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Abstract - This paper presents the comparative study of ranking 

algorithm such as PageRank, HITS, SALSA and Heigen. These 

algorithms share a common factor that is it finds the principal eigen 

vector. We experimented the first three algorithms and compared with 

the Heigen algorithm used to analyze the billion scale graph. We 

presented brief review showing the working process, advantages and 

disadvantages of each algorithm. 
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1. INTRODUCTION 
 
 

 A community can be defined as a group of entities (People, 

Organization, and Webpages) that shares the common interest or 

an activity or an event. We focus on predicting the user's interest, 

forecasting the business need, analyzing the network structure and 

etc., Communities provide valuable information for user's interest, 

give insights to the evolution of web and target advertising [1]. 

In graph theory, eigenvalue is found from the adjacency matrix of 

the graph. The eigenvector of the matrix is computed using the 

eigenvalues. The first principal eigenvector of the graph is 

referred as the principal eigenvector. This eigenvector plays an 

important role in computing a ranking in a hierarchical social 

network.  Almost, many social networks are hierarchical. The 

most familiar   example   is   web,   the   web   pages   are 

considered as individuals, the network structure is formed by 

providing link between the web pages. The ranking of the 

individual is computed by computing   the   marginal   ranking   

by   using   the principal eigenvector[2]. The principal eigenvector 

is used in many ranking algorithm like PageRank, HITS, SALSA, 

Heigen[3]. This paper presents the brief review about each 

algorithm. 

 

2. PAGERANK 
 
In web search engines, the link graph is an important resource   

which contains millions of hyperlinks. These allow us to calculate 

the measure of the link importance using an algorithm     

"PageRank". 

PageRank is a link analysis algorithm; it assigns the weighting 

factor to each element of the hyperlink. PageRank is an 

brilliant way to prioritize the web pages and measuring the 

importance of the website pages. It counts the quality of link to 

the page. A simple text matching algorithm is restricted to web 

page titles whereas the page ranks prioritize the results. 

PageRank is not only counting the links from all pages and 

also it normalizes the number of links on the page. PageRank 

is defined as: 

Let us assume Page X has pages x1,......xn, parameter   

"a"   damping   factor   which   value   set between 0 and 1. 
C(X) is the number of links going out of the page X. 

PageRank PR(X) = (1-a) +a[ 

(PR(x1)/C(x1))+........+(PR(xn)/C(xn))] 

 
PR(X) can be calculated using the iterative algorithm and 
corresponds to principal eigenvector. PageRank is assumed as 
a model of user behavior. For example, A random visitor opens 
the random page and keeps on clicking the links and then starts 
opening another new random page. PageRank is the probability 
that random visitor visits the page. The Damping factor is the 
probability of leaving the opened link and opening another 
random page. To avoid variation in getting higher ranking, the 
damping factor is added to the single page or group f page for 
personalization. A page can have high page rank if it has many 
pages pointing to it and also it considers the quality of the link. 
Let us see how Google calculate the PageRank: 
 

Google maintains the URLserver, it send the lists of URLs fetched 

by the crawlers. The fetched web pages are sending to the store 

server. Each webpage is associated   with   Id called   Doc ID. The 

indexing function is responsible for the indexing and sorting. The 

indexing function reads the repository and the uncompressed the 

documents. Hits are calculated by the set of word occurrences in 

each document. Anchor tile contains the information about the 

hits, links and the text if the link and then the Doc ID is 

assigned   to   the   URL   in   URL resolver [4].   The database for 

the links also generated with the pair of Doc ID's. Finally, the 

PageRank is computed with the help of the link database. 
 
3. HITS 
 
HITS are an algorithm which computes the good hubs and good 

authorities’ scores in web pages. The principal eigenvector of the 

adjacency matrix gives the hub and the authority scores. There 

are two categories of web pages.[5] 
 

     Provide information 

     Provide link to another web page 
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0 1 1 0 
1 0 1 0 
0 1 0 1 
0 1 0 0 

 

The webpage which provides information comes under the   
"authority" and   the   webpage   which provides the link to other 
pages comes under the "hub". The HITS algorithm is developed 
to compute the page value as an authority and as   a hub. It is 
applicable only to the sub graph not to the whole graph[6],  
derived  from  traditional  text  matching algorithm. Let us 
consider a small directed graph shown in figure 1.vector of the 
matrix. The main advantage of the HITS[7] is it computes two 
ranked list: one with authority document and next one with hub 
document. 

 

4. SALSA 
 
SALSA (Stochastic Approach for Link Structure Analysis) is the 

combination of both PageRank and HITS algorithm. Twitter 

uses the modified version of SALSA algorithm to suggest who to  

 

follow for user's. The approach is based on the theory of Markov 

chains. It also relies on how random walks are performed for a 

collection of user's[8]. SALSA uses the classification algorithm 

to classify the webpages to identify the hubs/authorities. The 

fundamental problem in information retrieval is ranking. Link 

based ranking algorithms can be classified as: 

     Query Dependent algorithm 

     Query Independent algorithm 
In comparison to query independent algorithms such as 
PageRank, SALSA algorithm which is query dependent is more 
effective. 
The construction of graph is similar to HITS, but SALSA 
weighs the entries according to In and Out degrees[9]. The input 
in the scheme is the collection  
 
of pages "c" built around the topic "t".

 

                  A                                                 B                                    
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Figure 1 
Directed Graph 

 

 
 

The adjacency matrix X is formed as 
 

 
 

X= 

Figure 2 

Neighborhood graph showing communities 

 
For example Figure 2 shows the directed graph formed for the 

communities and Figure 3 shows Bi- partite graph formed from 

Figure 2. 
 

 
 

A                                         B
 

The authority score (A) and the hub score (H) is computed by 

using the matrix, 
 

Ak = XTH(k-1)
 

H
k 

= XA
k

 

 
These two equations are executed to compute the dominant 

eigenvector i.e., authority vector and hub 
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Figure 3 Bi-partite 

graph 

 

 
Hub Matrix:  hi,j = Σ 1/(deg(ih)) * 1/(deg(ka)) 

 
Authority Matrix:  ai,j = Σ 1/(deg(ia)) * 1/(deg(kh)) 

 
5. HEIGEN 

 
The main objective of Heigen algorithm is to 

compute the top-k eigen value and eigen vector for a given 

billion scale graph[10]. These eigen value and eigenvector are  

heart  of many algorithm  such  as triangle counting, singular 

value decomposition, principle  component  analysis  and  tensor  

analysis. The major  difference  between  the Heigen  and  the 

PageRank  algorithm  is  that,  Heigen  computes  the top-k eigen 

vector whereas PageRank computes only the first eigen 

vector[11]. Heigen uses the Lanczos Selective optimization 



     P-ISSN: 2347-4408 
      E-ISSN: 2347-4734 

3| Page                                      June 2015, Volume - 2, Issue - 3 

which requires fewer orthogonalizations than the basic Lanczos. 

There are two main operations in Heigen: 

     Matrix - Vector multiplication 

         Skewed Matrix - Matrix multiplication 

 

Heigen focuses on: 

 

1. Heigen   chooses   sequential   eigen   

solver algorithm to compute top-k eigen 

vector more effectively. 

2. It uses the selective parallelization 

technique to avoid extra overhead of 

parallel execution. 

3. The running time is reduced by using 

the blocking technique. 

 
The large symmetric matrix "Z" is constructed from 

the billion scale graph of the network structure. 
 

Z = XΣY
T

 

 
Where X and Y is unit matrix, Σ is a diagonal 
matrix. Given an adjacency matrix Z of 
webpages, the hub and authority scores are given as 

the principal eigenvector of ZZ
T 

and Z
T
Z 

respectively and Heigen gives the left and right 
singular value of Z as the principal eigen vectors.

 

TABLE 1: COMPARISON OF PAGERANK, HITS, SALSA, HEIGEN 
 

Criteria PageRank HITS SALSA Heigen 

Mining Technique Web structure web    Structure    and 
web content 

Web structure Web structure 

Working process Computes                Rank 
values   at   index   time 

and results are sorted on 

the 

priority of pages 

highly relevant pages 
rank are computed 

Gives     dual     ranking     , 
highly   relevant   pages   are 

ranked 

Gives           top-k 
ranking 

Input Parameter Inlink to a page Inlink,   Outlink   and 
content 

Inlink, Outlink Nodes and Edges 

Advantage 1. Query time cost is low 
2.   Less   susceptible   to 
localized     link     spam 
3.  Used  to measure  the 
community likes 

1.  Used  to  calculate 
authority and hub 
scores 
2.Used to search on 
given                  topic 
3.Good in calculating 
the authority nodes 
and hubs 

1.      Weighting      can      be 
computed               explicitly 
2.     Less     susceptible     to 

spamming 

3. Does not have topic drift 

1.      Used      for 
anomaly detection 

and   finding 

tightly knit 

communities 

Disadvantage 1.          Rank          Sink 
2.Dangling             Links 

3. Dead End 

1.                Irrelevant 
Authority 

2.Irrelevant          Hub 

problem 

3. Topic drift 

Inconsistent   authority   and 
hub  vectors  with  standard 

input 

1. Applying 
Heigen on spectral 

clustering is not 

straight forward 

Search        Engine/ 

Social Network 

Used in Google Used in IBM clever Twitter Yahoo 

web, 
Twitter, 
Facebook 
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6. CONCLUSION 

 
By surveying the algorithms like page rank, SALSA, HITS and 

Heigen and organizing knowledge of how the  algorithms  

computes  the  principle  eigen  value and eigen vector, We 

hope that this paper can help for the better understanding of  

the above presented algorithms. 
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