthat is propor-
tional to its importance in the domain estimated by the nurobdays it appeared in the

“http://lucene.apache.org/
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top-10 list during our 30-day collection. The popularitgtiar is computed using Equa-
tion 1 whereN represents the number of days the blog appeared in the tdipt LM

is the maximum number of days any single blog made it to theltbpst, and K is an
empirically chosen scaling factor (20 in our experiments).

N
PF=Kx—+1 1
o o

3.2. Effectiveness of the Popularity Factor

In this section we analyze the effectiveness of the proppsedlarity factor by compar-
ing the results obtained when using our popularity factahwhe original ranking. The
idea is not only to check whether the popular blogs were densd relevant and boosted
to the top positions of the rankings but also to assess thalbirapact of these modifica-
tions in the ranking. In other words, we want to verify whettve are in fact improving
the original ranking by boosting the popular blogs (wherséhleave some similarity with
the query) without removing other results that may be alstuabre relevant instead. As
some keywords are very general in nature, this is a very plessituation.

We used the same keywords previously defined by the first satlohteers for
the ten most popular blogs from UOL to perform queries in twarsh engines: one
indexed with the popularity factor and the other withoutitke in the previous section,
we submitted three types of query to each search engine.

The first ten result blogs of the two rankings, the originad and the one modified
by the popularity factor, were put in a joint pool, shufflediahen presented to a new set
of volunteers (different from those who specified the keylgdrfor evaluation. These
volunteers should label each result blog into three categonvery relevant (relevance
level = 3), relevant (relevance level = 2), or irrelevanidvance level = 1) given the
specified query and the blog content. Two volunteers evadutite queries and results
related to the first five target blogs and two different oneduated the queries and results
of the other five. Notice that the very broad nature of someurfqueries, mainly the
queries with two keywords (e.g., “travel diary”, “twin pats”, “cinema festival”’, and
“writer thoughts”), which reflect general interests and Idoetrieve a large number of
blogs not only the popular ones, may reduce any previousstesk bias towards any of
the rankings. The level of agreement of the volunteers wasal 80%, considering “very
relevant” and “relevant” as a unique category; disagre¢sn@are handled by averaging
the evaluation metrics produced by each individual evaltsatanking, as we shall see
next. This experiment produced sixty results: 10 targeg$blo 3 types of queryx
2 evaluations. We evaluated them using the Normalized Digeal Cumulative Gain
metric [Jarvelin and Kekalainen 2000], a commonly usefrimation Retrieval metric
that considers several levels of relevance and the posititime rank in which relevant
documents appear.

In this context, a higher value of NDCG for the version witk ffopularity factor,
for instance, means that we are substituting less relevagsIn the first positions of the
ranking by more relevant ones, allowing to evaluate the shphithe popularity factor in
the ranking. Notice that NDCG is normalized by the best gidssanked list that can be
obtained. In our case, this rank is calculated based on teearece judgments obtained
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for both types of query, with and without the popularity factThe same normalization
factor is used for the calculation of both NDCG values.
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Figure 3. NDCG with and without popularity factor for two (a) , three (b) and six
(c) keywords

Figure 3 shows the average of NDCG values of the two volustéerqueries
with two, three and six keywords, considering the top 10ltegar each type of query.
We can see that for all cases but one (query for blog 5 with spords), there were
improvements when we used the popularity factor. In fackeweral cases the NDCG
values of the version without popularity were very low (un@é) when compared with
the ideal rank, showing the difficulty of performing blog sgrawith traditional strategies.
Ignoring the experiment with blog 5 with 6 keywords, the imyeEments varied from
9.65% up to 184.91%. The average NDCG results, when we cemalldblogs and the
different types of query, are shown in Table 2. The overalhg®f the strategy that
considers popularity are up to 63% for queries with two kendsp 34% for three and
43% for six. All results were statistically significant wié9.9% confidence (t-test).

| | 2 keywords]| 3 keywords| 6 keywords]|

With PF 0.912 0.915 0.879
Without PF 0.558 0.679 0.613

Table 2. Overall results for NDCG

Figure 4 shows the cumulative NDCG in each position of th& fanthe six ex-
periments on which the improvements from using the popyl&actor are the largest (see
labels of Figure 4 to check which ones). As can be noticedyesé cases the cumulative
gain is quite higher when compared to the case without popyléeing in one cases
equal to the best possible NDCG for that query. We shouldstiteat improvements in
NDCG could only be obtained if we are in fact substitutingsleslevant blogs by more
relevant ones in the top positions of the rankings. Thusghesults seem to suggest that,
if there issometextual similarity between a query and a popular blog, in ynzases, at
least the ones we studied here, it is worth to give some bupgir the popular ones.

4. Conclusions and Future Work

In this dissertation we focused on exploiting the poterdfasocial network features in
blog search, more specifically popularity. Our study resdaome interesting findings,
which includes the fact that, in the context of blog searddgly used search engines do
not retrieve the most popular blogs of a particular domathéirst positions of the rank-
ing. Besides, these blogs usually present very low PagefRaoks. Considering that the
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Figure 4. Cumulative NDCG for queries with the largest gains

blogosphere is a social network, popularity should be amred as an evidence to rank
according to user queries. We constructed a search engihadés the popularity factor
to improve blogs’ ranking. Our experiments, show that thiategy has the potential to
improve the quality of the blog search process and the aatiseh of the users.

As future work, we would like to run additional experimentdgth samples of
top blogs from other “regions of the blogosphere” e.g., fddfastern English speaking
countries) to check whether our observations would stillhdAdditional experiments
could also help to better understand when the popularitgtiogis more beneficial and
when not to use it. In our experiments, this happened in ong/@ut of the 30 queries
analyzed (one 6-keyword query: “peace love magic imagégoal Jesus”) and was due
to a large number of popular, but not necessarily relevargdylpromoted in detriment of
more relevant (though not as popular) ones. This issuenegjaideeper investigation.
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