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Abstract. In thiswork we propose a representation of the web as a directed
hypergraph, instead of a graph, where links can connect not only pairs of
pages, but also pairs of digoint sets of pages. In our model, the web hy-
pergraph is derived from the web graph by dividing the set of pages into
non-over lapping blocks and using the links between pages of distinct blocks
to create hyperarcs. Each hyperarc connects a block of pages to a single
page and is created with the goal of providing more reliable information
for link analysis methods. We used the hypergraph structure to compute the
reputation of web pages by experimenting hypergraph versions of two pre-
viously proposed link analysis methods, Pagerank and Indegree. e present
experiments which indicate the hypergraph versions of Pagerank and Inde-
gree produce better results when compared to their original graph versions.

1. Introduction

The reputation of web pages is one of the most successfute®of information for
processing queries on web search engines. Modern searaiesnge algorithms
that analyze the web graph for estimating the reputatiomoifi page and then use this
estimation as an additional relevance evidence when simgegueries. Such strategy,
known as link analysis, plays an important role in the quaditthe ranking provided
by search engines nowadays.

Many link analysis strategies have been proposed in litezain the last
decade [3, 4, 11, 10, 13]. In all the cases, there is a commadrcantral idea that



a link from a page to another may represent a vote for the agipatof the destination
page. The first method proposed to exploit such source ofrirdion was the Inde-
gree, which uses the number of links to a page as an estimaftits reputation [3].
This first idea was then followed by sophisticated strategiéth the Pagerank [4] be-
ing one of the most known and successful of them. All theseagmhes adopt a graph
as a model for the web, where vertices represent pages aed egjgresent the links
between pages. Also, there is a common and central idea linktfeom one page to
another may represent a vote for the reputation of the degimpage.

One of the main problems endured by link analysis strategiés determine
whether a link to a page can be considered as a vote for qoalitgt. Some links, such
as navigational purpose links or spam links are noisy in&drom in the web graph and
can lead link analysis methods to wrong conclusions ab@&upége reputation, when
these links are considered as votes.

In this work we propose a representation of the web as a hygganginstead
of a simple graph, that aims at reducing the impact of noes/tibks when computing
page reputation. We show how to adapt the Pagerank methahffliihe Indegree
methods [3] for computing page reputation in this new modé.call the hypergraph
versions of the two methods HyperPagerank and Hyperindegespectively. In our
model, the web hypergraph is derived from the web graph bijtioaing the set of
pages, that is, by dividing it into non-overlapping blockihe links between pages
found in the original web graph are used to define the set oéifayps in our hyper-
graph. Given a block of pagésand a page, there is an hyperarc froii to p if and
only if there is one or more web links from pagesifo p.

The criterion adopted to group pages in a block can vary daogto the final
goal of the link analysis method. We here investigate theaichpf different partition
criteria in the task of ranking search engine answers. The gaal is to find partition
criteria that allow the reduction of the negative impact ohsvotes links, but keep
enough information to allow links analysis algorithms tongute page reputation.

Using this abstraction to represent the web, it is possibbietrive a family of
new methods for computing page reputation by adaptingticadil methods to use the
hypergraph representation. The key difference of our aagrevhen compared to the
traditional web graph representation is that our model aineatching connections that
are more likely to be better votes for quality than the link¢he web graph. The main
characteristic of the hypergraph model is that it allowstahing the influence of the
individual page connections on a vote. The more fine-graamedhe page blocks, the
more is the influence of the link on their votes. This is a keypbecause it gives the
model flexibility to deal with the differences of quality dfe links.

Links that do not represent votes for quality, such as Spaks land naviga-
tional links, are a problem to link analysis strategies sitieir importance has to be
discounted when calculating page reputation. The most acomagpproach is to iden-
tify the quality of a link by considering the importance oétpage that the link comes



from. This approach is adopted by methods such as Pagerarkd4HITS [10], where
recursive processes compute the most important pages taskd importance of the
pages that link to them. In spite of minimizing the problehede strategies can still
be easily affected by noise on the web [7].

The hypergraph model allows for obtaining reliable votegjiaality by choos-
ing the most appropriate partition granularity for a givetiection. For instance, if
links of a collection are noisy, coarse-grained blocks @fgszacan be used to diminish
the influence of individual links on the computation of thgeaeputation. If the links
are reliable, the simple use of these links as hyperarcsipgito pages is also reliable.

The choice of an appropriate partition leads to high quélifyanalysis strate-
gies that are useful for systems that search on the web. leriexpnts with a web
collection the hypergraph versions of the link analysishads produced a significant
improvement on the ranking quality for navigational qusriehile they maintained
the ranking quality for informational queries similar t@tbnes generated by the graph
based versions. We experimented the methods combining@tieeneputation with the
textual content of the pages and with the anchor text inftomavailable on the col-
lection adopted in the experiments. Two combination Sfjiatepreviously proposed
in literature were adopted. The experiments were perfordiading the query sets
according to their types, into navigational and informa#ip and according to their
popularity into popular and randomly selected.

Examples of the results are the comparison of the best sasiuRagerank im-
plementation using the hypergraph model and the best sesiuRagerank implemen-
tation using the graph model. In this case, the hypergrapdiareobtained a gain of
27.8% in MRR results for popular navigational queries, %36 MRR for randomly
selected navigational queries and resulted in no loss wharepsing informational
queries.

This work is organized as follows. Section 2 discusses tlae@ work. Sec-
tion 3 describes the proposed hypergraph model and newowersif Pagerank and
Indegree, using the hypergraph model. Section 4 presemtschadapt Pagerank and
Indegree to the hypergraph model. Section 5 presents anaghal of our proposal,
comparing the hypergraph versions of Pagerank and Indegréeir original graph
versions. Finally, section 6 presents conclusions anddutsearch directions on the
topic.

2. Related work

The efforts in analyzing the link structure of the Web andgst as a source of rele-
vance evidence in search engines started in 1996 with tregted method [3]. That
work proposed the use of the number of incoming links of a pesga heuristic for

determining the importance of each page on the Web. Thetimudehind this first

idea was that pages with more incoming links have more Vitsilsind thus may have
also high reputation in terms of quality.



The Pagerank method [4] is one of the most successful metholisk analy-
sis. It computes the web page reputation scores estimégngrobability of a random
surfer reaching that page. An important characteristibeRagerank method over the
Indegree method is that a web page may have high reputatiblowtihaving a high
number of links pointing to it, since links from pages thatdaigh Pagerank scores
have high influence in the final Pagerank scores of other pddpgs characteristic can
be seen as an advantage, since pages with high Pagerang, sdaich tend to be high
guality pages, have more influence in the final results thgepavith low Pagerank
scores. However, such Pagerank characteristic may otgganhias, since a page can
receive a high Pagerank score even though it is pointed byad somber of pages [7].

The problem of having a few pages highly influencing the ficakss of other
pages also appear in other important and popular link aisatgethods, such as the
HITS method proposed by Kleinberg [10], its variant progbbg Bharat and Hen-
zinger [2], and the SALSA method [11], which is inspired oriT8land Pagerank.

Amento et al [1] presented experiments for a site level versif Indegree,
where all the links to a web site were computed as links todtd page. The idea
of computing the reputation considering high level ergitiuch as sites or domains,
is in fact explored in many previous works [3, 8]. Howeverfasas we know, no
previous work have presented a model that allows repregebbth pages and high
level entities together as we do here. One of the advantdgeshb representation is
to allow an easy adaptation of previously proposed linkysisimethods to deal with
high level entities when computing page reputation. Alaar, model can be easily
extended to represent different page partitions. For mt&tawe could partition the
collection such that all the pages belonging to a link farnulgdoe treated as a unique
entity diminishing their influences.

3. The hypergraph model

Our model uses a directed hypergraph to represent the webregétetl hypergraph
H = (V, €) consists of a set of verticesand a set of hyperarég wheref C 2V x 2V,
Since in our model we intend to calculate the importance dividual pages, we
redefine€ in a more restrictive way, that i, C 2¥ x V. Thus the hyperarcs always
point to single vertices. We also require that, for each hyqoe = (G,v) € &,

v ¢ G whereG C 2Y. To model the web, we consider each page as a vertex of the
graph and we partition the set of pages, generating norlapg@ng page blocks where
the pages are grouped according to an affinity criterion. @esicler that a partition
block B in the hypergraph points to a pagehrough a hyperare = (5, v) if, and
only if, there is at least one page Bfthat has a web link to pageandv ¢ B. An
important difference from this model to the traditional wgtaph model is that the
partition criterion determines the granularity of the higres.

3.1. Partition criteria
In this work we investigate three partition criteria:



e Page-based partition — a block is composed by a single web page. This crite-
rion allows for the traditional representation of the web.

e Domain-based partition — all the pages of a block belong to a same web do-
main.

e Host-based partition — all the pages of a block belong to a same web host.

We are able to simulate the traditional web representationding a page-
based partition, where each page is treated individuallyd&ng so, our system is
able to simulate traditional link analysis methods, prowidappropriate comparison
baselines for our experiments. Thus, this criterion isesented in the experiments by
the graph versions of the studied methods.

We then adopted domain-based and host-based partitioasgethey group
pages that are probably created by the same author or byepesdgted to each other.
This possibility was mentioned in the literature [3, 8] asaption to compute the
Indegree, but no actual evaluation of its impact on the ragnkif web search engines
was performed. Further, the chance of two hosts or two dasna@ing created by
the same author or by related authors is smaller than it ipdges. As a result, we
expect to obtain models where the set of partition blockgghli reliable since the
page reputation computed considering hyperarcs comimg &aomain or a host is
proportional to thediversity of partition blocks that point to the page and not to the
number of links to the page, as is the case of the traditi@mksentation of the web
graph.

The three partition criteria are implemented using the URthe pages. The
page-based partition is directly determined by the distifiRLs of the collection. For
the host-based and domain-based partitions, wedas®@in names and host names.
The definition of host and domain names here is based on g statching on the URL
of each page. To obtain a host name, the URL is first processediove the starting
prefixes “http://” and “www.”. Next, the host name is definedthe string starting at
the beginning of the resulting URL and finishing at the positbefore the first slash.
In the URL “http://dir.yahoo.com/”, for example, the hostme is “dir.yahoo.com”.
To obtain a domain name we first divide the host name into pactording to the dots
found on it. Then, we obtain the country id, such as “.fr” adat™ For certain pages,
the country id may be empty. We then obtain the server cagegoch as “.com”
and “.edu”, which also may be empty. At the end, we take thiedas of the server
name, which is neither a category nor a country id, to be theaio core. Finally,
the domain name is defined as the concatenation of the domi@ntbe category, and
the country id. For instance, in the URL “http://dir.yaho@m”, the domain name is
“yahoo.com”. In the URL “http://www.uol.com.br/esport@ésdex.html”, the domain
name is “uol.com.br”.

In the hypergraph model every URL is parsed as above and padiion
criteria are considered, as illustrated in Figure 1. In Fegl a), we show the page-
based partition (simulating the traditional web graph espntation). In Figure 1(b),
we show the host-based partition, which groups pages wétksdime host name in one



block. In Figure 1(c), we consider the domain-based partjtwhich groups together
pages with the same domain name, each domain consistingeifa ene or more

hosts. The number of hyperarcs decreases as the partitieriazr includes a larger
number of elements. The selection of each granularity eseatrade-off between the
number of hyperarcs (and thus the coverage on the amounfoofriation about each

page) and the qualitative information provided by each hgfue

—— Page-based partitioning

,,,,,, Host-based partitioning

Domain-based partitioning

(A (B) (©

Figure 1. The hypergraph model considering (a) pages as the partition cri-
terion, (b) hosts as the partition criterion and (c) domains as the partition
criterion.

4. Computing reputation in the Hypergraph Model

To illustrate the advantages of our model, we show here ebengh how two tradi-
tional link analysis methods, Pagerank and Indegree, cad#&gted to our hypergraph
model. Notice that other variations of these methods carelieat! for the hypergraph
model. These two examples are proposed to show the potedifahtages of using
the hypergraph model to provide a better representatioheoiveb connections. The
two adaptations will be referred to as HyperPagerank (ailplessypergraph version
of Pagerank) and Hyperindegree (a possible hypergraplowen$ Indegree). In the
next section, we present experiments to evaluate the peafore of these two methods
when compared to their original versions. Further studreb@w to adapt these two
methods and other link analysis methods to the hypergramtehwall be addressed in
future work.

To compute the HyperPagerank we need to propose a way to ¢cefagerank
values of each partition block in order to compute the Paderd each page. A
simple and effective strategy is to consider the reputatfanblock as the sum of the
reputation of all pages in that block. We compute each Pageteration in two steps:

1. The reputation of each block of pagé®(B) is computed as the sum of the
reputation of each pagethat belongs to it, as

GR(B) = )_ PR(p), (1)

peEB

whereP R(p) is the current pagerank value of page



2. The pagerank value of each page depends on its repreéserdatthe hyper-
graph. Pages with no incoming hyperarcs have value 0, mgain@t we con-
sider that they have no reputation. For each pageth incoming hyperarcs,
we give an initial valud /||V||, and compute the reputatidhR(p) as:

B GR(B) c
PRE)=(1=)x 2 1o @

Bel(p

wherec is the dampening factoftO(B)|| is the number of pages pointed by
block B, I(p) is the set of page blocks that point to page p, dwd is the
number of pages with incoming hyperarcs in the collection.

These two steps are repeated until the convergence of vaNmisce that, as in the
original Pagerank, the convergence is assured.

The computation of our version of Hyperindegree is strdagiaard and con-
sists of counting, for each page the number of Hyperarcs that reach it. Thus, the
Hyperindegree value ofis computed as:

HI(p)= > 1, ®3)

Bel(p)

where I(p) is defined as in Eq. (2).

5. Experiments

In this section we describe the environment setup for thex@nts, discuss the stud-
ied link analysis methods and present the experimentaltsesamparing our methods
to their corresponding graph based versions.

5.1. Environment Setup

We adopted for the experiments the WBRO3 collection, a reaich engine database
of the search engine TodoBR-omposed of 12,020,513 web pages collected from the
Brazilian Web in 2003. As depicted in Table 1, the WBRO03 aglten has 139,402,245
links valid between its pages and the average size of plainaieeach document

is 5Kb. This number of valid links indicates WBR03 has a hygbbnnected set of
pages, providing reach information for link analysis melho It represents a con-
siderably connected snapshot of the Brazilian Web communttich is probably as
diverse in content and link structure as the entire Web. Tivasbelieve it makes a
realistic testbed for our experiments. Table 1 presentemmdéormation about WBR03
collection.

In the experiments we have used queries extracted from afl@gnaillion
gueries submitted to TodoBR in order to evaluate the impaouo methods within

TodoBR is a trademark of Akwan Information Technologiesichiwas acquired by Google in July
2005.



Number of Pages 12,020,513 Number of Hosts 999,522
Number of Domains 141,284 Number of Links 139,402,245
Number of Hyperarcs (Host) 32,414,004 Number of Hyperarcs (Domain) 1,906,879
Average Plain Text Size 5kb

Table 1. Statistics about WBRO3 collection.

practical situations. We divided the query set into two ngrioups: (1)navigational
gueries, where the user is searching for a specific web site, andnf@)mational
gueries, where the user is searching for information on a given toftach group
was divided into popular queries and randomly selectediegiemhus we performed
experiments with four distinct query sets. All these setgjuéries were evaluated
by 15 people, all of them familiar with the Brazilian Web, inder to ensure more
reliability to our experiments.

The set of popular navigational queries was composed of @Ghed&st popu-
lar navigational queries found in the log. The set of randosdlected navigational
gueries was composed of 50 queries randomly selected frentoth For all navi-
gational queries the results were evaluated using MRR (MResiprocal Ranking),
which is the metric adopted for navigational queries on tR&ET Conferenceand is
the most common metric for evaluating the quality of resumltsavigational queries.

The set of popular informational queries contained the 58tmpopular queries
found in the log. The set of randomly selected informatiapedries was composed of
50 queries. We evaluated informational queries using theegaooling method used
within the TREC web collection [9]. We thus constructed gqueools containing the
first top 20 answers for each query and method. Then, we &ssessoutput in terms
of various precision based metrics. For each method, weiated the Mean Average
Precision (MAP) and the precision at the first 10 positionshaf resulted ranking
(P@10).

We processed both the navigational and the informationatigs according
to the user specifications, as extracted from the log: phrdsmlean conjunctive or
boolean disjunctive. We then experimented with the methotso scenarios: In the
first, no other piece of evidence was applied for computirgrémking, thus avoiding
interferences from evidence combination in the comparissnlts (these results will
be referred to asot combined). In the second scenario, we combined the link analysis
method with the result of the vector space model [12] overtéteual content of the
web pages and over the anchor text information, where eaghipaepresented by the
concatenation of all anchor text found in links that poinitto

Two combination approaches were experimented. One adepteEinbina-
tion using a Bayesian belief network framework, as it is desd in [5], and will be
referred to aBNC. Another one adopted a brute force training-based comnibmat

2http://trec.nist.gov/



method described in [6], and will be referred toBISC. This last scenario is useful
to provide a better idea about the impact of the methods iraetipal situation. For

this last scenario, we also experimented with the comlmnatiithout link analysis

in order to assert the impact of the link analysis method$énfinal ranking. In all

the experiments we adopted t-test to evaluate the stalisiignificance of the results
achieved. To provide information about the individual iropaf each experimented
method on the final ranking quality, we also present the tesdithe methods with no
combination at all, which is referred to as combination. However, it is important

to notice that page reputation is a query independent irdton, and thus a ranking
with no combination does not make sense. Results matbombination are provided

just for comparison of the relative impact of each methodachequery set.

5.2. Implemented Methods

To compare the results of using the hypergraph model withltse$ound in the lit-
erature, we implemented two link analysis methods preWopoposed: Pagerank
and Indegree. We also implemented a “domain-based Hyper&alg (referred to as
HyPRDom), a “host-based HyperPagerank” (referred to asRid3t), a “domain-
based Hyperindegree” (referred to as HylndDom), and a “dietbhased Hyperinde-
gree” (referred to as HylndHost).

The Pagerank was chosen for being considered a successful link analysis
method. It is also usually adopted as a baseline for linkyasmaln literature. It com-
putes the reputation of a page as the probability of a randofersvisiting that page.
Given a page, the Pagerank formula is:

B PR(g) = ¢
PRO)=(1=9> 3. [oi] * W

wherec is the dampening factolO(q)|| is the number of pages pointed by!(p) is
the set of pages that point to page p, & is the number of pages in the collection.

(4)

The Indegree consists of counting, for each pagthe number of incoming
links to p. While this is a quite naive method that is susceptible ts@@nd spam,
it is useful to provide a further example of how an appropritioice of the partition
criterion in the hypergraph model can improve the qualitird€ analysis methods.

Since the hypergraph approaches using host and domain menegally un-
consider internal links, we implemented variations of Pagk and Indegree that do
not consider such links in the web graph. Thus, we implentetiteee distinct ver-
sions of the Pagerank and Indegree methods: one is the arjgage-based version
considering all links (referred to as Pagerank and Indgges®ther is a host-based
version considering only links between pages in distinctfi¢referred to as PRHost
and IndHost), and a third is a domain-based version consglenly links between
pages in distinct domains (referred to as PRDom and IndD@&ugh variations are
useful to check whether the improvements achieved usingypergraph model are
due to the internal links removal or not.



5.3. Experimental Results

The experimental results are separated in two distincspé&itst, we present experi-
ments using the WBRO3 collection with four distinct typesqaery: popular naviga-
tional queries, randomly selected navigational queriepufar informational queries,
and randomly selected informational queries.

Tables 2 and 3 present the MRR results when processing tbémsgbular nav-
igational queries with the Pagerank versions and the lredegersions, respectively.
Notice that in all the tables the values indicatethagombinationare provided just to
allow a comparison of the impact of the methods in the queryss®e page reputation
is a query independent evidence, and thus a ranking usinhg flees not make sense.
Results indicate that the hypergraph versions of the mesthmololoth cases are superior
to the graph versions for this set of queries. We appliggst and all the differences
between the hypergraph versions of Pagerank and Indegcetham corresponding
graph versions are significant.

Pagerank Versions (popular navigational queries)
Method | no combination | BNC BFC
Pagerank 0.2727 0.4399| 0.4970
PRHost 0.2919 0.4336| 0.5054
PRDom 0.3835 0.5237| 0.6138
HyPRHost 0.5962 0.6032| 0.6825
HyPRDom 0.6630 0.7099| 0.7847

Table 2. Pagerank versions: Mean Reciprocal Rank (MRR) values for pop-
ular navigational queries in the collection WBR03, modeling the web as a
graph (Pagerank, PRHost and PRDom) and as a hypergraph (HyPRHost and

HyPRDom)
Indegree Versions (popular navigational querigs)
Method | no combination | BNC BFC
Indegree 0.5092 0.5661| 0.6500
IndHost 0.5273 0.5721| 0.5895
IndDom 0.6659 0.694 | 0.7565
HylndHost 0.5962 0.6094 | 0.6885
HylndDom 0.7494 0.7881| 0.8456

Table 3. Indegree versions: Mean Reciprocal Rank (MRR) values for popular
navigational queries in the collection WBR03, modeling the web as a graph
(Indegree, IndHost and IndDom) and as a hypergraph (HylndHost and HylInd-
Dom)

In all cases for popular navigational queries, the resuéisevimproved when
considering only external links, considering as exterhal links between domains
in domain-based methods and the links between hosts inbasstd methods. An



example of change in results can be seen when processingiging ‘®OL"3, where
the first two results provided by Indegree are blog pagestgainy many other blog
pages. The right answer is shown in the third position of tigegree versions in
Table 3. The Hyperindegree was not affected in this caseuecas expected, the
number of distinct domains pointing to the two mentionedybbages is far smaller
than the number of distinct domains pointing to the BOL horagey which is the
right answer and is pointed by a more diverse set of people.

The differences in results between PRDom and HyPRDomaimetvadeen In-
dDom and HylndDom are useful to show that the improvemermsat only due to
removal of internal links in the hypergraph, but a conseqgaesf the better represen-
tation of connections provided by the hypergraph model. ifstance, the PRDom
was the best Pagerank implementation when modeling the svalgeaph for naviga-
tional queries, which indicates that the removal of intetimks is positive for navi-
gational queries in the WBRO3 collection. However, for papmavigational queries,
the HyPRDomain method achieved a gain of 71% when comparteagerankDomain
when using only link analysis, 49% when using BNC to combitieeppieces of evi-
dence, and 27.8% when using BFC. These results indicaterifigrpance is not only
due to the removal of internal links, but a consequence ob#tter representation of
relationships between pages given by the hypergraph model.

Tables 2 and 3 also show that results obtained when consgpgoimains as the
partition criterion were superior when compared to theltesuhen using hosts. This
same conclusion is also obtained when experimenting tex gtrery types in WBRO03.
We examined the partitions created when using hosts as ttieqrecriterion in order
to investigate the reasons for its poor performance. Wedawt that it creates many
partition elements connected due to replication of hostis different names or due to
strongly related hosts, such as different hosts from a saetepartal. For instance,
the hosts “http://esportes.uol.com.br” and “http://garmel.com.br” are from the same
portal, and thus have hyperarcs connecting them to each dthese cases are quite
common in the web and create hyperarcs that are not likely twobsidered as votes
for quality. As a consequence, they reduce the quality afltesvhen using hosts as
the partition criterion. When using domain, this type ofsginformation is reduced.

Notice that in all cases the differences between the methoslattenuated
when the ranking function uses other evidences, howewehypergraph versions of
the link analysis strategies still result in improvementsew compared to their origi-
nal versions over the web graph. The results with the pomasigational query set
indicates the proposed model is specially useful for thgetef query. Thus, such
information could be used to improve results in a searchegyghat automatically
classifies the queries submitted to it according to theiupsogty.

Tables 4 and 5 present the results obtained when experimgethiz methods
with the set of randomly selected navigational queries. hia tase the impact of

3BOL (http://www.bol.uol.com.br/) is one of the largest Bilean web sites.



varying the method for computing page reputation is smaHarther, the advantages
of removing external links are attenuated, which is ex@diby the smaller number
of external links pointing to the searched pages in thisyjset.

The results with randomly selected queries measures tlezteggain in cases
where the search engine uses a single ranking function foramlgational queries.
As it can be seem in Table 4, the hypergraph versions of PakiekyPRHost and
HyPRDom, still achieve better results when compared to thplgversions of Pager-
ank. When comparing the hypergraph and graph Indegreeowsrgiresented in Ta-
ble 5, the results are quite close, with a slight advantaginéhypergraph when using
BNC combination and a slight advantage for the graph vessidren using BFC. Con-
sidering no combination, the best results were obtaineth&ynypergraph versions of
Indegree.

Pagerank Versions (random navigational queries)
Method | no combination | BNC BFC
Pagerank 0.2911 0.5939| 0.5878
PRHost 0.3428 0.5122| 0.586
PRDom 0.4564 0.6145| 0.7041
HyPRHost 0.5538 0.6445| 0.7221
HyPRDom 0.5849 0.6982| 0.7700

Table 4. Pagerank versions: Mean Reciprocal Rank (MRR) values for randomly
selected navigational queries in the collection WBR03, modeling the web as
a graph (Pagerank, PRHost and PRDom) and as a hypergraph (HyPRHost and

HyPRDom)
Indegree Versions (random navigational queries))
Method | no combination | BNC BFC
Indegree 0.4383 0.6301| 0.6924
IndHost 0.4524 0.5596| 0.7604
IndDom 0.5353 0.6495| 0.8219
HylndHost 0.5286 0.5838| 0.7484
HylndDom 0.6576 0.6972| 0.8152

Table 5. Indegree versions: Mean Reciprocal Rank (MRR) values for randomly
selected navigational queries in the collection WBR03, modeling the web as
agraph (Indegree, IndHost and IndDom) and as a hypergraph (HylIndHost and
HylndDom)

Tables 7 and 6 depict the results obtained for the informatiqueries. T-test
results obtained from comparisons between the graph anergmgph versions of the
methods indicate that there is no significant differencellitha comparative results.
The range of the results is tighter than for navigationalrigsebecause in this case
users are more interested in the content of the answer pagéed) makes the page
content more important than in navigational queries. Tlhuwer variation in the



Pagerank Versions (popular informational queries)
Method no comb. BNC BFC
MAP | P@10| MAP | P@10| MAP | P@10

Pagerank | 0.064 | 0.334 | 0.105| 0.456 | 0.428| 0.643
PRHost | 0.058| 0.300 | 0.095| 0.412 | 0.489| 0.757
PRDom | 0.053| 0.298 | 0.098 | 0.422 | 0.487| 0.757
HyPRHost| 0.067 | 0.370 | 0.099| 0.434 | 0.481| 0.753
HyPRDom| 0.057 | 0.312 | 0.093| 0.410 | 0.498| 0.777

Table 6. MAP and P@10 values for the popular informational queries in the col-
lection WBRO03, modeling the web as a graph (Pagerank, PRHost and PRDom)
and as a hypergraph (HyPRHost and HyPRDom)

Indegree Versions (popular informational queries)
Method no comb. BNC BFC
MAP | P@10| MAP | P@10| MAP | P@10

Indegree | 0.058| 0.316 | 0.108| 0.486 | 0.488| 0.763
IndHost | 0.053| 0.302 | 0.087| 0.394 | 0.473| 0.737
IndDom | 0.056| 0.306 | 0.081| 0.368 | 0.487 | 0.763
HylndHost | 0.056| 0.318 | 0.099| 0.452 | 0.473| 0.736
HylndDom | 0.066| 0.364 | 0.105| 0.428 | 0.495| 0.780

Table 7. Indegree versions: MAP and P@10 values for the popular informa-
tional queries in the collection WBRO03, modeling the web as a graph (Inde-
gree, IndHost and IndDom) and as a hypergraph (HylndHost and HylndDom)

quality of results is expected when changing only link asslgtrategies for this query
type.

Another important detail is that the training performed dyMresulted in a
function that gives low weight to the page reputation. Weleangented a combination
without using link analysis and the quality of results wamsikir to the ones obtained
with BFC including link analysis, meaning that the page tapan has low impact
on this type of query. We also performed experiments withrdrelomly selected
qguery set of informational queries and all the conclusioasanequivalent to the ones
obtained for popular informational queries. Thus we detidenot show the tables for
non-popular informational queries to avoid too much rejueti

In summary, the experiments presented indicate that HyRRthn be con-
sidered as a very good alternative for link analysis, belggltest option for naviga-
tional queries and giving performance equal to the remgimethods in informational
queries.

6. Conclusions and Future Work

The key advantage of using a hypergraph model of the web foapating page repu-
tation is to allow a modeling that controls the quality of wamnections represented.



This control is achieved by properly defining the partitiositezion adopted to create
hyperarcs. This flexibility opens an opportunity for funtiseudies on determining bet-
ter partition criteria and allows search engine desigrechbose the best hypergraph
abstraction for the target collection.

The experiments we conducted have shown how the hypergrapklroan be
used to provide a better estimation of page reputation apdove the final search en-
gine ranking. As examples of partition criteria, we havesprged a study with three
distinct kinds of partitions: page-based, host-based amdaih-based. We also have
shown examples of how to adapt previously proposed linkyaigimethods to the hy-
pergraph model. In the experiments performed with a rea saarch engine database,
WBRO03, the link analysis algorithms using hypergraph maidesented better results
for navigational than those obtained by their using tradii graph model, with no
loss for informational queries. This is an example of thesfide advantages of using
the hypergraph model.

As future directions we intend to investigate other alteuegpartitions of the
web collection. The idea is to determine the partitions dasethe desired proper-
ties in the hypergraph, such as content and relationshgpieridence between pages,
instead of using only the web hierarchy as a guide. Anothrection is to study possi-
ble correlations between the best partition criterion dredollection characteristics,
using other available web collections to perform the expenits.
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