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Abstract. In recent years, information retrieval methods focusing on the link
analysis have been developed; The PageRank and HITS are two typical ones
According to the hierarchical organization of Web pages, we could partition the
Web graph into blocks at different level, such as page level, directory level,
host level and domain level. On the basis of block, we could analyze the differ-
ent hyperlinks among pages. Several approaches proposed that the intra-
hyperlink in a host maybe less useful in computing the PageRank. However,
there are no reports on how concretely the intra- or inter-hyperlink affects the
PageRank. Furthermore, based on different block level, inter-hyperlink and in-
tra-hyperlink can be two relative concepts. Thus which level should be optimal
to distinguish the intra- or inter-hyperlink? And how the ratio set between the
intra-hyperlink and inter-hyperlink could ultimately improve performance of
the PageRank algorithm? In this paper, we analyze the link distribution at the
different block level and evaluate the importance of the intra- and inter-
hyperlink to PageRank on the TREC Web Track data set. Experiment shows
that, if we set the block at host level and the ratio of the weight between the in-
tra-hyperlink and inter-hyperlink is 1:4, the retrieval could achieve the best per-
formance.

1   Introduction

In recent years, several information retrieval methods using the information about the
link structure have been developed and proved to provide significant enhancement to
the performance of Web search in practice. Google’s PageRank[3][14] and Kein-
berg’s HITS[12] are two fundamental algorithms by employing the hyperlink struc-
ture among the Web page. A number of extensions to these two algorithms are also
proposed, such as [1][2][4][5][6][9][10][11]. All these link analysis algorithms are
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based on two assumptions: (1) the links convey human endorsement. If there is a link
from page u to page v, then the page v is deemed to be valuable to the author of page
u. Thus, the importance of page u can, in part, spread to the pages besides v it links to.
(2) Pages that are co-cited by a certain page are likely to share the same topic as well
as to help retrieval.

Considering the Web is a nested structure, the Web graph could be partitioned into
blocks according to the different level of Web structure, such as page level, directory
level, host level and domain level. We call such constructed Web graph as the block-
based Web graph, which is shown in Fig.1 (left). Furthermore, the hyperlink at the
block level could be divided into two types: Intra-hyperlink and Inter-hyperlink,
where inter-hyperlink is the hyperlink that links two Web pages over different blocks
while intra-hyperlink is the hyperlink that links two Web pages in the same block. As
shown in Fig1, the dash line represents the intra-hyperlink while the bold line repre-
sents the inter-hyperlink.  For example, when we partition the Web graph at the di-
rectory level, the web pages in the same directory are organized as a block. The hy-
perlinks which link two Web pages in the same directory are called as intra-hyperlink
while the hyperlinks which link two Web pages over different directories are called as
inter-hyperlink. There are several analysis on the block based Web graph. Kamvar et
al. [18] propose to utilize the block structure to accelerate the computation of PageR-
ank. Further analysis on the Website block could be seen in [13][15]. And the existed
methods about PageRank could be considered as the link analysis based on page level
in our approach. However, the intra-link and inter-link are not discriminated to be
taken as the same weight although several approaches proposed that the intra-
hyperlink in a host maybe less useful in computing the PageRank [7].

Fig. 1. Block-based Web graph

Since the intra-hyperlink and inter-hyperlink are two relative concepts based on
different block level, our motivation is to analyze the importance of the intra- and
inter-hyperlink to PageRank as well as find the optimal block level. Intuitively, we
consider a hyperlink from a page u to page v, if u and v belong to different host then v
will be more valuable for u taken an objective view, but if u and v belong to the same
host then the link is considered to be probably made for convenience of the Web



Exploiting PageRank at Different Block Level        243

browsing. Therefore it will be useful for the link analysis to analyze the hyperlink,
dividing them into links inside block (Intra-hyperlink) and links between the blocks
(Inter-hyperlink).

In this paper, we first analyze the distribution of hyperlink at the four different
block levels. Then, we construct the corresponding Web graph by leveraging the
weight of the inter-hyperlink and intra-hyperlink of the block. By assigning different
weight, we want to disclose which type of hyperlink are more useful to PageRank
algorithm and how the ratio set between the intra-hyperlink and inter-hyperlink could
achieve best performance on searching. Furthermore, we want to know which level
the PageRank algorithm could be an adaptive block to leverage the intra-hyperlink
and inter-hyperlink.

The contribution of this work can be summarized as follows.
 We first propose to construct the block based Web graph by partitioning Web

graph into the block according to page level, directory level, host level and
domain level, respectively.

 Based on the block based Web graph, the intra-hyperlink and inter-hyperlink
are discriminated to be set different ratio in calculating PageRank, from
which ratio 1:4 is found to be the best to ultimately improve the performance
of the Web search.

 We also evaluate four different segmentation of the Web graph, and show
that the host block is best level to distinguish the intra-hyperlink and the in-
ter-hyperlink.

   The rest of this paper is organized as follows. In Section 2, we review the PageRank
algorithm. In Section 3, we present the characteristics about the Web graph structure.
In Section 4, we show our ranking algorithm. Our experimental results are presented
in Section 5. Finally, conclusions and future works are discussed in Section 6.

2 PageRank

The basic idea of PageRank is that if page u has a link to page v, then the author of u
is implicitly conferring some importance to page v. Intuitively, Yahoo! is an impor-
tant page, reflected by the fact that many pages point to it. Likewise, pages promi-
nently pointed to from Yahoo! are themselves probably important. Then how much
importance does a page u confer to its outlinks?

 

Fig. 2. Web Graph
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Let Nu be the outdegree of page u, and let PR (u) represent the importance (i.e.,
PageRank) of page u. Then the link (u, v) confers PR(u)/Nu units of rank to v. This
simple idea leads to the following iterative fixpoint computation that yields the rank
vector over all of the pages on the Web. If n is the total number of pages, assign all
pages the initial value 1/ n. Let Bv represent the set of pages pointing to v. In each
iteration, propagate the ranks as follows:

  ∑
∈

+ =∀
vBu

u
ii

v NuPRvPR /)()( )()1( (1)

We continue the iterations until PR stabilizes to some threshold. The final vector
PR contains the PageRank vector over the Web. This vector is computed only once
after each crawl of the Web; the values can then be used to influence the ranking of
search results.

The process can also be expressed as the following eigenvector calculation, pro-
viding useful insight into PageRank. Let M be the square, stochastic matrix corre-
sponding to the directed Web graph G. If there is a link from page j to page i, then let
the matrix entry mij have the value 1/Nj . Let all other entries have the value 0. One
iteration of the previous fixpoint computation corresponds to the matrix-vector multi-

plication PRM × . Repeatedly multiplying PR  by M yields the dominant eigen-

vector PR  of the matrix M . In other words, PR is the solution to

PRMPR ×= (2)

Because MT is the stochastic transition matrix over the graph G, PageRank can be
viewed as the stationary probability distribution for the Markov chain induced by a
random walk on the Web graph.

However, in practice, many pages have no in-links (or the weight of them is 0),
and the eigenvector of the above equation is mostly zero. Therefore, the basic model
is modified to obtain an “actual model” using random walk. Upon browsing a web-
page, with the probability 1-ε, a user randomly chooses one of the links on the current
page and jumps to the page it links to; and with the probability ε, the user “reset” by
jumping to a web-page picked uniformly and at random from the collection. There-
fore the ranking formula is modified to the following form:

∑
∈
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n

ε
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Or, in the matrix form:

PRMεe
n

ε
PR )1( −+= (4)

where e  is the vector of all 1’s, and ε (0<ε<1) is a parameter. In our experiment, we
set ε to 0.15. Instead of computing an eigenvector, the simplest iterative method—
Jacobi iteration is used to resolve the equation.
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Table 1. Terminology using the sample URL http://cs.standford.edu/research/index.html

Term Example: cs.standford.edu/research/index.html
Domain
Host
Directory
Page

Standford.edu
cs.standford.edu
cs.standford.edu/research/
cs.standford.edu/research/index.html

3   Block Structure of the Web

The key terminology we use in the remaining discussion is given in Table 1.
As we known, the whole Web is a graph structure where the Web pages represent

the nodes and hyperlink between the Web pages represents the edge between nodes.
Such Web graph looks like a flat. All the nodes are considered as the same level and
all the hyperlinks are set equal weight in existed method about PageRank.

The fact is that the Web is also a hierarchical structure based on the organization of
the Web page, for example the website structure. Hence the Web graph is also a hier-
archical structure ranged from the Web page to the domain. We could partition the
Web graph into the blocks according to the four different views: page level, directory
level, host level and domain level. On the basis of different blocks, the hyperlink
could be divided into two types: Intra-hyperlink and Inter-hyperlink.

According to the analysis on Section 1, the weight of the hyperlink should be set
different weight when we compute the PageRank. The basic intuition is that the hy-
perlink within the same block is mainly for navigation while the link over the blocks
is for recommendation. So we should give the different weight to the two types of
link. In order to testify the intuition, we perform the PageRank on the modified Web
graph over the four different block levels Web graph.

To investigate the structure of the block based Web, we run the following simple
experiment. We take all the hyperlinks in the .GOV collection [20] , and count how
many of the links are “Intra-hyperlink” and “Inter-hyperlink” at different block level.

Table 2.  The Number of intra-hyperlink and inter-hyperlink at different level

Level Intra-hyperlink Inter-hyperlink

Domain 7342031   (97%) 227322     (3%)

Host 6506578   (86%) 1062775   (14%)

Directory 2956566   (39.1%) 4612787   (60.9%)

Page 0               ( 0% ) 7569353   (100%)

As shown in Table 2, the number of the intra-hyperlink and the inter-hyperlink at
four different level is different, so we also should evaluate which block level to dis-
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tinguish the intra-hyperlink and the inter-hyperlink could achieve the higher perform-
ance than other three levels.

4   PageRank at Different Level

In this section, we consider the different weight of the hyperlink according to the link
that belongs to the same block or across two different blocks. First, we construct a
matrix to represent the link graph, where each represents the weight of the link; then,
a modified link analysis algorithm is used on the matrix to calculate the importance of
the pages. Finally, we re-rank the Web pages based on two kinds to re-ranking me-
chanics: order-based re-ranking and score-based re-ranking.

4.1   Matrix Construction

The Web can be modeled as a directed graph G = (V, E) where V = {pi | 1≤i≤n} is the
set of vertices representing all the pages in the web, and E encompasses the set of
links between the pages. li,j∈E is used to denote that there exists a link between the
page pi and pj.

We propose to construct a new block-based Web graph instead of the original
page-based Web graph. This new graph is a weighted directed graph G′ = (V, E′),
where V is same as above and E′ encompasses the links between pages. Furthermore,
each link li,j∈E′ is associated with a new parameter wij denoting the weight of the page
pj to page pi, where the weight is calculated according to the hyperlink that is in the
block or between the block. In this paper, we tune the weight of the link by value wij:
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block samein          







=
ji

ji
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w

(5)

Where α and β  are the parameters. In this paper, we tune the α and β as the ratio
between inter-hyperlink and intra-hyperlink to evaluate how the different types of the
links affect the PageRank of the pages.

4.2   Modified PageRank

After obtaining the block-based Web structure, we apply a link analysis algorithm
similar to PageRank to re-rank the web-pages. We construct a matrix to describe the
graph. In particular, assume the graph contains n pages. The n×n adjacency matrix is
denoted by A and the entries A[i, j] is defined to be the weight of the links li,j.

The adjacency matrix is used to compute the rank score of each page. In an “ideal”
form, the rank score PRi of page pi is evaluated by a function on the rank scores of all
the pages that point to page pi  :
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∑
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This recursive definition gives each page a fraction of the rank of each page
pointing to it—inversely weighted by the strength of the links of that page. The above
equation can be written in the form of matrix as:

PRAPR = (7)

However, in practice, many pages have no in-links (or the weight of them is 0),
and the eigenvector of the above equation is mostly zero. Therefore, the basic model
is modified to obtain an “actual model” using random walk. Upon browsing a web-
page, with the probability 1-ε, a user randomly chooses one of the links on the current
page and jumps to the page it links to; and with the probability ε, the user “reset” by
jumping to a web-page picked uniformly and at random from the collection. There-
fore the ranking formula is modified to the following form:
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or, in the matrix form:

PRAεe
n

ε
PR )1( −+= (9)

where e  is the vector of all 1’s, and ε (0<ε<1) is a parameter. In our experiment, we
set ε to 0.15.

4.3   Re-ranking

The re-ranking mechanism is based on two types of linear combination: the score
based re-ranking and the order based re-ranking. The score based re-ranking uses a
linear combination of content-based similarity score and the PageRank value of all
web-pages:

Score(w) = λSim + (1- λ) PR    (λ∈ [0, 1]) (10)

where Sim is the content-based similarity between web-pages and query words,
and PR is the PageRank value.

The order based re-ranking is based on the rank orders of the web-pages. Here we
use a linear combination of pages’ positions in two lists in which one list is sorted by
similarity scores the other list is sorted by PageRank values. That is,

Score(w) = λOSim + (1- λ)OPR    (λ∈ [0, 1]) (11)

where OSim and OPR are positions of page w in similarity score list and PageRank list,
respectively.
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We have conducted the experiments that the order based re-ranking could achieve
higher performance than the score based re-ranking. So in this paper, we just impose
the order based re-ranking method for evaluation.

5   Evluation

In this section, several experiments were performed to compare four block level link
analysis algorithms, i.e. domain-based PageRank, host-based PageRank, directory-
based PageRank and traditional PageRank.

5.1   Experimental Environment

By 1999, link analysis and Web search in general have become a “hot” topic and a
special “Web Track” in the annual TREC benchmarking exercise [20] was dedicated
to Web search related tasks [19]. Topic Distillation task [6] is mainly evaluated using
the measure of precision at Top 10 and the goal of which is to find a small number of
key resources on a topic as opposed to the more conventional (ad-hoc) listing of rele-
vant pages. Topic Distillation, although not that far removed from ad-hoc is perhaps
more suited to Web search evaluation because it has been found that over 85% of
users never look beyond the first page of the results from any Web search [17].

In order to support the experiments of participants, TREC distributes test collec-
tions that consist of three components: a set of documents, a set of queries (called
topics) and a set of relevance judgments for each query.

In this paper, we do the analysis on the .GOV collection used in 2002(and 2003
also) TREC Web track, which are better reflect today’s WWW. The collection con-
sists of 1,247,753 documents from a fresh crawl of the Web pages made in early
2002. Among them, 1,053,372 are text/html, which are used in our experiment.
Finding for TREC-2002 illustrate that for some participants, the application of link
analysis did indeed improve retrieval performance in the new Topic Distillation task.
Link analysis can provide some extra useful information for ranking. This situation is
much like the real world Web search. So the corpus and queries are very suitable in
evaluating different link analysis algorithm.

They are totally 50 queries. The number of relevant pages (based on human judg-
ment) for each query ranged from 1 to 86 with average 10.32. Among them 31 que-
ries have less than 10 relevant pages, so the average P@10 is a litter bit low.

5.2   Relevance Weighting

In our experiments, we use BM2500 [16] as the relevance weighting function. It is of
the form:
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where Q is a query containing key terms T, tf is the term frequency in a specific
document, qtf is the frequency of the term within the topic from which Q was derived,
and w is the Robertson/Sparck Jones weight of T in Q. It is calculated by
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where N is the number of documents in the collection. n is the number of documents
containing the term, R is the number of documents relevant to a specific topic, and r
is the number of relevant documents containing the term. In our experiment, the R
and r are set to zero. In the equation 12, K is calculated by

k1((1-b)+b×dl/avdl) (14)

where dl and avdl denote the document length and the average document length. In
our experiments, we tune the k1=4.2, k3=1000, b=0.8 to achieve the best baseline (we
took the result of using relevance only as out baseline). The average precision is
0.1285. The P@10 is 0.112. Compared with the best result of TREC 2003 anticipants
(with P@10 of 0.128), this baseline is reasonable. TREC 2003 did not report the
average precision.

5.3   Performance of 50 Queries on .GOV Collection

In order to evaluate the importance of the intra-hyperlink and inter-hyperlink based
on the four block levels, we construct the Web graph by tuning the ratio between α
and β from 5:1 to 1:10 and calculate the p@10 average precision of 50 queries on the
Web TREC data.

Meanwhile, we combined the relevance rank with PageRank of four levels. We
chose the top 1000 results according to the relevance, and then we sorted these 1000
results according to their PageRank values. Thus, we get two ranking list. One is
according to the relevance and the other is according to importance. We tune the
parameter λ in equation 11 from 0.76 to 0.9.  The results of P@10 precision with λ
are shown in Fig 2, Fig 3, and Fig 4. When the ratio between α and β is set as 1:1, the
algorithm of the other three levels are performed as traditional PageRank algorithm.

As we can see from the Fig 3, Fig 4, and Fig 5, the different weight of the intra-
hyperlink and inter-hyperlink is sure to affect the performance of the P@10 precision.
Generally, the performance is better when the weight of the intra-hyperlink is lower
than that of the inter-hyperlink.

From the Fig 3, the directory-based PageRank could achieve the highest perform-
ance when we set the ratio between α and β as 1:7 while λ as 0.81.
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Fig. 3. Performance of directory-based PageRank
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Fig. 4. Performance of host-based PageRank

0.11

0.115

0.12

0.125

0.13

0.135

0.14

0.145

0.76 0.77 0.78 0.79 0.8 0.81 0.82 0.83 0.84 0.85 0.86 0.87 0.88 0.89 0.9
Lamda

P
@
1
0

(5:1) (4:1) (3:1) (2:1) (1:1) (1:2) (1:3)

(1:4) (1:5) (1:6) (1:7) (1:8) (1:9) (1:10)

Fig. 5. Performance of domain-based PageRank

From the Fig 4, host-based PageRank could achieve the highest performance when
we set the ratio between α and β as 1:4 while λ as 0.83.

From the Fig 5, domain-based PageRank could achieve the highest performance
when we set the ratio between α and β as 1:5 while λ as 0.81.
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Furthermore, we conduct the experiments to get which block level to leverage the
intra-hyperlink and inter-hyperlink could achieve the better performance than the
other three methods. As shown in Fig 6, the host-based PageRank could achieve
highest performance than other three block levels. To understand whether these im-
provements are statistically significant, we performed various t-tests. For the p@10
improvement, compared with PageRank, both other three block levels based PageR-
ank are significant (p-value is 0.028, 0.000916 and 0.000674, respectively).
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0.125

0.13

0.135

0.14

0.145
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lamda

P
@
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Domain Host Directory Page

Fig. 6. Comparison of four block levels’ PageRank

From the above experiments, we could infer that the inter-hyperlink should have
more importance than the intra-hyperlink when we calculate the importance of the
Web pages.  Generally, we should set the ratio between the intra-hyperlink and the
inter-hyperlink should be great than 1:3. Furthermore, if we distinguish the link from
the host block level, the link analysis could be getting the highest performance when
applying to the Web search.

6   Conclusion and Future Work

In this paper, we argued that the hyperlink should have different weight while tradi-
tional PageRank algorithms ignored this fact. Based on the hierarchical organization
of Web pages, we could divide the Web graph into the blocks according to four lev-
els: domain level block, host level block, directory level block and page level block.
We tune the ratio of the intra-hyperlink that inside a block and the inter-hyperlink
cross blocks to evaluate the performance of searching. The experimental results show
that when the ratio of weight is set to 1:4, the system could achieve the best perform-
ance. Meanwhile, the host level block could achieve the higher performance than
other three levels segmentation.
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