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Jingqian Xu 
 

Prof. Xinhua Zhuang, Thesis Supervisor 
 

ABSTRACT 
 

The World Wide Web creates many new challenges to information retrieval [1]. 

As the information on Web grows so rapidly, the need of a user efficiently searching 

some specific piece of information becomes increasingly imperative. The sheer mass 

and almost anarchic structure of the Web makes effective search difficult. Some good 

search engine alleviate the problem to some extent by ranking the search results based 

on the relevancy of the Web pages to user’s query. They aim to place the most 

prominent pages at high ranks.  

    Most of current search engines work by first retrieving a set of Web pages based 

on traditional text-based search engine and then applying link-based page ranking 

algorithms to rank this set of Web pages. Though those link-based ranking algorithm 

do extract the potential relationship among the Web pages and improve the Internet 

search to some extent, they have several problems. One of the most important 

problems is computation complexity since the convergence of those 

eigenvector-based ranking algorithms requires iteration which is computationally 

expensive.  

    Full Similarity-based Ranking (FSBR) using densely connected clustering, a 

novel approach for Web page ranking, is proposed by Prof. Xinhua Zhuang.  Under 

his advising, I did thorough literature overview, proposed a novel Subgraph 
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Chaining Expansion algorithm, built testbed, implemented FSBR algorithm, and 

conducted simulation and extensive experiments.  

    FSBR is a generic full similarity-based ranking scheme. It allows similarity 

measures built on link structure and other ranking contributable features. It finds 

similarity-based densely connected clusters, which are believed to play a significant 

role in page ranking and topic analysis, and use them in page ranking. Unlike popular 

eigenvector-based ranking algorithms, our scheme does not require complex iterations; 

hence it has a much lower computational complexity. The experimental results also 

show that FSBR provides much higher accuracy than the HITS page ranking 

algorithm. 

 

Keywords: Information retrieval, search engine, page ranking, link-based page 

ranking, text-based page ranking, clustering. 
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Chapter 1    Introduction 

 
 
 

    Ranking is an integral yet important component of any information retrieval 

system [5]. Over the past decade, the Web has grown exponentially both in size and 

variety. As this rapid growth of WWW, a simple keyword search could match 

hundreds of thousands of Web pages. A human usually can check only the first 

twenty or some more URLs returned by the search engines. So users rely heavily on 

search engines to not only retrieve the Web pages related to their information need but 

also correctly rank those Web pages according to their relevance to the user’s query 

when displaying. Thus, the ordering of the search results becomes a crucial factor to 

evaluate the effectiveness of a search engine. 

    Given a query, text-based search engines normally return a large number of 

relevant Web pages. To be more effective, the returned pages must be adequately 

ranked according to their importance with respect to the user’s information need. Link 

graph features derived from hyperlinks on Web pages such as in-degree and 

out-degree have been shown to significantly improve the performance of the 

text-based retrieval algorithms on the Web.  

    In the past, link-based page ranking has been treated as an eigensystem problem. 

The idea of using eigenvector to do ranking originated from Kendall and Wei [1, 2] in 

1950’s, and the method has acquired considerable currency today because of the vast 

usage of Web applications. Two most representative link-based page ranking 
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algorithms are PageRank [1] and HITS (Hypertext Induced Selection) [2].  

PageRank was proposed by Lawrence Page and Sergey Brin, the graduate 

students of Stanford, in 1998, and has been used as the core ranking algorithm of 

Google, today’s most widely used search engine. The basic idea of PageRank is that a 

page is considered important if many other important pages link to it. So within the 

concept of PageRank, the rank of a page is given by the rank of those pages which 

link to it. Hence, the PageRank of a document is always determined recursively by the 

PageRank of other documents. PageRank score of each page is pre-computed for the 

entire Web graph, which contains more than 50 billion pages today, and must be 

upgraded periodically (e.g., every three months or so) and each upgrading needs 

hundreds of thousand high-end computers and 3~5 days to finish.    

    HITS was proposed by Kleinburg in 1999 and is now used by Ask.com. While 

Stanford was developing PageRank, the IBM Almaden research center was defining 

HITS. The notion behind HITS is the discrimination between authorities and hubs. 

Authorities are pages with good content, whereas hubs are pages with links to good 

pages. Hubs and Authorities exhibit a mutually reinforcement relationship. Unlike 

PageRank, HITS is not a global ranking algorithm. It is query-dependent and is 

computed at query time.  

    However, both of these two algorithms have their shortcomings. Original 

PageRank algorithm is query-independent and cannot by itself distinguish between 

pages that are authoritative in general and pages that are authoritative on the query 

topic. Original HITS algorithm uses similarity measures only partially and is 
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susceptible to spamming. Also both algorithms are eigenvector-based, so 

computational complexity is a big issue, especially to PageRank. The Full 

Similarity-based Ranking (FSBR) algorithm is query-dependent and costs much less 

computational effort in comparison to HITS; it exploits similarity measures fully for 

more accurate ranking and is spamming-resistant.  

    This thesis is organized as follows: it first introduces some related mathematical 

background knowledge and provides a brief review of current literature on page 

ranking algorithms. Then the following section will introduce the Full 

Similarity-based Ranking (FSBR) scheme. In the next section, experimental results 

will be presented and analyzed against the eigenvector-based clustering and ranking 

method. In the final section, I’ll draw a conclusion of our work and discuss the future 

work. 
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Chapter 2    Literature Overview 

 
 
 

2.1 Mathematical background and fundamentals  

    Before looking into page ranking problems, some mathematical fundamentals are 

introduced first. 

2.1.1 Eigenvalue and Eigenvector  

    A linear transformation may be considered to operate on a vector to change it, 

usually both its magnitude and its direction. An eigenvector of a linear transformation 

is a vector which is simply multiplied by a constant called eigenvalue during that 

transformation. The direction of the vector is either unchanged by that transformation 

(for positive eigenvalue) or reversed (for negative eigenvalue). An eigenspace of a 

given transformation is the set of all eigenvectors of that transformation that have the 

same eigenvalue, together with zero vectors. An eigenspace is a subspace of vector 

space. In linear algebra, every linear transformation can be given by a matrix.  

o A symmetric nn× matrix A has at most n distinct eigenvalues, each of them a real 

number, and the sum of their multiplicities is exactly n. If A has only 

non-negative entries, then the principal eigenvector of A has only nonnegative 

entries. 

o Computing eigenvalues and eigenvectors of matrices: if the matrix is small, we 

can compute them symbolically using characteristic polynomial. However, in 

real-world applications, computing the characteristic polynomial of large matrices 
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becomes expensive in itself, and exact roots of a high-degree polynomial can be 

difficult to compute and express: the Abel-Ruffini theorem implies that the roots 

of high-degree (5 and above) polynomials cannot be expressed simply using nth 

roots. Effective numerical algorithms for approximating roots of polynomials exist, 

but small errors in eigenvalues can lead to large errors in the eigenvectors. 

Therefore, general algorithms to find eigenvectors and eigenvalues are iterative. 

The easiest method is power method. The method is easy but not very useful by 

itself. However, popular methods such as QR algorithm are based on it.  

o Eigenvalues of a graph: In mathematics, spectral graph theory is the study of 

properties of a graph in relationship to the characteristic polynomial, eigenvalues, 

and eigenvectors of its adjacency matrix or Laplacian matrix. In spectral graph 

theory, an eigenvalue of a graph is defined as an eigenvalue of the graph’s 

adjacency matrix A and the principal eigenvector of a graph is defined as either 

the eigenvector corresponding to the largest eigenvalue of A. The principal 

eigenvector is used to measure the centrality of graph’s vertices. An example is 

Google’s PageRank algorithm. The principal eigenvector of a modified adjacency 

matrix of the WWW graph gives the page ranks using its components. This 

principal eigenvector corresponds to the stationary distribution of the Markov 

chain represented by the row-normalized adjacency matrix; however, the 

adjacency matrix must first be modified to ensure that a stationary distribution 

exists. The second principal eigenvector can be used to partition the graph into 

clusters, via spectral clustering. 
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2.1.2 Markov Chain  

    In mathematics, a Markov chain, named after Andrey Markov, is a discrete-time 

stochastic process.  

    Reducibility: A state j is said to be accessible from state i (written as ji ↔ ) if, 

given that we are in state i, there is a non-zero probability that at some time in the 

future, we will be in state j. A state i is said to communicate with state j (written 

as ji ↔ ) if it is true that i is accessible from j and j is accessible from i. A set of 

states C is a communicating class if every pair of states in C communicates with each 

other. A communicating class is closed if the probability of leaving the class is zero, 

namely, if i is in C but j is not, then j is not accessible from i. Finally, a Markov chain 

is said to be irreducible if its states space is a communicating class; this means that, in 

an irreducible Markov chain, it is possible to get to any state from any other state. 

o Evolution of Markov chain and stationary distribution:  

If gM  is an irreducible, aperiodic Markov chain: 

• All states are positive recurrent 

• kp  converges to W, where each row of W is the same (and equal to π , 

say) 

• π  is the unique vector for which ππ =P  

    Markov chain is important in some Internet applications. The PageRank of a 

webpage as used by Google is defined by a Markov chain. It is the probability to be at 

page i in the stationary distribution on the following Markov chain on all (known) 

WebPages. If N is the number of known WebPages, and a page i has jk  links then it 
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has transition probability Nqkq j //)1( +−  for all pages that are linked to and 

Nq /  for all pages that are not linked to. The parameter q  is taken to be about 0.15. 

Markov model has also been used to analyze web navigation behavior of users. A 

user’s web link transition on a particular website can be modeled using first or second 

Markov models and can be used to make predictions regarding future navigation and 

to personalize the web page for an individual user. 

2.1.3 Perron-Frobenius Theorem 

    In Mathematics, the Perron-Frobenius theorem, named after Oskar Perron and 

Ferdinand George Frobenius, is a theorem in matrix theory about the eigenvalues and 

eigenvectors of a real positive nn×  matrix: 

    Let )( ijaA = be a real nn×  matrix with positive entries 0>ija , then the 

following statements hold: 

o    There is a positive real eigenvalue r  of A  such that any other eigenvalue λ  

satisfies r<λ . This means that the spectral radius of the matrix A coincides 

with r .  

o    The eigenvalue r is simple: r is a simple root of the characteristic polynomial 

of A . In particular, both the right and left eigenspace associated to r  are 

1-dimensional. 

o     There is a left (respectively, right) eigenvector associated with r    having all 

positive entries. This means that there exists a row-vector ),...,,( 21 nvvvv =  

and a column-vector T
nwwww ),...,,( 21=  with positive entries 0,0 >> ii wv  

such that rwAwrvvA == , . The vector v  (respectively, w ) is then called a 
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left (respectively, right) positive eigenvectors associated with r . In particular, 

there exists two uniquely determined left (respectively, right) positive 

eigenvectors associated with r (sometimes also called “stochastic” 

eigenvectors) normv  and normw  such that 1∑∑ ==
i

i
i

i wv . 

o   One has the eigenvalue estimate
∑≤≤∑

j
ji

ij
ji

i
ara ,, maxmin

. 

 

    This theorem applies in particular to a positive stochastic matrix. In this case, the 

Perron-Frobenius theorem asserts that (provided all entries are strictly positive) the 

eigenvalue 1=λ  is simple and all other eigenvalues 1≠λ of A  satisfy 1<λ . 

Also, in this case there exists a vector having positive entries, summing to 1, which is 

a right (respectively, left) positive eigenvector associated to the eigenvalue 1=λ . 

Both properties can then be used in combination to show that the limit 

k

k
AA

∞→∞ = lim: exists and is a positive stochastic matrix of rank one. If A  is left 

(respectively, right) stochastic, ∞A is again left (respectively, right) stochastic. Its 

entries are determined by the stochastic left (respectively, right) eigenvectors normv  

and normw  introduced above. If A  is right (respectively, left) stochastic then the 

entry ija  of ∞A is equal to the jth entry of normv  (respectively, the ith entry of 

normw ). 

    This result has a natural interpretation in the theory of finite Markov chains, 

where it is the matrix-theoretic equivalent of the convergence of a finite Markov chain, 

formulated in terms of the transition matrix of the chain. The Perron-Frobenius 

theorem can be further generalized to the class of block-indecomposable 
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non-negative matrices (also called “irreducible”). This generalization of the 

Perron-Frobenius theorem has a particular use in algebraic graph theory. If the 

“underlying graph” of such a nonnegative real nn×  matrix is strongly connected 

(which means that every two nodes can communicate with each other), then the 

matrix is irreducible, and thus the generalized Perron-Frobenius theorem applies. In 

particular, the adjacency matrix of a connected graph is irreducible. 

2.1.4 Random Walk 

    A random walk is a formalization of an intuitive idea of taking successive steps, 

each in a random direction. The simplest random walk is a path constructed according 

to the following rules: 

o There is a staring point 

o The distance from one point in the path to the next is a constant 

o The direction from one point in the path to the next is chosen at random, and no 

direction is more probable than another 

o In WWW, random walks are used to estimate the size of the web  

o Markov Chain Monte Carlo often sampling from some complicated state space 

also allows one to get a probabilistic estimate of the space’s size. The estimate of 

the permanent of a large matrix of zeros and ones was the first major problem 

tackled using this approach. A random walk on a graph is a very special case of a 

Markov chain. Unlike a general Markov chain, random walk on a graph enjoys a 

property called time symmetry or reversibility. Roughly speaking, this property, 

also called the principle of detailed balance, means that the probabilities to 
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traverse a given path in one direction or in the other have a very simple 

connection between them. This property has important consequences. 

 

2.2 Eigenvector-based Page Ranking 

    The idea of using eigenvector to do ranking is due to Kendall and Wei [6, 7] in 

1950’s, and the method has acquired considerable currency today because of Web 

applications. Among those eigensystem-based ranking schemes, there are two 

dominate methods: PageRank and HITS. A brief description of each is given below: 

2.2.1 PageRank   

    In [1], Page and Brin proposed the idea that a page which is referenced by other 

pages frequently should be considered as important, while a page referenced by few 

pages should be considered less important. More specifically, the importance of each 

Web site is proportional to the sum of the importance of all of the sites that link to it. 

    So the system of equations might look like this: 

......
)(

)(

1088949773329110012

9744151

=
+++=

++=
xxxxKx

xxxKx
 

    K is a factor used for normalization so that total rank of all pages is constant. 

    Through Web pages’ link structure, we can get an adjacency nn×  matrix A, 

whose (i, j) entry jia ,  is 1 if Web site j links to Web site i, and is 0 otherwise. Then 

we can rewrite the above equations as  

),...,2,1(
1

, nixaKx
n

j
jjii == ∑

=

 

    So this is an eigenvalue and eigenvector problem. The vector of importance that 
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we are looking for is an eigenvector of the matrix A. To find it, we might, for instance, 

find all the eigenvectors of A and use the one that has all of its components positive. 

Once we have this eigenvector of A, the most important Web site is the one with the 

largest entry in that eigenvector, the next most important has the second largest entry 

and so forth. Following is a small numerical example: let  

         

⎟
⎟
⎟
⎟
⎟
⎟
⎟
⎟

⎠

⎞

⎜
⎜
⎜
⎜
⎜
⎜
⎜
⎜

⎝

⎛

=

010011
100111
110101
001000
010001
010010

A  

 

represent the adjacency matrix of 6 Web pages. The eigenvector of this matrix whose 

entries are all positive is (0.31, 0.31, 0.22, 0.57, 0.50, 0.43). So we can know that the 

most important page is the 4th page, followed by page 5, 6, 1, 2, 3.  

    The idea has lots of applications in ranking things or people in order of 

importance based on some measure of the influence that they have over each other. 

For example, to find the top 10 college football teams in the USA, if ix  is the 

strength of the ith football team, and let’s say ix  is proportional to the sum of the 

strengths of all of the teams that the ith team defeated, then we have the above 

equation again, where now the matrix entry jia ,  is 1 if team i defeated team j and is 

0 otherwise. So we can find its eigenvectors and look for the one in which all of the 

entries have the same sign. In that eigenvector, the largest entry would tell you the 

team of first rank, the next largest entry would belong to the team of second rank, etc. 

    Google uses a variant of this idea to find the importance of a large number of 
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Web pages. The basic idea is that votes (links) from important sites should carry more 

weight than votes (links) from less important sites, and the significance of a vote (link) 

from any source should be tempered (or scaled) by the number of sites the source is 

voting for (linking to). So the rank of page P is defined as follows: 

∑
∈

=
pBQ Q

QrPr )()(  

Where { }PtoingpopagesallBp int=  

QfromoutlinksofnumberQ =  

    This is a recursive definition, so computation necessarily requires iteration. If 
there are n pages, P1, P2, …, Pn, arbitrarily assign each page an initial ranking, say, 

n
Pr i

1)(0 = , then we can successively refine the ranking by computing 

∑
∈

−=
ipBQ

j
ij Q

Qr
Pr

)(
)( 1  

This is accomplished by setting ( )),(),...,(),( 21 njjj
T
j PrPrPr=π  and iteratively 

computing PT
j

T
j 1−= ππ  where P is the matrix with 

⎪⎭

⎪
⎬
⎫

⎪⎩

⎪
⎨
⎧

=
otherwise

PtolinksPif
Pp ji

iij

0

1
 

 

    The “raw” of Google matrix P is nonnegative with row sums equal to 1 or 0. 

Zero row sums correspond to pages that have no outlinks (which are usually referred 

to as dangling nodes). We may assume for a moment that there are no dangling nodes. 

In practice, Google removes those dangling nodes when computing the PageRanks 

and add them back after computing. Or those dangling links are accounted for by 

artificially adding appropriate links to make all row sums equal to 1, then P is a row 
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stochastic matrix, which in turn means that the PageRank iteration represents the 

evolution of a Markov chain. More precisely, this Markov chain is a random walk on 

the graph defined by the link structure of the web pages in Google’s database. P is a 

square transition probability matrix whose element pi,j is the probability of moving 

from state i (page i ) to state j (page j) in one step (click). According to 

Perron-Frobenius theorem, the principal eigenvalue for every stochastic matrix P 

is 1=λ . So if the PageRank iteration converges, it converges to the normalized 

left-hand eigenvector Tπ  satisfying 

)(1, onesallofcolumnaiseeP TTT == πππ  which is the stationary 

distribution of the Markov chain. However, in the setting of WWW, this is only the 

raw idea. For both theoretical and practical reasons, the matrix P must be adjusted. 

    First, as noted earlier, the original Google matrix may fail to be a stochastic 

matrix because of the dangling nodes. This may be easily remedied by replacing each 

zero row with n
eT

  where n is the order of P. Call this new matrix P  . P  is a 

matrix whose elements are defined as follows: 

If the sum of the ith row is not zero, then 
⎪⎭

⎪
⎬
⎫

⎪⎩

⎪
⎨
⎧

=
otherwise

PtolinksPif
Pp ji

iij

0

1
 

If the sum of the ith row is zero, then 
n

pij
1

=  

    The second problem is that P  may be a reducible matrix or the underlying 

chain is reducible; namely, the chain may contain sets of states in which the chain 

eventually becomes trapped. For example, if web page i contains only a link to page j, 

and page j contains only a link to page i, then Google’s random surfer who hits 
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either page i or j is trapped into these two pages, which is the essence of reducibility. 

Irreducibility is a desirable property because it is precisely the feature that guarantees 

that a Markov chain possesses a unique (and positive) distribution vector according to 

the Perron-Frobenius theorem. Hence further adjustment is needed to ensure 

irreducibility. In Google, they call it the problem of a rank sink. Brin and Page force 

irreducibility into the picture by making every state directly reachable from every 

other state. They originally did so by adding a perturbation matrix n
eeE

T
=  to P  

to form EPP )1( αα −+= where α  is a scalar between 0 and 1. The Google 

reasoning was that this stochastic matrix models a Web surfer’s “teleportation” 

tendency to randomly jump to a new page by entering a URL on the command line, 

and it assumes that each URL has an equal likelihood of being chosen. Later Google 

adopted a more realistic and less democratic stance by using a better and more 

flexible perturbation matrix TevE =  where the “personalization” vector Tv is a 

non-uniform probability vector for teleporting to particular pages. They called this 

vector a rank source. EPP )1( αα −+=  is a convex combination of two stochastic 

matrices P  and E such that P  is a stochastic and irreducible and hence P  

possesses a unique stationary distribution. P  is a matrix, whose elements are defined 

as follows.  

If the sum of the ith row is not zero, then 

⎪⎭

⎪
⎬
⎫

⎪⎩

⎪
⎨
⎧

−

−+
=

otherwisev

PtolinksPifv
Pp

j

jij
iij

)1(

)1(

α

αα
 

If the sum of the ith row is zero, then jij v
n

p )1( αα
−+=  
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Some potential issues with PageRank are summarized as follows: 

1. Several ways of forcing irreducibility have been suggested and analyzed. 

Minimally irreducible approach alters the nature of the chain significantly 

less; 

2. Ideas for filling in the entries of P have been suggested; 

3. How to fasten the computation and convergence time. 

2.2.2 HITS (Hypertext Induced Topic Selection) 

    In [2], Kleinberg introduced this link analysis page ranking algorithm. HITS uses 

two values for each page, the authority value and the hub value. Both PageRank and 

HITS are iterative algorithms based on the linkage of the web pages. Different from 

the PageRank algorithm which is a global ranking algorithm, the HITS algorithm 

constructs a focused subgraph of the WWW, based on the initial results returned by 

text-based query analyzers. 

    HITS algorithm works as follows: 

1.Construct a focused subgraph of the WWW 
(1) Use the traditional text-based search engine to obtain t (e.g., 200) 

highest-ranked pages which is referred to as root set σR for the query σ   

(2) Do a small focused crawling starting from the root set to identify a larger 

collection of the web pages which is referred to as base set σS using the 

following procedure: 

1) Initially σS includes only the pages in σR  

2) Growing σS to include 

i.  any pages pointed by the pages in σR   

ii. a limited (e.g., 50) pages that points to each page in σR  
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(3) Then construct a subgraph of the WWW σG using the pages in σS (where 

nodes are those pages in σS  and edges are the links between those pages).  

(4) Delete all links between those pages that share the same domain name in their 

URL since their existence often serves purely as a navigation tool for the 

infrastructure of a site: a heuristic useful to effectively reduce the size of the 

base set 

Now we have a relatively focused subgraph on the query topic. That’s why HITS 

is a query-specific ranking algorithm. 

2. Computing hubs and authorities 

(1) Basic idea 

Authoritative pages relevant to the initial query should not only have large 

in-degree. Since they are authorities on a common topic, they should have a 

considerable overlap in the sets of pages that point to them. Thus in addition to 

find authoritative pages, they also want to find what could be called hubs. It is 

those hubs that “pull together” the authorities on a common topic and throw out 

unrelated pages of large in-degree. 

(2) What are an authoritative page and a hub page? 

1) Authoritative page: a relevant page that many other relevant pages have 

referenced to (large number of incoming links) 

2) Hub page: a relevant page that links to several authoritative pages   

(3) Mutually reinforcing relationship 

    A good hub is a page that links to many good authorities and a good 
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authority is a page that is linked by many good hubs, thus hubs and authorities 

exhibit what could be called a mutually reinforcing relationship. 

(4) Iterative algorithm 

    Each page p is associated with a non-negative authority weight px and a 

non-negative hub weight py .  Weights are normalized so that their squares sum 

to 1: ( )∑ ∈
=

σSp
px 1

2
 and ( )∑ ∈

=
σSp

py 1
2

. 

Naturally the mutually reinforcing relationship between hubs and authorities can 

be expressed like this: if p points to many pages with high x-values (good 

authorities), then it should be considered a good hub, hence receive a large y-value; 

if p is pointed by many pages with high y-values (good hubs), then it should be 

considered a good authority, hence receive a large x-value. 

Apply the following iterative algorithm to those pages to achieve this idea: 

I operation:                                                   
(authority weight) 

O operation:                                                   
(hub weight) 

Apply I and O operations in an alternative fashion so that a fixed point will be 

reached. 

(5) Linear algebra behind the basic HITS algorithm 

From the subgraph σG obtained in 1, we can get an adjacency matrix of this 

subgraph denoted by A, where the ( )ji, -th entry of A is 1 if ( )ji pp ,  is an edge 

of σG , and is 0 otherwise. So the above two operations can be rewritten as: 

yAx T←  

Axy ←  

x  is a vector whose elements are the x-value of each page in the subgraph, and 

∑
∈

←
Epqq

qp yx
),(:

∑
∈

←
Eqpq

qp xy
),(:
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y  is a vector whose elements are the y-value of each page in the subgraph. 

In [2], it is proved that the sequence ,...,, 321 xxx and ,...,, 321 yyy converge to 

limits *x and *y  , respectively: 

Proof:  

(1) For the two operations yAx T← and Axy ← , let kx be the unit vector in the 

direction of zAAA TkT 1)( −  and ky  the unit vector in the direction of zAA kT )( .  

(2)According to a standard result of linear algebra ([5]), if M is a symmetric nn×  

matrix, and v is a vector not orthogonal to the principal eigenvector )(1 Mω , then 

the unit vector in the direction of vM k converges to )(1 Mω  as k increases to 

infinity. 

The proof of convergence also yields the conclusion that *x  is the principal 

eigenvector of AAT  and *y  is the principal eigenvector of  TAA  . 

3. Find the pages with c largest coordinates in  kx   and  ky  as authorities or 

hubs, respectively. 

The advantage of HITS is its dual ranking. It produces two ranking lists: one with 

the most authoritative documents related to the query; one with the most “hubby” 

documents. Furthermore, HITS reduces the global ranking of all the Web pages to 

the finding of principal eigenvector of much smaller matrices.  

The disadvantages of HITS are:  

• First, it exploits only partial information conveyed in co-citation and 

bibliographic coupling matrices. 

• Second, it uses only principle eigenvectors of co-citation and bibliographic 

coupling matrices that are sensitive to spamming. 

• Third, HITS has a problem of topic drift. Some very 
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authoritative yet off-topic documents may be included in the neighborhood 

graph for a query, thus can carry too much weight that it and its 

neighboring documents dominate the relevant ranked list. 

 
 

2.3 Clustering 

    Link-based clustering in the context of bibliometrics, hypertext and the WWW 

has focused largely on the problem of decomposing an explicitly represented 

collection of nodes into a “cohesive” subset. But it has been mainly applied to a 

moderately sized set of objects such as a focused collection of scientific journals, or 

the set of pages on a single website.  

2.3.1 Brief Overview of Clustering Methods 

    Generally speaking, clustering requires an underlying similarity function among 

objects and a method for producing clusters from similarity function: 

• Similarity function  

Two basic similarity functions on documents from the bibliometrics are 

bibliographic coupling [8] and co-citation [9]. For a pair of documents p and q, 

the bibliographic coupling function calculates the number of documents cited 

by both p and q, and the co-citation function calculates the number of 

documents that cite both p and q. Co-citation has been used as a measure of 

similarity of WWW pages by Larson [10] and Pitkow and Pirolli [11]. Weiss 

et al. [12] define link-based similarity measures for pages in a hypertext 

environment that generalize co-citation and bibliographic coupling to allow 
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for arbitrarily long chains of links. 

• Methods for producing clusters from a set of nodes annotated with such 

similarity information 

o Small and Griffith [13] use breadth-first search to compute the 

connected components of the undirected graph in which two nodes are 

joined by an edge if and only if they have a positive co-citation value 

o Principle Components Analysis [14, 15] and related 

dimension-reduction techniques are used to cluster a collection of 

nodes. Principal Component Analysis is a technique used to reduce 

high-dimensional data set to lower dimensions for analysis. One begins 

with a matrix M containing the similarity information between pairs of 

nodes and a representation (based on this matrix) of each node i as a 

high-dimensional vector { }iv . One can then use the first few 

non-principal eigenvectors of the similarity matrix M to define a 

low-dimensional subspace into which the vectors { }iv can be projected. 

Standard theorems of linear algebra proved that the projection onto the 

first k eigenvectors produces the minimum distortion over all 

k-dimensional projection of the data. 

    The clustering of documents and hyperlinked pages can rely on combinations of 

textual and link-based information.  

    Two other eigenvector-based approaches to clustering that are applied to the link 

structures are as follows. 
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• Spectral Graph Partitioning  

Spectral graph partitioning methods [6] relate sparsely connected partitions of 

an undirected graph G to the eigenvalues and eigenvectors of its adjacency 

matrix A. Each eigenvector of A has a single coordinate for each node of G, 

and thus can be viewed as an assignment of weights to the nodes of G. Each 

non-principal eigenvector may have both positive and negative coordinates. 

One fundamental heuristic to emerge from the study of the spectral methods is 

that the nodes corresponding to the large positive coordinates of a given 

eigenvector tend to be very sparsely connected to the nodes corresponding to 

the large negative coordinates of the same eigenvector [4]. Centroid Scaling 

•   Centroid scaling 

Centroid scaling is a clustering method designed for representing two types of 

objects in a common space [20]. In its formulation, it resembles the definition 

of hubs and authorities, which use an eigenvector approach to produce related 

sets of weights for two distinct types of objects. A fundamental difference is 

that centroid scaling methods are typically not concerned with interpreting 

only the largest coordinates in the representations they produce, but rather, the 

goal is to infer a notion of similarity among a set of objects by geometric 

means.  

2.3.2 Eigenvector-based Clustering in HITS 

    The use of eigenvectors for clustering link structures is a technique that can be 

understood directly at the level of the underlying graph model. The use of 



 

22

eigenvectors for the purpose of partitioning a graph was introduced by Donath and 

Hoffman in [16] and has been studied in the area of graph algorithms extensively ever 

since. A large body of results now exists, relating spectral properties of adjacency 

matrices to combinatorial properties of the associated graphs. It has been observed 

that the identification of “high-quality” web pages can be reduced to a sparse 

eigenvalue and eigenvector problem of the adjacency matrix of the linked graph. In 

1998, Kleinberg [2] provided an analysis that each eigenvector creates a web 

clustering. But the method underlying HITS is technically different from that of [16] 

since HITS does not partition the “Web graph”, though the heuristic intuition 

underlying both is quite similar. Instead, it distills authorities and hubs for each 

community. The most important web community corresponds to the principal 

eigenvector and the element values with each eigenvector represent a ranking of web 

pages.  

    What are web communities? 

    Hyperlinks provide us a good way to extract implicit information about the 

creators of the Web pages and the structure of the WWW. In [17], the notion of 

“hyperlinked communities” is developed through the analysis of the link structure of 

the WWW. Each community can be viewed as containing a core of central: 

“authoritative” pages linked by “hub” pages. 

    In the basic HITS algorithm (described above), it finds the most densely linked 

collection of hubs and authorities in the subgraph defined by a query string. In [2], the 

author pointed out that it may be desired to find several densely linked collections 
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of hubs and authorities (multiple communities) among the same set of pages for the 

following reasons:  

(1) A query string σ  may have several different meanings, e.g., “jaguar”. 

(2) The query string may arise as a term in the context of different meanings, e.g., 

“randomized algorithms”. 

    So each collection could potentially be relevant to the query topic but they could 

be well-separated from one another, namely, the relevant documents can be naturally 

grouped into several clusters. However, for broad-topic queries, each cluster, in the 

context of the full WWW, might be enormous. So in [2], the author proposed a way to 

distill a small set of hubs and authorities out of each cluster so that such a collection 

of hubs and authorities can be viewed as implicitly providing broad-topic summaries 

of a collection of large clusters that are never explicitly represented. The motivation is 

analogous to that an information retrieval technique such as Scatter/Gather [18], 

which seeks to represent very large document clusters through text-based methods. 

    In the basic HITS algorithm discussed above, the hubs and authorities are related 

to the principal eigenvectors of the matrices AAT  and TAA , where A is adjacency 

matrix of the subgraph σG defined by the query string σ . The non-principal 

eigenvectors of AAT and TAA provide us with a natural way to extract additional 

densely linked collections of hubs and authorities from the same set of pages. This 

structure is created by the community of people collating useful information, whether 

for their own benefit or for others’.  

    In [2], the following proposition is stated: 
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    AAT  and TAA  have the same multiset of eigenvalues and their eigenvectors 

can be chosen so that )()( AAAAA T
i

T
i ωω = . 

Proof:  

1) According to SVD (Singular Value Decomposition), for a square matrix A, 

TVWUA ××=  where U and V are unitary matrices ( 1−= AAT ), and W is a 

diagonal matrix.  

2) Since ( ) TTT ABBA ×=×  and IVVIUU TT =×=×  , so  

T

TT

TTT

TTTT

UWU
UWIWU

UWVVWU
VWUVWUAA

××=

××××=

××××=

××××=

2

))((
))((

 

      3) 
2

2

WU
UUWUUAA TT

×=

×××=×  

So we can know that U contains the eigenvectors of TAA  and 2W contains 

eigenvalues of TAA . Similarly, we can prove thatV contains eigenvectors of 

AAT  and 2W contains eigenvalues of AAT . 

3) So we can prove that AAT  and TAA have the same set of eigenvalues.  

4) From 2WUUAAT ×=× , we can prove that UAT  is the eigenvector 

of AAT . 

    Thus, for each pair of eigenvectors related to the proposition above, applying I 

and O operations multiplies the magnitude of *
ix  (respectively, *

iy ) by a factor of 

iλ . Thus, iλ  gives precisely the extent to which the hub weights *
iy  and 

authority weights *
ix  reinforce one another. So the hubs and authorities associated 

with larger eignvalues will typically be “denser” subgraphs in the link structure, 
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and hence will often have more intuitive meaning.  

    Unlike principal eigenvector, the non-principal eigenvectors have both positive 

and negative entries. Hence each pair ),( **
ii yx provides us with two densely 

connected sets of hubs and authorities: those pages that correspond to the c 

coordinates with most positive values and those pages that correspond to the c 

coordinates with the most negative values. In [2], some examples were reported, 

where pages from the positive and negative ends of the same non-principal 

eigenvector exhibit a clear separation. These sets of hubs and authorities have the 

same intuitive meaning as the principal eigenvectors produced in basic HITS 

algorithm: they represent pairs of weight assignments exhibiting the mutually 

reinforcing relationship of hubs and authorities. Thus by computing several 

non-principal eigenvectors, HITS can discover additional “communities” within the 

same set of linked pages. It was observed that the pages with large coordinates in the 

first few non-principal eigenvectors tend to recur, so that essentially the same 

collection of hubs and authorities will often be generated by several of the strongest 

non-principal eigenvectors. When doing clustering, we may choose the eigenvectors 

with highest k eigenvalues to define a set of clusters, but how to choose eigenvectors 

remains an open problem. 

    Furthermore in [17], it was observed that different topics (such as 

“cryptography” and “English literature”) exhibit a range of different patterns and 

quantity of linkage, and that has an effect on the rate at which the principal 

community “crystallized” in terms of the number of iterations and the size of the 
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root set. Based on experiments, some other characteristics of HITS-based clustering 

were observed: 

(1) Robustness: The grouping of those pages tends to be relatively independent of 

the exact choice of the root set. In the algorithm, the only tunable procedure is 

how the root set is fixed. According to their experiments, no matter how the root 

set is constructed for the same topic, the main communities produced by HITS 

are only slightly altered. However, since communities have more or less 

representations in different base set, the identity of principal community is not 

always the same.  

(2) They found that the success of HITS depends on both the breath of the topic and 

the discipline of human knowledge under which it falls since the density and 

comprehensiveness of hyperlinks is far greater in some disciplines than in others. 

So they claimed that the technique underlying HITS is actually becoming more 

effective as the size of the Web grows. They pointed out: the greatest degree of 

orderly structure, as extracted by HITS, is found in communities for which the 

number of relevant pages, and density of hyperlinks is the largest (the largest 

degree of orderly structure extracted by HITS is found in the communities where 

the number of relevant pages (breath of the topic) and the density of hyperlinks 

(quantity of linkage) is the largest).  

(3) Generalization: HITS tends to generalize the topic that is not broad enough to a 

larger or more generalized subject it most prominently belongs to. More visually, 

HITS pushes specific topics “upwards” in an implicit topic 
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hierarchy, while sufficiently broad topics represent the fixed points on which 

HITS find relevant authorities that are not overly general. For example, HITS 

produces the following top 3 authorities for the topic “Dennis Ritchie” (an 

author of the C programming language): 

www.cm.cf.ac.uk/Dave/C/CE.html 

www.cyberdiem.com/vin/learn.html 

www.lysator.liu.se/c/index.html 

    All of these pages are highly-referenced pages on the C programming language 

itself. Thus they observed that the principle community is relevant to a 

generalized topic (“the C programming language”) of the original topic “Dennis 

Ritchie”. So the original topic is swallowed up by the subject that it most 

prominently belongs to. This kind of convergent generalization is interesting: we 

can gain some information about the hierarchical tree of topics by means of 

using purely automated analysis of the links. 

    The factors that affect this generalization are: 

a. “Web-centric” sub-topics 

Ultimately, in this setting, it is the representation of the topic on the 

WWW that determines the “generality” of this topic. Thus a topic can be 

artificially broad because of the interest of the creators of the Web pages. 

In particular, the principal communities can at first appear to be 

specialized to a sub-topic because of a considerably greater density of the 

linkage. Thus HITS tends to be most effective within topics that have 
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the most “wired” communities. 

b. Commercialization 

Commercial and advertising may purposely influence on the link 

structure. 

Of course, the clustering of documents or hyperlinked pages can reply on the 

textual information or link-based information, or the combination of both. By 

discovering those larger set of eigenvectors, one can then use heuristics to extract a 

global ranking as well as local     rankings given by each eigenvector community. 

However, how to select an appropriate eigenvector is still an open research question 

[19].  
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Chapter 3    Full Similarity-based Ranking (FSBR) Scheme 

 
 
 

A novel method for Web page ranking is briefly described in this thesis. The 

method utilizes co-citation or bibliography coupling or their weighted combination as 

pair-wise similarity measures among the Web pages returned by the text-based search 

engine. We then use similarity measures to partition pages of strong similarity into 

densely connected clusters in the Web graph. Finally we conduct full similarity-based 

page ranking based on those clusters. Below is a flow chart of the complete FSBR. 

 
Figure 3.1  FSBR Workflow 
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3.1 Definitions 

    Let S(i,j) be a similarity measure between two different pages i and j, i,j=1,…,N . 

S(i,j) is symmetric and non-negative. In our experiment, S(i,j) is identical to their 

co-citation or bibliographic coupling or their weighted combination.  

Two different pages i and j are considered similar, i~j, if their similarity measure 

S(i,j) is strong, i.e., larger than a pre-specified non-negative threshold T. ‘Similar 

relation” is symmetric. So if i~j, j is considered a neighbor of i and i is considered a 

neighbor of j; i and j share a link.  Denote i’s all neighbors set by N(i). A densely 

connected cluster can be intuitively thought as a group of pages, in which any two 

different pages {i,j} either are similar or there exists a “similar relation” chain 

k1,k2,…,kn such that i= k1, k1~ k2, k2~ k3, and so on for the whole chain, and kn=j.  

Densely connected clusters are believed important yet robust if used in page ranking. 

Similarity measure S(i,j) after threshold becomes a binary symmetric “similar 

relation” indicator R(i,j), i.e., R(i,j)=1 if i~j. R(i,j) defines a network, based on which 

densely connected clusters are determined. 

 

3.2 Subgraph Chaining Expansion  

    In [2] as described by Kleinberg et al, the original root set consists of query 

results based on a given keyword. For example, a query is submitted to a text-based 

search engine using keyword “physics”. The results returned are used as the initial 

root set R. However, it is observed that this initial set is structure-less, as there are few 

direct connections among those pages in R.  



 

31

    In Kleinberg’s work, the Subgraph algorithm is applied to obtain an expanded set 

R'. The Subgraph procedure is briefly described as follows: For each page p in R, add 

all pages outside R that p points to, and add all pages that points to p, as long as the 

total number of pages that point to p is less than d. 

    The above algorithm is aimed to achieve Kleinberg's definition of a desirable 

Webgraph, R’: 

(i) R' is relatively small. 

(ii) R' is rich in relevant pages. 

(iii) R' contains most (or many) of the strongest authorities. 

    Indeed, the Subgraph algorithm will expand R and increase the number of 

connections in the resultant Webgraph. However, it could bring some side effects: An 

arbitrary page q outside of R could be pointing to some page p inside R and brought 

into the expanded set, but the single linkage from q to p could be totally irrelevant to 

the original query. Nonetheless, the authoritativeness of p and the hubness of q may 

be increased erroneously because of this linkage. Thus R' expanded by the above 

algorithm will sometimes produce erroneous authoritativeness. 

    For example, the most relevant page p in all pages related to topic “physics” 

would be outmatched by another page q, if q is referenced by many irrelevant pages 

for purposes unrelated to topic “physics”. In situations like this, the expansion or R 

would be unsupportive for purpose (ii) and (iii) stated above. 

    To obtain a subgraph that is more concentrated of relevant pages, we devise a 

novel subgraph algorithm, the Subgraph Chaining Expansion to get the expanded 
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subgraph Sexp, with the purpose to strengthen the authoritativeness/hubness of each 

page in the original set and its densely connected neighborhood, while still aiming to 

achieve (i) (ii) (iii) mentioned above. 

    The Subgraph Chaining Expansion algorithm can be summarized as follows: For 

each page p in R, detect all chains of linkage with length less than or equal to l, such 

that the chain starts from p, and ends at some page in the original set R. For each of 

those chains, add page O that p points to (second node in the chain) and page I that 

points some page in R (second node from last in chain) to the expanded set Sexp. 

    Below is an illustration of the Subgraph Chaining Expansion. As shown, pages 

P3, P16 and P7 form a connection chain that connects two pages in the original root 

set, so page P16 will be added to the expanded set Sexp . 

P1->P21->P20->P19->P18->P2 also forms a chain whose length is less than l = 5, so 

page P21 and page P18 are added to Sexp. On the other hand, 

P7->P25->P24->P26->P23->P22->P9 also forms a chain but its length (6) is 

unqualified (larger than l = 5), and therefore the page P22 and P25 in this chain are 

not added to Sexp.  
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Figure 3.2  Illustration of the Subgraph Chaining Expansion algorithm 

 

    The Subgraph Chaining Expansion procedure is described in the pseudo code 

below: 

Subgraph-Chaining (σ, ξ, t, d) 

σ: a query string. ξ: a text-based search engine. 

t, d: natural numbers. 

Let Rσ denote the top t results of ξ on σ. 

Set Sexp := Rσ 

For each page p in Rσ 

Let G(p) denote the set of all pages outside Rσ , linked by p 

Let H include those pages outside Rσ yet linked to Rσ  

Let H’ include those pages outside Rσ yet linked to H  
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Pop up each page q in G(p): 

If q belongs to H or H’, add q to Sexp  

End 

End 

Return Sexp  

Additional pages included by this algorithm are more likely to be relevant to the 

original topic, because they are both linked by pages in Rσ and linked to pages in Rσ 

through a chain of linkage with length = (l - 2) or less. The Subgraph Chaining 

Expansion will also produce smaller expanded set Sexp than the expansion set 

produced by the Subgraph algorithm when d is larger than or equal to l. Therefore the 

proposed chaining expansion algorithm increases accuracy and reduces computational 

cost comparing to the Subgraph algorithm. The expanded set Sexp will be used to build 

adjacency matrix in FSBR algorithm.  

 

3.3 Procedure of Densely Connected Clustering 

    Consider a given network topology defined by R(.,.) with K nodes {1,2,…,K} and 

L links, which is obviously no larger than K(K-1)/2. Let k denote a seed node of a 

densely connected cluster and h the number of hops from k.  Let U(h) denote a set of 

nodes currently reached from k at h hops. 

Procedure of densely connected clustering 

Initialization: c=0 and Index={1,2,…,K} 

Loop A: 
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If Index is empty, stop  

Pop up the minimum index k from Index 

If node k has no similar nodes from Index, go to Loop A 

Increment c by one 

Call Clustering_(c,k) to obtain a densely connected cluster Cluster(c) with seed k 

Index=Index \ Cluster(c) 

Go to Loop A 

Clustering_(c,k): 

Initialization: h=0, u=k, U(0)=Cluster(c)={k} 

Loop B: 

If U(h) is not empty:  

    For each u in U(h) and each v in N(u): 

        If v is not in Cluster(c), add v to Cluster(c) and U(h+1)  

If h is smaller than L, increment h value by 1 and go to Loop B 

End Clustering_(c,k) and return Cluster(c)  

The following two figures show how densely connected clustering algorithm works: 

   

 

 

 

Figure 3.3 Topology (Similarity is pair-wisely measured for every two nodes, 

i.e., every two pages) 
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Figure 3.4 Densely connected clusters (Bold purple edges indicate similarity 
measures that pass the threshold) 

 

3.4 Full Similarity based Page Ranking 

    To use densely connected clusters in page ranking, we need to define relative 

importance S(i,c) of page i to cluster c and relative importance Rel_Imp(c) of cluster c 

among all clusters. Based on relative importance of each cluster and relative 

importance of a page to each cluster, the importance of page i can be simply ranked as  

          Rank(i)=Sum {Re_Imp(c) x S(i,c), c=1,…,C} 

    Relative importance S(i,c) of page i to cluster c can be defined by the similarity 

measure between page i and cluster c as follows: 

     S(i,c)=Max {S(i,j), for every j in c, with j being different from i} 

It can be shown that i being in cluster c implies that S(i,c) is larger than T; as a matter 

of fact, S(i,c) turns out to be the maximum of similarity measures between i and i’ 

neighbors.  Meanwhile, page i being not in cluster c implies S(i,c) is no larger than T.  

Intuitively, S(i,c) measures how page i is being attracted to cluster c; thus it measures 

relative importance of page i to cluster c.   
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Relative importance Rel_Imp(c) of cluster c among all clusters can be defined 

by the total similarity measure in cluster c over the total similarity measure in all 

clusters. 

 

 3. 5 Text-based Ranking Value 

    As mentioned above, in the basic HITS algorithm, it happens often that their 

subgraph expansion method introduces pages outside of the query topic affecting the 

accuracy of final ranking results.  

The proposed Chaining Subgraph Expansion algorithm has greatly reduced this 

side effect. Nevertheless, in some cases, pages in the expanded set that are not directly 

relevant to the search topic could eventually receive high ranking scores due to their 

cluster weight.  

    To further reduce or eliminate such side effect, we need to apply content-based 

filtering to the final search results in page ranking. Such process can be 

computationally expensive if text-based content analysis takes place here; in practice, 

it is often not feasible for query-based ranking algorithms such as FSBR and HITS.  

Here we make use of the preliminary text-based analysis done in the querying 

step to establish text-based ranking value for each page in the initial root set based on 

correlation between the page and the search query. This way the pages that are 

augmented to the subgraph, which are given zero text-based raking value, will retain 

their influence on the ranking results, but will not cloud the ranking results by ranking 

them higher than the pages that are more textually relevant to the search query. 
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3.6 Combined Ranking 

    In order to take the advantage of both text-based ranking and the densely 

connected clustering and full-similarity based page ranking, we combine the two 

ranking results as follows: 

For each page p in augmented root set R,  

Final Ranking Value = Text-based Ranking Value * w +   

                   Full Similarity based Ranking Value*(1-w)  
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Chapter 4    System Implementation and Experiments  

 
 
 

4.1 System Setup  

    In our experiment, we used Nutch as the backbone. Nutch is a non-commercial 

open-source search engine, and it has been widely used for academic researches 

because of its un-biased search results. In this experiment, we mainly use it as a 

crawler to prepare the dataset and also use it to provide initial query results as input to 

our Subgraph Chaining Expansion algorithm. 

    Step 1: Crawling 

    Nutch was set up to crawl using www.stanford.edu and www.missouri.edu as 

seeds. Starting from these two sites, Nutch identifies all hyperlinks in the page and 

adds them to the list of URLs to visit. This process is then recursively repeated until 

all the leaf URL nodes are visited and recorded in the crawl result. 

    Step 2: Obtaining the Link-based Subgraph 

    The initial root set is generated by running query “physics” on the crawled 

dataset obtained in Step 1. Then we expanded this initial root set by Subgraph 

Chaining Expansion algorithm described in Chapter 3. The ranking result on a set of 

augmented pages generated by the method described in Kleinberg’s original method 

with d = 10 is also presented for comparison. 

    The initial root set generated by Nutch using query “physics” contained 452 

pages. Not surprisingly, the interconnections among the pages in the initial root set 
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are very sparse, producing an adjacency matrix of mostly zeros. Using the Subgraph 

Chaining Expansion algorithm, we were able to expand this initial root set by adding 

445 pages. As a result, the adjacency matrix of the expanded subgraph is enriched 

with relevant connections. The adjacency matrix is used to produce both co-citation 

matrix and bibliographic coupling matrix, where co-citation or bibliographic coupling 

or their linear combination will be used as pair-wise similarity measure in 

experiments. 

    Step 3: Densely Connected Clustering (Section 3.3) and Full Similarity-based 

Page Ranking (Section 3.4) are applied to the augmented subgraph obtained in Step 2. 

    Step 4: Final page ranking is calculated by combining text-based ranking value 

and Full Similarity-based Ranking value. 

   In our preliminary experiments, it has been observed that pages under clusters 

http://www.stanford.edu/dept/humsci/external/about/contact.html and 

http://www.stanford.edu/home/administration/ are among the higher-ranking pages 

due to their high cluster weights. However, among these pages, there are many that 

are not directly relevant to the search query. The combined ranking results (Section 

3.5 and 3.6) effectively reduce or eliminate side effects caused by those augmented 

pages of zero text-based ranking value. 

 

4.2 Performance metric 

    We use pair-wise accuracy [24] to evaluate the accuracy of different ranking 

algorithms. The pair-wise accuracy is the fraction of time that the ranking algorithms 
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and human judges agree on the ordering of a pair of Web pages. 

    If Rank_(i) is the ranking value of page i obtained using our algorithms, H(i) is 

the human judgment of ranking of page i . We first define as in [24]: 

Rankp = {x, y: Rank_(x) > Rank_(y)}, and 

H_Rankp = {x, y: Human_Rank(x) > Human_Rank(y)} 

Then the Pair-wise Accuracy (PA) is defined as follows: 

PA = 
p

pp

RankH

RankRankH

_

_ ∩
 

 

4.3 Experimental Results 

4.3.1 The Subgraph Chaining Expansion Algorithm 

    In our experiment, the initial root set (452 pages) is generated by running the 

query “physics” on the www.stanford.edu and www.missouri.edu crawl. Two 

expanded sets of pages are compared:  Sexp, 897 pages, including 452 pages from 

initial root set and 445 pages expanded from the Subgraph Chaining Expansion 

algorithm with l = 3 (l is the maximum qualified chain length); Sk, 1425 pages 

generated from the same initial root set of 452 pages and 973 pages from Kleinberg’s 

Subgraph method with d = 10 (d is the maximum of pages that point to a page in the 

root set that can be included into the expanded set).  

By analyzing the two sets of expanded pages we found out that Sexp is a proper 

subset of Sk, as anticipated. Both are rich in relevant pages. To verify that Sexp 

excludes many of less relevant pages from Sk, we generated a difference set of pages 

found in Sk but not in Sexp. By analyzing the contents of this difference set, we found 



 

42

that this difference set indeed contains many pages that are less relevant compared to 

pages in Sexp. For example, less relevant pages like  

http://www.stanford.edu/dept/a3c/pub.shtml  

(Stanford Asian American Activities Center) 

and 

http://www.stanford.edu/home/visitors/eateries/ 

(Stanford campus eateries) are filtered out.    

4.3.2 Ranking Results and Comparisons 

Choosing Threshold T 

    As described in the algorithm, the choice of similarity threshold T should be 

based on the following criteria: 

1. T must be chosen so that densely connected clusters of the subgraph (if they 

exist) will be identified. 

2. Appropriate choice of T will improve the overall ranking accuracy. 

    Based on these criteria, we will evaluate the impact of T to the final ranking 

accuracy in the following way: 

1. Ranking accuracy at T = average_sim, the average value of all positive 

elements in the similarity matrix   

2. Ranking accuracy at T = median_sim, the median value of all positive 

elements in the similarity matrix 

3. Ranking accuracy using T = 1.0 meaning all positive elements in the 

similarity matrix will have value “1” in the binarized symmetric similar 
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relation indicator matrix.  

4. Ranking accuracy using T from 1.0 to max_sim (exclusive), the maximum 

value of the similarity matrix.  T is incremented by 0.05 * (max_sim – 1.0) 

each time. 

Experimental results using query “physics” 

Threshold T Co-citation Bibliographic coupling HITS 

1.0 Accuracy=68.8450% Accuracy=63.0909% 

1.0+0.05*(max_sim–1.0) T = 6.25, 

Accuracy=72.3085% 

T = 4.35, 

Accuracy=61.1772% 

1.0+0.1*(max_sim–1.0) T = 11.5, 

Accuracy=70.0033% 

T = 7.7, 

Accuracy=62.0329% 

1.0+0.15*(max_sim–1.0) T = 16.75, 

Accuracy=70.8023% 

T = 11.05, 

Accuracy=68.3565% 

1.0+0.2*(max_sim-1.0) T = 22.0, 

Accuracy=71.3792% 

T =14.4, 

Accuracy=72.9043% 

… … … 

1.0+0.95*(max_sim-1.0) T =100.75, 

Accuracy=62.6951% 

T =64.65, 

Accuracy=65.2738% 

 

 

accuracy= 

67.0378% 

(Authority)

60.3528% 

(Hub) 

 

Threshold T Co-citation Bibliographic coupling HITS 
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Average T = 9.863775, 

accuracy=70.0033% 

T = 6.009442, 

accuracy=61.8160% 

Median T = 4.0000, 

accuracy=72.3085% 

T = 2.0000, 

accuracy=63.6055% 

accuracy= 

67.0378% 

(Authority) 

60.3528% 

(Hub) 

Table 4.1 Ranking accuracy using similarity with various threshold and HITS 
 
 

 
Figure 4.1 Ranking accuracy using similarity with different threshold 

 

    Based on the plotted results for query “physics” above, we can see that for 

co-citation based similarity ranking, using threshold T near the median similarity 

value of similarity matrix entries (median_sim) will maximize overall ranking 

accuracy. Thus we choose the median similarity value (median_sim) as T for 
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co-citation based ranking. Based on the plotted results, we choose 

1.0+0.2*(max_sim-1.0) as T for bibliographic coupling based ranking. Similarly, we 

determined that 1.0+0.2*(max_sim-1.0) is the best T for the co-citation and 

bibliographic coulping combination based ranking. For query “computer”, we 

determined that the best T for co-citation based ranking, bibliographic coupling based 

ranking and co-citation and bibliographic coulping combination based ranking are all 

average similarity value (average_sim). We use these values for T in the following 

experiments. 

4.3.3 Ranking results 

    Table 4.2 show the top 100 results produced by query “physics” using basic 

HITS, FSBR using co-citation, FSBR using bibliographic coupling respectively. 

    As table 4.4 Shows, in terms of ranking accuracy, for query “physics”, the FSBR 

algorithms (72.3085% using co-citation and 72.9043% using bibliographic coupling, 

and 75.3658% using combination) outperforms the basic HITS algorithm (67.0378% 

using authority ranking and 60.3528% using hub ranking); For query “computer”, 

FSBS’s maximum accuracy reaches 59.1959% using co-citation while the maximum 

accuracy of original HITS is 50.8587%. 

    We have also tried combinations of co-citation and bibliographic coupling with 

various ratios. i.e. raw similarity values in their respective similarity matrix are 

weighted by a factor f, where 0 < f < 1, and the matrices are added together. 

    It has been observed that the ranking scores from such combinations will usually 

fall between the co-citation score and the bibliographic coupling score. Still, using a 
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good combination can provide good average performance when we cannot know 

which scheme (co-citation or bibliographic coupling) will be more accurate for an 

arbitrary query before the actual ranking is done.  

    It has also been observed that using a ratio 1:1 (i.e. f = 0.5 for co-citation matrix 

and f = 0.5 for bibliographic coupling matrix) for query “physics”, and ratio 3:1 (i.e. f 

= 0.75 for co-citation matrix and f = 0.25 for bibliographic coupling matrix) for query 

“computer” will achieve the best average ranking accuracy. 
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Table 4.2 Top 100 results for query “physics” 
Basic HITS, authority rank FSBR, co-citation rank 
www.stanford.edu/dept/humsci/extern
al/index.html 
www.stanford.edu/dept/humsci/extern
al/faculty/index.html 
www.stanford.edu/dept/humsci/extern
al/under/index.html 
www.stanford.edu/dept/humsci/extern
al/under/opportunities.html 
www.stanford.edu/dept/humsci/extern
al/faculty/handbook.html 
www.stanford.edu/dept/humsci/extern
al/events/events.html 
www.stanford.edu/dept/humsci/extern
al/grad/admissions.html 
www.stanford.edu/dept/humsci/extern
al/about/profile_gradundergrad.html 
www.stanford.edu/dept/humsci/extern
al/faculty/awards.html 
www.stanford.edu/dept/humsci/extern
al/about/historyschool_1998-2000.ht
ml 
www.stanford.edu/dept/humsci/extern
al/faculty/awards_acad.html 
www.stanford.edu/dept/humsci/extern
al/about/profile_s_external_dean.html
www.stanford.edu/dept/humsci/extern
al/faculty/awards_dink.html 
www.stanford.edu/dept/humsci/extern
al/gus/diversity/index.html 
www.stanford.edu/dept/humsci/extern
al/news/newsreleases.html 
www.stanford.edu/dept/humsci/extern
al/grad/resources.html 
www.stanford.edu/dept/humsci/extern
al/departments/profiles.html 
www.stanford.edu/dept/humsci/extern
al/about/historyschool_1995-1997.ht
ml 
www.stanford.edu/dept/humsci/extern
al/departments/index.html 
www.stanford.edu/dept/humsci/extern
al/departments/profiles_programs.htm

www.stanford.edu/dept/EHS/prod/researc
hlab/index.html 
www.stanford.edu/dept/EHS/prod/resourc
es/stanford_resources.html 
www.stanford.edu/dept/EHS/prod/index.ht
ml 
www.stanford.edu/dept/EHS/prod/researc
hlab/chem/inven/index.html 
www.stanford.edu/dept/EHS/prod/researc
hlab/cap/index.html 
www.stanford.edu/dept/EHS/prod/researc
hlab/radlaser/index.html 
www.stanford.edu/dept/EHS/prod/mainren
con/index.html 
www.stanford.edu/dept/EHS/prod/general/
index.html 
www.stanford.edu/dept/EHS/prod/training
/index.html 
www.stanford.edu/dept/EHS/prod/aboutus
/index.html 
www.stanford.edu/dept/physics/people/fac
ulty_research.html 
www.stanford.edu/dept/physics/ 
www.stanford.edu/dept/app-physics/facult
y.html 
www.stanford.edu/dept/physics/events/ap_
phys.html 
www.stanford.edu/group/hepl/ 
www.stanford.edu/dept/physics/history/in
dex.html 
www.stanford.edu/dept/physics/index.sht
ml 
www.stanford.edu/dept/app-physics/ 
www.stanford.edu/dept/app-physics/facult
y_accelerator.html 
www.stanford.edu/dept/physics/events/ind
ex.html 
www.stanford.edu/dept/physics/academics
/undergrad.html 
www.stanford.edu/dept/physics/events/cm.
html 
www.stanford.edu/dept/physics/people/fac
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l 
www.stanford.edu/dept/humsci/extern
al/about/historyschool_2001-2002.ht
ml 
www.stanford.edu/dept/humsci/extern
al/about/profile_naturalsciences.html 
www.stanford.edu/dept/humsci/extern
al/news/other_news.html 
www.stanford.edu/dept/humsci/extern
al/gus/diversity/current.html 
www.stanford.edu/dept/humsci/extern
al/events/program_events.html 
www.stanford.edu/dept/humsci/extern
al/about/contact.html 
www.stanford.edu/dept/humsci/extern
al/gus/index.html 
www.stanford.edu/dept/humsci/extern
al/gus/diversity/events.html 
www.stanford.edu/dept/humsci/extern
al/under/admissions.html 
www.stanford.edu/dept/humsci/extern
al/faculty/awards_gores.html 
www.stanford.edu/dept/humsci/extern
al/about/historyschool_2003-2004.ht
ml 
www.stanford.edu/dept/humsci/extern
al/campus/profiles.html 
www.stanford.edu/dept/humsci/extern
al/faculty/awards_mcar.html 
www.stanford.edu/dept/humsci/extern
al/gus/diversity/prospective.html 
www.stanford.edu/dept/humsci/extern
al/about/profile_vicedean.html 
www.stanford.edu/dept/humsci/extern
al/faculty/awards_deans.html 
www.stanford.edu/dept/humsci/extern
al/grad/financialaid.html 
www.stanford.edu/dept/humsci/extern
al/about/index.html 
www.stanford.edu/dept/humsci/extern
al/about/message.html 
www.stanford.edu/dept/humsci/extern
al/faculty/awards_nobel.html 
www.stanford.edu/dept/humsci/extern

ulty/kapitulnik_aharon.html 
www.stanford.edu/dept/physics/events/ap_
phys.previous.html 
www.stanford.edu/dept/app-physics/facult
y_atomic.html 
www.stanford.edu/%7Epalanker/lab/index
.html 
www.stanford.edu/dept/app-physics/progr
ams.html 
www.stanford.edu/dept/EHS/prod/aboutus
/new_concern.html 
www.stanford.edu/group/hepl/HEPL_Hist
ory_opt.pdf 
www.stanford.edu/dept/app-physics/links.
html 
www.stanford.edu/dept/physics/jobs.html 
www.stanford.edu/dept/app-physics/facult
y_condensed.html 
www.stanford.edu/dept/app-physics/facult
y_synchrotron.html 
www.stanford.edu/dept/app-physics/resear
ch.html 
www.stanford.edu/dept/app-physics/facult
y_ultrafast.html 
www.stanford.edu/dept/app-physics/facult
y_biophysics.html 
www.stanford.edu/dept/app-physics/admis
sions.html 
www.stanford.edu/dept/app-physics/facult
y_nano.html 
www.stanford.edu/dept/app-physics/facult
y_astrophysics.html 
www.stanford.edu/dept/app-physics/facilit
ies.html 
www.stanford.edu/dept/app-physics/facult
y_photonics.html 
www.stanford.edu/dept/app-physics/news.
html 
www.stanford.edu/dept/app-physics/facult
y_quantum.html 
www.stanford.edu/dept/app-physics/conta
ct.html 
www.stanford.edu/dept/physics/people/fac
ulty/romani_roger.html 
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al/faculty/awards_cox.html 
www.stanford.edu/dept/humsci/extern
al/about/profile_socialsciences.html 
www.stanford.edu/dept/humsci/extern
al/faculty/awards_pulitzer.html 
www.stanford.edu/dept/humsci/extern
al/about/profile_dean.html 
www.stanford.edu/dept/humsci/extern
al/gus/staff.html 
www.stanford.edu/dept/humsci/extern
al/about/historyschool_1971-1980.ht
ml 
www.stanford.edu/dept/humsci/extern
al/about/facts.html 
www.stanford.edu/dept/humsci/extern
al/faculty/awards_nms.html 
www.stanford.edu/dept/humsci/extern
al/under/demographics.html 
www.stanford.edu/dept/humsci/extern
al/campus/index.html 
www.stanford.edu/dept/humsci/extern
al/under/financialaid.html 
www.stanford.edu/dept/humsci/extern
al/about/national_rankings.html 
www.stanford.edu/dept/humsci/extern
al/events/index.html 
www.stanford.edu/dept/humsci/extern
al/grad/index.html 
www.stanford.edu/dept/humsci/extern
al/about/council.html 
www.stanford.edu/dept/humsci/extern
al/about/profile_admin_dean.html 
www.stanford.edu/dept/humsci/extern
al/about/historyschool_1961-1970.ht
ml 
www.stanford.edu/dept/humsci/extern
al/about/history.html 
www.stanford.edu/dept/humsci/extern
al/faculty/professorships.html 
www.stanford.edu/dept/humsci/extern
al/news/archive.html 
www.stanford.edu/dept/humsci/extern
al/about/merchandise.html 
www.stanford.edu/dept/humsci/extern

www.stanford.edu/dept/physics/links.html
www.stanford.edu/dept/physics/people/fac
ulty/cabrera_blas.html 
www.stanford.edu/dept/physics/people/fac
ulty/allen_steven.html 
www.stanford.edu/dept/EHS/prod/aboutus
/staff.html 
www.stanford.edu/dept/physics/events/hos
tguidelines.html 
www.stanford.edu/dept/physics/contacts.ht
ml 
www.stanford.edu/group/hepl/seminar/Wr
ight.htm 
www.stanford.edu/group/hepl/seminar/To
bin.htm 
www.stanford.edu/dept/physics/feedback.f
ft 
www.stanford.edu/dept/physics/people/fac
ulty/michelson_peter.html 
www.stanford.edu/dept/physics/people/fac
ulty/sturrock_peter.html 
www.stanford.edu/dept/physics/newsletter
/index.html 
www.stanford.edu/dept/physics/people/fac
ulty/kahn_steven.html 
www.stanford.edu/dept/EHS/prod/resourc
es/index.html 
www.stanford.edu/dept/physics/people/fac
ulty/wagoner_robert.html 
www.stanford.edu/dept/physics/people/fac
ulty/moler_kathryn.html 
www.stanford.edu/dept/physics/people/fac
ulty/gratta_giorgio.html 
www.stanford.edu/dept/physics/people/fac
ulty/smith_todd.html 
www.stanford.edu/dept/physics/people/fac
ulty/goldhabergordon_david.html 
www.stanford.edu/dept/physics/people/fac
ulty/laughlin_robert.html 
www.stanford.edu/dept/physics/people/fac
ulty/zhang_shoucheng.html 
www.stanford.edu/dept/physics/people/fac
ulty/abel_tom.html 
www.stanford.edu/dept/physics/people/fac
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al/gus/schedule.html 
www.stanford.edu/dept/humsci/extern
al/about/historyschool_1891-1920.ht
ml 
www.stanford.edu/dept/humsci/extern
al/under/degrees.html 
www.stanford.edu/dept/humsci/extern
al/gus/diversity/ugrad.html 
www.stanford.edu/dept/humsci/extern
al/faculty/awards_natac.html 
www.stanford.edu/dept/humsci/extern
al/grad/housing.html 
www.stanford.edu/dept/humsci/extern
al/faculty/openings.html 
www.stanford.edu/dept/humsci/extern
al/news/index.html 
www.stanford.edu/dept/humsci/extern
al/under/housing.html 
www.stanford.edu/dept/humsci/extern
al/about/historyschool_1921-1940.ht
ml 
www.stanford.edu/dept/humsci/extern
al/departments/directory.html 
www.stanford.edu/dept/humsci/extern
al/about/historyschool_1941-1960.ht
ml 
www.stanford.edu/dept/humsci/extern
al/about/profile_humanities.html 
www.stanford.edu/dept/humsci/extern
al/news/media.html 
www.stanford.edu/dept/humsci/extern
al/news/photo_album.html 
www.stanford.edu/dept/humsci/extern
al/about/profiles.html 
www.stanford.edu/dept/humsci/extern
al/about/historyschool_1981-1994.ht
ml 
www.stanford.edu/ 
www.stanford.edu/dept/DoR/ 
www.stanford.edu/dept/DoR/index.ht
ml 
www.stanford.edu/dept/DoR/rph/1-4.
html 
www.stanford.edu/dept/DoR//index.ht

ulty/petrosian_vahe.html 
www.stanford.edu/dept/physics/people/fac
ulty/manoharan_hari.html 
www.stanford.edu/dept/EHS/prod/enviro/i
ndex.html 
www.stanford.edu/dept/physics/academics
/index.html 
www.stanford.edu/dept/physics/people/fac
ulty/schwettman_h.html 
www.stanford.edu/dept/physics/facilities/i
ndex.html 
www.stanford.edu/dept/physics/people/fac
ulty/scherrer_philip.html 
www.stanford.edu/dept/physics/alumni/in
dex.html 
www.stanford.edu/dept/physics/people/fac
ulty/lipa_john.html 
www.stanford.edu/dept/physics/people/ind
ex.html 
www.stanford.edu/dept/physics/people/fac
ulty/blandford_roger.html 
www.stanford.edu/dept/physics/research/i
ndex.html 
www.stanford.edu/dept/physics/people/fac
ulty/church_sarah.html 
www.stanford.edu/group/hepl/cv_public.ht
ml 
www.stanford.edu/dept/physics/people/fac
ulty/kasevich_mark.html 
www.stanford.edu/dept/physics/people/fac
ulty/shen_zhi-xun.html 
www.stanford.edu/dept/physics/people/fac
ulty/fetter_alexander.html 
www.stanford.edu/dept/physics/people/fac
ulty/everitt_cw_francis.html 
www.stanford.edu/dept/app-physics/cv/fej
er.pdf 
www.stanford.edu/dept/app-physics/cv/Do
niach.pdf 
www.stanford.edu/dept/app-physics/cv/ch
u.pdf 
www.stanford.edu/dept/app-physics/cv/Bi
enenstock.pdf 
www.stanford.edu/dept/app-physics/cv/By
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ml 
www.stanford.edu/dept/DoR/rph/10-1
.html 
www.stanford.edu/dept/DoR//rph/10-
1.html 
www.stanford.edu/dept/DoR//newfac.
html 
www.stanford.edu/dept/classics/home
/Community/community.html 
www.stanford.edu/dept/classics/home
/Community/community_visitor_info.
html 
www.stanford.edu/dept/classics/home
/Community/community_dept_hist.ht
ml 
www.stanford.edu/dept/classics/home
/Community/community_dept_contac
t.html 
www.stanford.edu/dept/classics/home
/Community/community_alumni.html
www.stanford.edu/dept/classics/home
/index.html 
www.stanford.edu/dept/classics/home
/Research/research.html 
www.stanford.edu/dept/classics/home
/News/news.html 
www.stanford.edu/dept/classics/home
/News/news_departmental_news.html
www.stanford.edu/dept/classics/home
/eResources/eresources.html 
www.stanford.edu/dept/classics/home
/Courses/courses.html 
www.stanford.edu/dept/classics/home
/Research/research_ancient_hist.html 
www.stanford.edu/dept/classics/home
/Research/research_literature.html 
www.stanford.edu/dept/classics/home
/Research/research_linguistics.html 

er.pdf 
www.stanford.edu/dept/app-physics/cv/Ha
rrisSE.pdf 
www.stanford.edu/dept/app-physics/cv/Be
asley.pdf 
www.stanford.edu/dept/app-physics/cv/Bu
cksbaum.pdf 
www.stanford.edu/dept/app-physics/cv/Gr
even.pdf 
www.stanford.edu/dept/physics/search.ht
ml 
www.stanford.edu/dept/app-physics/cv/Fis
her.pdf 
www.stanford.edu/dept/app-physics/cv/Fis
herDS.pdf 
www.stanford.edu/dept/astro/ 
www.stanford.edu/group/hepl/directory.ht
ml 
www.stanford.edu/home/stanford/facts/fac
ulty.html 
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Table 4.2 Top 100 results for query “physics” (continued) 
FSBR, bibliographic coupling rank FSBR, combined rank 
www.stanford.edu/dept/humsci/external
/faculty/awards_natac.html 
www.stanford.edu/dept/humsci/external
/faculty/awards_acad.html 
www.stanford.edu/dept/humsci/external
/faculty/awards_nobel.html 
www.stanford.edu/dept/humsci/external
/about/profile_naturalsciences.html 
www.stanford.edu/dept/humsci/external
/departments/profiles.html 
www.stanford.edu/dept/humsci/external
/faculty/awards_mcar.html 
www.stanford.edu/dept/humsci/external
/about/profile_socialsciences.html 
www.stanford.edu/dept/humsci/external
/about/historyschool_1995-1997.html 
www.stanford.edu/dept/humsci/external
/research/ 
www.stanford.edu/dept/humsci/external
/faculty/awards_nms.html 
www.stanford.edu/dept/humsci/external
/about/historyschool_1961-1970.html 
www.stanford.edu/dept/humsci/external
/departments/directory.html 
www.stanford.edu/dept/humsci/external
/about/historyschool_2001-2002.html 
www.stanford.edu/dept/physics/people/f
aculty_research.html 
www.stanford.edu/dept/physics/events/a
p_phys.html 
www.stanford.edu/group/hepl/ 
www.stanford.edu/dept/app-physics/fac
ulty.html 
www.stanford.edu/dept/app-physics/ 
www.stanford.edu/dept/physics/index.s
html 
www.stanford.edu/dept/physics/ 
www.stanford.edu/dept/EHS/prod/resea
rchlab/radlaser/index.html 
www.stanford.edu/dept/physics/history/i
ndex.html 
www.stanford.edu/dept/app-physics/fac
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earch.html 
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www.stanford.edu/dept/app-physics/fac
ulty_ultrafast.html 
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www.stanford.edu/dept/app-physics/facul
ty_synchrotron.html 
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www.stanford.edu/dept/app-physics/news
.html 
www.stanford.edu/dept/app-physics/cont
act.html 
www.stanford.edu/dept/app-physics/facul
ty_photonics.html 
www.stanford.edu/dept/app-physics/facul
ty_quantum.html 
www.stanford.edu/dept/physics/links.htm
l 
www.stanford.edu/dept/physics/contacts.
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ulty_photonics.html 
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ostguidelines.html 
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aculty/michelson_peter.html 
www.stanford.edu/dept/physics/contacts
.html 
www.stanford.edu/group/hepl/seminar/
Tobin.htm 
www.stanford.edu/dept/physics/people/f
aculty/sturrock_peter.html 
www.stanford.edu/dept/humsci/external
/about/historyschool_1981-1994.html 
www.stanford.edu/dept/humsci/external
/events/events.html 
www.stanford.edu/dept/physics/newslett
er/index.html 
www.stanford.edu/dept/humsci/external

www.stanford.edu/dept/physics/people/fa
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www.stanford.edu/dept/physics/people/fa
culty/laughlin_robert.html 
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Table 4.3 Top 100 results for query “computer” 
Basic HITS FSBR, co-citation 
www.stanford.edu/dept/humsci/exter
nal/faculty/openings.html 
www.stanford.edu/dept/humsci/exter
nal/grad/admissions.html 
www.stanford.edu/dept/humsci/exter
nal/under/index.html 
www.stanford.edu/dept/humsci/exter
nal/about/profile_naturalsciences.htm
l 
www.stanford.edu/dept/humsci/exter
nal/news/other_news.html 
www.stanford.edu/dept/humsci/exter
nal/gus/diversity/current.html 
www.stanford.edu/dept/humsci/exter
nal/under/opportunities.html 
www.stanford.edu/dept/humsci/exter
nal/events/program_events.html 
www.stanford.edu/dept/humsci/exter
nal/about/contact.html 
www.stanford.edu/dept/humsci/exter
nal/gus/index.html 
www.stanford.edu/dept/humsci/exter
nal/gus/diversity/events.html 
www.stanford.edu/dept/humsci/exter
nal/under/admissions.html 
www.stanford.edu/dept/humsci/exter
nal/faculty/awards_gores.html 
www.stanford.edu/dept/humsci/exter
nal/about/historyschool_2003-2004.ht
ml 
www.stanford.edu/dept/humsci/exter
nal/campus/profiles.html 
www.stanford.edu/dept/humsci/exter
nal/faculty/awards_mcar.html 
www.stanford.edu/dept/humsci/exter
nal/gus/diversity/prospective.html 
www.stanford.edu/dept/humsci/exter
nal/about/profile_vicedean.html 
www.stanford.edu/dept/humsci/exter
nal/faculty/awards_deans.html 
www.stanford.edu/dept/humsci/exter
nal/grad/financialaid.html 

www.stanford.edu/dept/humsci/external/fac
ulty/awards_nms.html 
www.stanford.edu/dept/humsci/external/abo
ut/historyschool_1981-1994.html 
www.stanford.edu/dept/humsci/external/und
er/degrees.html 
www.stanford.edu/dept/humsci/external/fac
ulty/awards_mcar.html 
www.stanford.edu/dept/humsci/external/abo
ut/historyschool_1961-1970.html 
www.stanford.edu/dept/humsci/external/dep
artments/profiles_programs.html 
www.stanford.edu/dept/humsci/external/fac
ulty/awards_cox.html 
www.stanford.edu/dept/humsci/external/eve
nts/program_events.html 
www.stanford.edu/dept/humsci/external/ca
mpus/profiles.html 
www.stanford.edu/dept/humsci/external/abo
ut/council.html 
www.stanford.edu/dept/humsci/external/gus
/staff.html 
www.stanford.edu/group/polisci/srp.html 
www.stanford.edu/home/atoz/letterc.html 
www.stanford.edu/dept/news/report/news/n
ovember19/apple1119.html 
www.stanford.edu/group/yamamotogroup/p
ublications.html 
www.stanford.edu/group/mathcompsci/intro
.html 
www.stanford.edu/home/welcome/campus/s
eq.html 
www.stanford.edu/class/sts145 
www.stanford.edu/dept/MSandE/academics
/bs.html 
www.stanford.edu/group/mathcompsci/facu
lty.html 
www.stanford.edu/group/mathcompsci/07fu
ture.html 
www.stanford.edu/group/mathcompsci/06fu
ture.html 
www.stanford.edu/dept/president/biography
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www.stanford.edu/dept/humsci/exter
nal/about/index.html 
www.stanford.edu/dept/humsci/exter
nal/about/message.html 
www.stanford.edu/dept/humsci/exter
nal/faculty/awards_nobel.html 
www.stanford.edu/dept/humsci/exter
nal/faculty/awards_cox.html 
www.stanford.edu/dept/humsci/exter
nal/about/profile_socialsciences.html 
www.stanford.edu/dept/humsci/exter
nal/faculty/awards_pulitzer.html 
www.stanford.edu/dept/humsci/exter
nal/about/profile_dean.html 
www.stanford.edu/dept/humsci/exter
nal/gus/staff.html 
www.stanford.edu/dept/humsci/exter
nal/about/historyschool_1971-1980.ht
ml 
www.stanford.edu/dept/humsci/exter
nal/about/facts.html 
www.stanford.edu/dept/humsci/exter
nal/faculty/awards_nms.html 
www.stanford.edu/dept/humsci/exter
nal/under/demographics.html 
www.stanford.edu/dept/humsci/exter
nal/campus/index.html 
www.stanford.edu/dept/humsci/exter
nal/under/financialaid.html 
www.stanford.edu/dept/humsci/exter
nal/about/national_rankings.html 
www.stanford.edu/dept/humsci/exter
nal/events/index.html 
www.stanford.edu/dept/humsci/exter
nal/grad/index.html 
www.stanford.edu/dept/humsci/exter
nal/about/council.html 
www.stanford.edu/dept/humsci/exter
nal/about/profile_admin_dean.html 
www.stanford.edu/dept/humsci/exter
nal/about/historyschool_1961-1970.ht
ml 
www.stanford.edu/dept/humsci/exter
nal/about/history.html 

/ 
www.stanford.edu/group/STS/faculty.html 
www.stanford.edu/group/CSSA/welcome.ht
ml 
www.stanford.edu/group/pakistan/alumni.ht
m 
www.stanford.edu/dept/vpsa/judicialaffairs/
faculty/materials.honorcode.htm 
www.stanford.edu/group/STS/BA.html 
www.stanford.edu/dept/SUSE/cgi-bin/ldt/ab
out/faculty.html 
www.stanford.edu/dept/DoR/Marsh/Orgish.
html 
www.stanford.edu/dept/vpsa/judicialaffairs/
students/plagiarism.sources.htm 
www.stanford.edu/group/pakistan/members.
htm 
www.stanford.edu/home/stanford/history/le
ader.html 
www.stanford.edu/home/atoz/letterw.html 
www.stanford.edu/dept/news/report/news/n
ovember15/awardorgish-1115.html 
www.stanford.edu/group/STS/committee.ht
ml 
www.stanford.edu/group/womenscntr/com
munity/wvso.html 
www.stanford.edu/group/ieee/officers.htm 
www.stanford.edu/dept/uga/learning/3_3b_
majors.html 
www.stanford.edu/home/stanford/facts/com
puting.html 
www.stanford.edu/home/academics/depart
ments.html 
www.stanford.edu/group/STS/thematicadvis
ors.html 
www.stanford.edu/group/CIFE/People/peop
le.html 
www.stanford.edu/group/WTO/cgi-bin/facu
lty.php 
www.stanford.edu/group/STS/qa2.html 
www.stanford.edu/dept/MSandE/admission
s/admitfaq.html 
www.stanford.edu/group/STS/techadvisors.
html 
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www.stanford.edu/dept/humsci/exter
nal/faculty/professorships.html 
www.stanford.edu/dept/humsci/exter
nal/news/archive.html 
www.stanford.edu/dept/humsci/exter
nal/about/merchandise.html 
www.stanford.edu/dept/humsci/exter
nal/gus/schedule.html 
www.stanford.edu/dept/humsci/exter
nal/about/historyschool_1891-1920.ht
ml 
www.stanford.edu/dept/humsci/exter
nal/under/degrees.html 
www.stanford.edu/dept/humsci/exter
nal/gus/diversity/ugrad.html 
www.stanford.edu/dept/humsci/exter
nal/faculty/awards_natac.html 
www.stanford.edu/dept/humsci/exter
nal/grad/housing.html 
www.stanford.edu/dept/humsci/exter
nal/news/index.html 
www.stanford.edu/dept/humsci/exter
nal/under/housing.html 
www.stanford.edu/dept/humsci/exter
nal/about/historyschool_1921-1940.ht
ml 
www.stanford.edu/dept/humsci/exter
nal/departments/directory.html 
www.stanford.edu/dept/humsci/exter
nal/about/historyschool_1941-1960.ht
ml 
www.stanford.edu/dept/humsci/exter
nal/about/profile_humanities.html 
www.stanford.edu/dept/humsci/exter
nal/news/media.html 
www.stanford.edu/dept/humsci/exter
nal/news/photo_album.html 
www.stanford.edu/dept/humsci/exter
nal/faculty/index.html 
www.stanford.edu/dept/humsci/exter
nal/about/profiles.html 
www.stanford.edu/dept/humsci/exter
nal/about/historyschool_1981-1994.ht
ml 

www.missouri.edu/academics/departments.
php 
www.stanford.edu/group/wellspring/sun_sp
otlight.html 
www.stanford.edu/group/badminton/players
.html 
www.stanford.edu/home/atoz/faq.html 
www.stanford.edu/group/STS/CourseList.ht
ml 
www.stanford.edu/~saunders/ 
www.stanford.edu/group/phi_kappa_psi/bro
therhood/gobaud.html 
www.stanford.edu/services/cluster/ 
www.stanford.edu/dept/vpsa/judicialaffairs/
students/plagiarism.htm 
www.stanford.edu/home/academics/depart
ments2.html 
www.stanford.edu/group/STS/qa4.html 
www.stanford.edu/dept/MSandE/people/fac
ulty/glynn/index.html 
www.stanford.edu/dept/DoR/Marsh/Rindfle
isch.html 
www.stanford.edu/home/stanford/facts/unde
rgraduate.html 
www.stanford.edu/dept/a3c/faculty.shtml 
www.stanford.edu/%7Eschurch/employmen
t.html 
www.stanford.edu/dept/fren-ital/overseas.ht
ml 
www.stanford.edu/group/wellspring/cisco_s
potlight.html 
www.stanford.edu/home/stanford/facts/chro
n.html 
www.stanford.edu/dept/DoR/Fellows/news/
index.html 
www.stanford.edu/dept/nacc/opp-scholarshi
ps.html 
www.stanford.edu/home/atoz/letterm.html 
www.stanford.edu/group/womenscntr/staff/i
ndex.html 
www.stanford.edu/%7Efischer/index.html 
www.stanford.edu/dept/helpcenter/contact_
us.html 
www.stanford.edu/dept/news/report/news/a
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www.stanford.edu/dept/humsci/exter
nal/faculty/handbook.html 
www.stanford.edu/dept/humsci/exter
nal/events/events.html 
www.stanford.edu/dept/humsci/exter
nal/about/profile_gradundergrad.html
www.stanford.edu/dept/humsci/exter
nal/faculty/awards.html 
www.stanford.edu/dept/humsci/exter
nal/about/historyschool_1998-2000.ht
ml 
www.stanford.edu/dept/humsci/exter
nal/faculty/awards_acad.html 
www.stanford.edu/dept/humsci/exter
nal/about/profile_s_external_dean.ht
ml 
www.stanford.edu/dept/humsci/exter
nal/faculty/awards_dink.html 
www.stanford.edu/dept/humsci/exter
nal/gus/diversity/index.html 
www.stanford.edu/dept/humsci/exter
nal/news/newsreleases.html 
www.stanford.edu/dept/humsci/exter
nal/grad/resources.html 
www.stanford.edu/dept/humsci/exter
nal/departments/profiles.html 
www.stanford.edu/dept/humsci/exter
nal/about/historyschool_1995-1997.ht
ml 
www.stanford.edu/dept/humsci/exter
nal/departments/index.html 
www.stanford.edu/dept/humsci/exter
nal/departments/profiles_programs.ht
ml 
www.stanford.edu/dept/humsci/exter
nal/about/historyschool_2001-2002.ht
ml 
www.stanford.edu/dept/humsci/exter
nal/index.html 
www.stanford.edu/ 
www.stanford.edu/home/atoz/letterr.h
tml 
www.stanford.edu/home/atoz/letteri.h
tml 

pril5/hennessyrem-45.html 
www.stanford.edu/group/AIM/Community/
FacultyList.html 
www.stanford.edu/dept/EIS/about_faculty.h
tml 
www.missouri.edu/AZindex/c.php 
www.stanford.edu/group/ieee/ 
www.stanford.edu/group/dschool/participat
e/get_involved.html 
www.stanford.edu/group/dschool/people/tea
m.html 
www.stanford.edu/home/computing/index.s
html 
www.stanford.edu/group/STS/BAInfoSoc.h
tml 
www.stanford.edu/dept/icenter/orc/scholars
hips/postdocs.htm 
www.stanford.edu/dept/undergrad/urp/Hono
rs/index.html 
www.stanford.edu/services/techtraining/ip.h
tml 
www.stanford.edu/home/academics/progra
ms.html 
www.stanford.edu/dept/CDC/students/opps/
otherwebsites.html 
www.stanford.edu/dept/nacc/scholarships-ta
ble.html 
www.stanford.edu/group/TCS/core.htm 
www.stanford.edu/home/research/centers.ht
ml 
www.stanford.edu/dept/DoR/Resources/ad
min_imp/q_a.html 
www.stanford.edu/group/polisci/faculty/nie.
html 
www.stanford.edu/dept/DoR/overview/back
ground.html 
www.stanford.edu/dept/biology/sites.html 
www.stanford.edu/dept/nacc/admissions.ht
ml 
www.stanford.edu/dept/MSandE/people/fac
ulty/murray/ 
www.stanford.edu/home/stanford/facts/scho
ols.html 
www.stanford.edu/group/phi_kappa_psi/bro
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www.stanford.edu/home/atoz/letterb.
html 
www.stanford.edu/home/atoz/letterl.h
tml 
www.stanford.edu/home/atoz/letterf.h
tml 
www.stanford.edu/home/atoz/letterp.
html 
www.stanford.edu/home/atoz/lettera.
html 
www.stanford.edu/home/atoz/letterg.
html 
www.stanford.edu/home/atoz/lettert.h
tml 
www.stanford.edu/home/atoz/lettere.
html 
www.stanford.edu/home/atoz/lettern.
html 
www.stanford.edu/home/atoz/letterh.
html 
www.stanford.edu/home/atoz/letterw.
html 
www.stanford.edu/home/atoz/letterc.
html 
www.stanford.edu/home/atoz/letterm.
html 
www.stanford.edu/home/atoz/letters.
html 
www.stanford.edu/home/atoz/letterd.
html 
www.stanford.edu/home/atoz/letteru.
html 
www.stanford.edu/home/atoz/lettero.
html 
www.stanford.edu/home/research/ 
www.stanford.edu/home/medcenter/ 

therhood/lasley.html 
www.stanford.edu/group/optics/pastevents.s
html 
www.stanford.edu/group/phi_kappa_psi/bro
therhood/meyer.html 
www.stanford.edu/home/welcome/academic
s/major.html 
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Table 4.3 Top 100 results for query “computer” (continued) 
FSBR, bibliographic coupling FSBR, combined 
www.stanford.edu/dept/humsci/externa
l/faculty/awards_nms.html 
www.stanford.edu/dept/humsci/externa
l/about/historyschool_1981-1994.html 
www.stanford.edu/dept/humsci/externa
l/under/degrees.html 
www.stanford.edu/dept/humsci/externa
l/faculty/awards_mcar.html 
www.stanford.edu/dept/humsci/externa
l/about/historyschool_1961-1970.html 
www.stanford.edu/dept/humsci/externa
l/departments/profiles_programs.html 
www.stanford.edu/dept/humsci/externa
l/faculty/awards_cox.html 
www.stanford.edu/dept/humsci/externa
l/events/program_events.html 
www.stanford.edu/dept/humsci/externa
l/campus/profiles.html 
www.stanford.edu/dept/humsci/externa
l/about/council.html 
www.stanford.edu/dept/humsci/externa
l/gus/staff.html 
www.stanford.edu/home/stanford/histor
y/leader.html 
www.stanford.edu/home/stanford/facts/
computing.html 
www.stanford.edu/home/academics/de
partments.html 
www.stanford.edu/home/atoz/faq.html 
www.stanford.edu/home/academics/de
partments2.html 
www.stanford.edu/home/stanford/facts/
undergraduate.html 
www.stanford.edu/home/stanford/facts/
chron.html 
www.stanford.edu/home/atoz/letterc.ht
ml 
www.stanford.edu/home/welcome/cam
pus/seq.html 
www.stanford.edu/group/mathcompsci/
intro.html 
www.stanford.edu/group/polisci/srp.ht

www.stanford.edu/dept/humsci/external/f
aculty/awards_nms.html 
www.stanford.edu/dept/humsci/external/a
bout/historyschool_1981-1994.html 
www.stanford.edu/dept/humsci/external/u
nder/degrees.html 
www.stanford.edu/dept/humsci/external/f
aculty/awards_mcar.html 
www.stanford.edu/dept/humsci/external/a
bout/historyschool_1961-1970.html 
www.stanford.edu/dept/humsci/external/d
epartments/profiles_programs.html 
www.stanford.edu/dept/humsci/external/f
aculty/awards_cox.html 
www.stanford.edu/dept/humsci/external/e
vents/program_events.html 
www.stanford.edu/dept/humsci/external/c
ampus/profiles.html 
www.stanford.edu/dept/humsci/external/a
bout/council.html 
www.stanford.edu/dept/humsci/external/g
us/staff.html 
www.stanford.edu/group/polisci/srp.html 
www.stanford.edu/home/atoz/letterc.html 
www.stanford.edu/group/mathcompsci/int
ro.html 
www.stanford.edu/group/yamamotogroup
/publications.html 
www.stanford.edu/home/welcome/campu
s/seq.html 
www.stanford.edu/dept/news/report/news/
november19/apple1119.html 
www.stanford.edu/dept/MSandE/academi
cs/bs.html 
www.stanford.edu/class/sts145 
www.stanford.edu/group/mathcompsci/fa
culty.html 
www.stanford.edu/group/mathcompsci/07
future.html 
www.stanford.edu/group/mathcompsci/06
future.html 
www.stanford.edu/home/stanford/history/l



 

63

ml 
www.stanford.edu/dept/news/report/ne
ws/november19/apple1119.html 
www.stanford.edu/dept/MSandE/acade
mics/bs.html 
www.stanford.edu/class/sts145 
www.stanford.edu/group/mathcompsci/
faculty.html 
www.stanford.edu/group/yamamotogro
up/publications.html 
www.stanford.edu/group/mathcompsci/
07future.html 
www.stanford.edu/group/mathcompsci/
06future.html 
www.stanford.edu/dept/president/biogr
aphy/ 
www.stanford.edu/home/academics/pro
grams.html 
www.stanford.edu/home/stanford/facts/
schools.html 
www.stanford.edu/group/CSSA/welco
me.html 
www.stanford.edu/home/research/cente
rs.html 
www.stanford.edu/group/pakistan/alum
ni.htm 
www.stanford.edu/dept/vpsa/judicialaff
airs/faculty/materials.honorcode.htm 
www.stanford.edu/dept/DoR/Marsh/Or
gish.html 
www.stanford.edu/dept/SUSE/cgi-bin/l
dt/about/faculty.html 
www.stanford.edu/dept/vpsa/judicialaff
airs/students/plagiarism.sources.htm 
www.stanford.edu/dept/news/report/ne
ws/november15/awardorgish-1115.html
www.stanford.edu/group/pakistan/mem
bers.htm 
www.stanford.edu/group/ieee/officers.h
tm 
www.stanford.edu/home/atoz/letterw.ht
ml 
www.stanford.edu/dept/uga/learning/3_
3b_majors.html 

eader.html 
www.stanford.edu/dept/president/biograp
hy/ 
www.stanford.edu/home/stanford/facts/co
mputing.html 
www.stanford.edu/group/STS/faculty.htm
l 
www.stanford.edu/group/STS/BA.html 
www.stanford.edu/group/CSSA/welcome.
html 
www.stanford.edu/home/academics/depar
tments.html 
www.stanford.edu/home/atoz/letterw.html
www.stanford.edu/group/pakistan/alumni.
htm 
www.stanford.edu/dept/SUSE/cgi-bin/ldt/
about/faculty.html 
www.stanford.edu/dept/vpsa/judicialaffair
s/faculty/materials.honorcode.htm 
www.stanford.edu/dept/DoR/Marsh/Orgis
h.html 
www.stanford.edu/group/womenscntr/co
mmunity/wvso.html 
www.stanford.edu/dept/vpsa/judicialaffair
s/students/plagiarism.sources.htm 
www.stanford.edu/group/pakistan/membe
rs.htm 
www.stanford.edu/group/STS/committee.
html 
www.stanford.edu/dept/news/report/news/
november15/awardorgish-1115.html 
www.stanford.edu/group/STS/thematicad
visors.html 
www.stanford.edu/home/atoz/faq.html 
www.stanford.edu/group/ieee/officers.htm
www.stanford.edu/dept/uga/learning/3_3b
_majors.html 
www.stanford.edu/group/STS/qa2.html 
www.stanford.edu/group/CIFE/People/pe
ople.html 
www.stanford.edu/group/WTO/cgi-bin/fa
culty.php 
www.stanford.edu/group/STS/techadvisor
s.html 
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www.stanford.edu/group/STS/BA.html
www.stanford.edu/group/CIFE/People/
people.html 
www.stanford.edu/group/STS/qa2.html
www.stanford.edu/group/WTO/cgi-bin/
faculty.php 
www.stanford.edu/group/STS/thematic
advisors.html 
www.stanford.edu/dept/MSandE/admis
sions/admitfaq.html 
www.stanford.edu/services/cluster/ 
www.missouri.edu/academics/departme
nts.php 
www.stanford.edu/~saunders/ 
www.stanford.edu/group/wellspring/su
n_spotlight.html 
www.stanford.edu/group/badminton/pl
ayers.html 
www.stanford.edu/group/phi_kappa_ps
i/brotherhood/gobaud.html 
www.stanford.edu/group/STS/techadvi
sors.html 
www.stanford.edu/group/STS/faculty.h
tml 
www.stanford.edu/dept/vpsa/judicialaff
airs/students/plagiarism.htm 
www.stanford.edu/group/STS/qa4.html
www.stanford.edu/dept/MSandE/peopl
e/faculty/glynn/index.html 
www.stanford.edu/group/womenscntr/c
ommunity/wvso.html 
www.stanford.edu/group/STS/committ
ee.html 
www.stanford.edu/dept/DoR/Marsh/Ri
ndfleisch.html 
www.stanford.edu/dept/a3c/faculty.sht
ml 
www.stanford.edu/home/statistics/ 
www.stanford.edu/%7Eschurch/employ
ment.html 
www.stanford.edu/group/wellspring/cis
co_spotlight.html 
www.stanford.edu/home/stanford/facts/
research.html 

www.stanford.edu/dept/MSandE/admissio
ns/admitfaq.html 
www.stanford.edu/home/academics/depar
tments2.html 
www.missouri.edu/academics/department
s.php 
www.stanford.edu/group/wellspring/sun_s
potlight.html 
www.stanford.edu/group/STS/CourseList.
html 
www.stanford.edu/group/badminton/playe
rs.html 
www.stanford.edu/~saunders/ 
www.stanford.edu/home/stanford/facts/un
dergraduate.html 
www.stanford.edu/group/STS/qa4.html 
www.stanford.edu/services/cluster/ 
www.stanford.edu/dept/vpsa/judicialaffair
s/students/plagiarism.htm 
www.stanford.edu/home/stanford/facts/ch
ron.html 
www.stanford.edu/dept/MSandE/people/f
aculty/glynn/index.html 
www.stanford.edu/group/dschool/particip
ate/get_involved.html 
www.stanford.edu/group/phi_kappa_psi/b
rotherhood/gobaud.html 
www.stanford.edu/dept/a3c/faculty.shtml 
www.stanford.edu/dept/DoR/Marsh/Rindf
leisch.html 
www.stanford.edu/group/dschool/people/t
eam.html 
www.stanford.edu/home/atoz/letterm.html
www.stanford.edu/dept/fren-ital/overseas.
html 
www.stanford.edu/%7Eschurch/employm
ent.html 
www.stanford.edu/group/womenscntr/staf
f/index.html 
www.stanford.edu/dept/DoR/Fellows/new
s/index.html 
www.stanford.edu/group/wellspring/cisco
_spotlight.html 
www.stanford.edu/dept/nacc/opp-scholars
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www.stanford.edu/dept/nacc/opp-schol
arships.html 
www.stanford.edu/dept/helpcenter/cont
act_us.html 
www.stanford.edu/home/research/cente
rs-hum.html 
www.stanford.edu/dept/DoR/Fellows/n
ews/index.html 
www.stanford.edu/%7Efischer/index.ht
ml 
www.stanford.edu/home/atoz/letterm.ht
ml 
www.stanford.edu/dept/news/report/ne
ws/april5/hennessyrem-45.html 
www.stanford.edu/home/computing/ind
ex.shtml 
www.missouri.edu/AZindex/c.php 
www.stanford.edu/group/STS/CourseLi
st.html 
www.stanford.edu/dept/fren-ital/overse
as.html 
www.stanford.edu/dept/EIS/about_facu
lty.html 
www.stanford.edu/home/stanford/facts/
libraries.html 
www.stanford.edu/group/ieee/ 
www.stanford.edu/dept/icenter/orc/sch
olarships/postdocs.htm 
www.stanford.edu/services/techtraining
/ip.html 
www.stanford.edu/group/STS/BAInfoS
oc.html 
www.stanford.edu/group/AIM/Commu
nity/FacultyList.html 
www.stanford.edu/dept/undergrad/urp/
Honors/index.html 
www.stanford.edu/group/polisci/faculty
/nie.html 
www.stanford.edu/group/dschool/partic
ipate/get_involved.html 
www.stanford.edu/dept/CDC/students/
opps/otherwebsites.html 
www.stanford.edu/dept/nacc/scholarshi
ps-table.html 

hips.html 
www.stanford.edu/dept/helpcenter/contact
_us.html 
www.stanford.edu/%7Efischer/index.html
www.stanford.edu/group/AIM/Communit
y/FacultyList.html 
www.stanford.edu/dept/news/report/news/
april5/hennessyrem-45.html 
www.stanford.edu/home/academics/progr
ams.html 
www.stanford.edu/dept/EIS/about_faculty
.html 
www.missouri.edu/AZindex/c.php 
www.stanford.edu/group/ieee/ 
www.stanford.edu/group/STS/BAInfoSoc.
html 
www.stanford.edu/home/computing/index
.shtml 
www.stanford.edu/home/research/centers.
html 
www.stanford.edu/dept/icenter/orc/schola
rships/postdocs.htm 
www.stanford.edu/dept/undergrad/urp/Ho
nors/index.html 
www.stanford.edu/services/techtraining/ip
.html 
www.stanford.edu/home/stanford/facts/sc
hools.html 
www.stanford.edu/group/polisci/faculty/ni
e.html 
www.stanford.edu/dept/CDC/students/opp
s/otherwebsites.html 
www.stanford.edu/dept/nacc/scholarships-
table.html 
www.stanford.edu/group/TCS/core.htm 
www.stanford.edu/dept/DoR/Resources/a
dmin_imp/q_a.html 
www.stanford.edu/dept/DoR/overview/ba
ckground.html 
www.stanford.edu/dept/biology/sites.html
www.stanford.edu/dept/classics/home/Co
mmunity/community_dept_hist.html 
www.stanford.edu/dept/MSandE/people/f
aculty/murray/ 
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Table 4.4 Accuracy Comparison for query “physics” 
Algorithms Accuracy (%) 
Basic HITS, authority score ranking 67.0378 (best) 
Basic HITS, hub score ranking 60.3528 
FSBR using co-citation 72.3085 
FSBR using bibliographic coupling 72.9043  
FSBR using weighted combination of co-citation 
and bibliographic coupling (4:1) 72.3085 

FSBR using weighted combination of co-citation 
and bibliographic coupling (3:1) 72.9025 

FSBR using weighted combination of co-citation 
and bibliographic coupling (2:1) 

74.1194  
 

FSBR using weighted combination of co-citation 
and bibliographic coupling (1:1) 75.3658 (best) 

FSBR using weighted combination of co-citation 
and bibliographic coupling (1:2) 73.5080 

FSBR using weighted combination of co-citation 
and bibliographic coupling (1:3) 74.4281 

FSBR using weighted combination of co-citation 
and bibliographic coupling (1:4) 74.7387 

 
 
 

www.stanford.edu/group/dschool/peopl
e/team.html 
www.stanford.edu/group/TCS/core.htm
www.stanford.edu/group/womenscntr/s
taff/index.html 
www.stanford.edu/dept/DoR/overview/
background.html 
www.stanford.edu/dept/DoR/Resources
/admin_imp/q_a.html 
www.stanford.edu/dept/biology/sites.ht
ml 
www.stanford.edu/dept/MSandE/peopl
e/faculty/murray/ 
www.stanford.edu/dept/nacc/admission
s.html 

www.stanford.edu/dept/nacc/admissions.h
tml 
www.stanford.edu/group/dschool/people/t
eam_john_kembel.html 
www.stanford.edu/group/optics/pastevent
s.shtml 
www.stanford.edu/home/welcome/acade
mics/major.html 
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Table 4.5  Accuracy Comparison for query “computer” 
Algorithms Accuracy (%) 
Basic HITS, authority score ranking 50.8587 (best) 
Basic HITS, hub score ranking 49.9261 
FSBR using co-citation 59.1959 (best) 
FSBR using bibliographic coupling 50.5624 
FSBR using weighted combination of co-citation 
and bibliographic coupling (4:1) 53.9892 

FSBR using weighted combination of co-citation 
and bibliographic coupling (3:1) 54.6034 

FSBR using weighted combination of co-citation 
and bibliographic coupling (2:1) 54.1603 

FSBR using weighted combination of co-citation 
and bibliographic coupling (1:1) 54.0743 

FSBR using weighted combination of co-citation 
and bibliographic coupling (1:2) 53.3402 

FSBR using weighted combination of co-citation 
and bibliographic coupling (1:3) 54.1513 

FSBR using weighted combination of co-citation 
and bibliographic coupling (1:4) 54.3349 

 

4.3.4 Computational Complexity Comparison and Analysis 

    At the heart of eigenvector-based ranking algorithms such as HITS, iterative 

methods, especially the power method has been applied to calculate the eigenvalues 

and principal eigenvectors of the authority/hub matrices. 

    As described in [2], the power method involves multiplication of an initial vector 

(usually the unit vector) v with the authority matrix (M = ATA) repeatedly until v 

converges to the principal eigenvector of M. 

    Because of the involvement of matrix multiplication, the complexity of power 

iteration is bounded by such multiplication times the number of iterations needed to 

achieve convergence. It can be shown that this complexity is at least O(n2.376 * k) (k is 
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the number of iterations). [4] 

    As shown, this iterative converges geometrically, and the speed of such 

convergence depends on the ratio λ2/λ1. As pointed out in [2], k = 20 is usually 

sufficient for the typical subgraph (1000-5000 pages). The convergence rate of the 

power method adds significant limitations to the overall efficiency of the 

eigenvalue-based ranking algorithms, especially the query-time performance of these 

algorithms. 

    As an alternative, FSBR ranking method provides a stable approach that finds 

densely connected clusters and obtain ranking in linear time. 

    The Full-Similarity-based Ranking algorithm consists of two parts: 

densely-connected clustering and ranking. As shown in section 3.1.2, Clusters are 

constructed with a tree structure, whose root is the chosen cluster seed. The cluster 

itself does not depend on the choice of the cluster seed indeed although the tree 

structure does. 

    During the clustering procedure, at each iteration, a seed is selected from the 

remaining pool of pages as starting points to obtain each densely connected cluster. 

With an efficient implementation, it can be shown that the complexity of the 

clustering procedure is bounded by the number of pages in the web graph; therefore it 

runs in linear time. On the other hand, the complexity of the ranking procedure is 

bounded by the product of the number of pages with the number of clusters in the web 

graph, and it is an O(N2) procedure. 
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Chapter 5    Conclusion and Future Work 

 
 
 

    In conclusion, the FSBR algorithm does find the densely connected clusters 

(pages linked by large similarity values). In particular, the final ranking results 

produced by the FSBR have outperformed the original HITS algorithm with a much 

lower computational complexity. Although ranking solely based on co-citation or 

bibliographic or weighed combination of the two may not suffice by itself as a 

complete similarity measure, as explained before, the FSBR provides a flexible 

interface for various similarity measures. The co-citation/bibliographic coupling 

methods provided a useful perspective in terms of link-based clustering. We can also 

combine more informative similarity measures with co-citation/bibliographic 

coupling measures, such as textual information. Ranking contributable feature can be 

#(words in body), frequency of the most common term, text-based ranking value; 

page’s actual popularity information: #(users who viewed the page over certain period 

of time); “anchor text” and inlinks’ information: amount of text in the inlinks towards 

the page (“anchor text”), #(unique words in “anchor text”); average number of 

outlinks on any page in domain, etc. Under the FSBR framework, we can easily 

compliment the ranking by putting more features into the similarity measures, which 

further enhance the accuracy of ranking. 

    Future work may involve: 1) modifying similarity matrix by adding more 

features (content info, popularity, etc) into similarity calculation; 2) Improve the way 
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to calculate S(i, c) and Imp(c): e.g. to calculate S(i,c) based on the distance between i 

and the centroid of c to deal with the out-liers; 3) Conduct more experiments using 

different performance metrics; 4) Further incorporate some machine learning methods 

into the algorithm.  
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