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Abstract. Reading news is one of the most popular activities when people surf 
the internet.  As too many news sources provide independent news information 
and each has its own preference, detecting unbiased important news might be 
very useful for users to keep up to date with what are happening in the world.  
In this paper we present a novel method to identify important news in web envi-
ronment which consists of diversified online news sites.  We observe that a 
piece of important news generally occupies visually significant place in some 
homepage of a news site and import news event will be reported by many news 
sites.  To explore these two properties, we model the relationship between 
homepages, news and latent events by a tripartite graph, and present an algo-
rithm to identify important news in this model.  Based on this algorithm, we 
implement a system TOPSTORY to dynamically generate homepages for users 
to browse important news reports.  Our experimental study indicates the effec-
tiveness of proposed approach 

1   Introduction 

A survey conducted by Cerberian in May 2004 shows that news is one of the favorites 
for Internet users [1].  Specifically, 56% users rank “NEWS Sites”  as one of the top 5 
places they visit when surfing the Internet.  The proliferation of many independent 
online news sources has created a sharp increase in news information channels avail-
able to us.  What we are confronted with is the prohibitively huge amount of news 
information coming at us from multiple news sources.  As us news readers are con-
cerned, the important and latest news events can actually capture users’  interest.  Thus 
one key problem is to identify those pieces of news that report important events.  We 
call this kind of news important news.  However, not all the important news has the 
similar importance, how to rank them according to their importance becomes a key 
issue in IR field.  In this paper, we mainly discuss the problem of detecting and rank-
ing these publicly recognized important news, with no respect to user’s personal inter-
est preference. 

It is not easy to distinguish important news, since each news source has its own 
preference in reporting events.  But generally speaking, the following two properties 
can be utilized for identifying and ranking important news: 

1. Important news usually occupies a visually significant place in the homepage.  
(Such as headline news); 

2.  Important news is usually reported by various news sources. 
In this paper, we present a method to detect those pieces of news that possess these 

two properties.  The visual significance of news in a homepage can be deemed as the 



recommendation strength to the news by the homepage.  We notice that some home-
pages regularly recommend important news with proper strength, but others may have 
obvious local preference.  We denote the term credibility to describe the extent to 
which we can believe a homepage’s recommendation.  Credibility of homepages and 
importance of news pages exhibit a mutual reinforcement relationship, which is simi-
lar to that between hub pages and authoritative pages in a hyperlinked environment [7].  
Similarly, importance of news and importance of events also exhibit such a mutual 
reinforcement relationship.  We model the relationship between homepages, news and 
events into a tripartite graph and present an algorithm to identify important news by 
seeking the equilibrium of those two mutual reinforcement relationships in this graph. 

Related work can be classified into two categories.  The first is important story de-
tection that is mainly studied within the topic detection and tracking (TDT) commu-
nity [4][5][6].  TDT tries to detect important stories from broadcast news.  Our work 
differs from them in the way that we consider this problem in the web environment 
where more independent information sources are available.  Another kind of related 
work is web object relationship mining, which has drawn widespread interest 
[8][9][10][12].  Especially, it has shown that taking the web as a graph has yielded 
valuable insight into various web algorithms [1][7].  Our work focuses on web news 
stories and our method is partially motivated by web relationship graphically model-
ing and mining. 

The organization of this paper is as follows.  In Section 2, we study the relationship 
between homepages, news and events and model it by a tripartite graph.  In Section 3 
we present the algorithm to identify the importance of news by exploiting two kinds of 
information in independent manner and combined manner respectively.  In Section 4 
we give an overview of the system TOPSTORY that implements our algorithm.  Ex-
periments are discussed in Section 5.  Finally, we summarize our contributions and 
conclude in Section 6.   

2   Observation and Formulation of Web News 

To identify important news that follows the aforementioned properties, we investigate 
two kinds of information from homepages and news pages respectively. 

News homepages not only provide a set of links to news pages, they also work as 
visual portals for users to read news.  They are delicately designed to help user ac-
quire information quickly.  Examples include headline news, top story recommenda-
tion, etc.  One of the most general forms is that all pieces of news are presented by 
homepages with different visual strength.  The most important piece of news is often 
put in the top place, accompanied by some image or abstract text, while each of those 
less important ones is just a short sentence with a hyperlink.  From another point of 
view, the visual layout of each homepage reflects its editor’s viewpoint on important 
news at that time.  Such kind of information is quite helpful to identify important news.   

Each news article generally has a title, an abstract and the content etc.  Thus we can 
compare the content of two news pages and estimate whether they are reporting the 



same event.  Furthermore, from the corpus of multiple news sources, we may estimate 
how many pieces of news are reporting the same event. 

2.1   Observations 

Homepages vary in credibility.  Each site generally contains two kinds of homepages: 
portal page and category pages.  A portal page often summarizes important news from 
different classes, while each category page focuses on one kind of news, such as world, 
business, sports and entertainment etc.  The headline news in a category page is possi-
bly important only within the corresponding class.  So generally speaking, portal 
pages are likely to be more credible within a site.  Besides, homepages of prestigious 
sites are averagely more creditable than those of non-famous sites.  The later generally 
has obvious local preference.  Credibility of homepages and importance of news ex-
hibit a mutually reinforcing relationship as follows: 

OBSERVATION 1.  Homepage and News: 

�  News presented by more creditable homepages with stronger visual strength 
is more likely to be important. 

�  More creditable homepages are expected to recommend important news 
more reliably. 

All pieces of news are driven by the similar sets of events taking place in the world.  
Here we take the definition of event from topic detection and tracking community [4].   

Event: Something that happens at a specific time and place (a specific election, 
accident, crime or natural disaster are examples).   

The importance of news and importance of events also exhibit a mutually rein-
forcement relationship. 

OBSERVATION 2.  News and Events: 

�  Important events are likely to be reported by more pieces of news. 

�  A piece of news that reports an important event is important. 

2.2   Tr ipar tite Graph Model of Web News Relationship 

We take a tripartite graph to model the aforementioned information and exploit our 
observations.  There are three objects here: homepages, news and events.  The graph 
is a five-tuple { , , , , }G F N E Q P= , where 1{ }mF F F= � , 1{ }nN N N= � , 1{ }dE E E= �  

are three sets of vertices corresponding to homepages, news and events respectively.  
Q  is defined as an F N´ matrix such that ijQ  represents the recommendation strength 

of jN  by iF .  We assume that the maximum recommendation strength equals for all 

homepages.  Correspondingly, Q  is normalized along rows so that ,max 1ijj
i Q" = .  P  



is an N E´  matrix such that i jP  is the probability that iN  is reporting jE .  And 

, 1ij
j

i P" =�  holds.  Here P and E  are unobservable directly.  A skeletal example is 

depicted in Figure 1. 

 
Fig. 1. A Tripartite Graph Model of Homepages, News and Events. 

Besides, we associate credibility weight f
iw  for each homepage iF , importance 

weight n
iw  for each piece of news iN  and importance weight e

iw  for each event iE .  

We maintain the invariant that the weights of each type are normalized: 
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3 Importance Propagation Model 

Based on observation 1 and 2, we identify the credibility of homepages, importance of 
news by finding equilibriums in those relationships.  It can be done by an iterative 
algorithm.  

We first investigate these two kinds of relationships in independent manner.  By 
further analysis, we find they are mutually beneficial.  It is more advantageous to 
combine them and find a certain type of equilibrium in the two-level mutual rein-
forcement relationship. 

3.1   Homepage Voting Model 

Corresponding to observation 1, we can define the following operations: ( TQ  is the 
transpose of Q ) 

fn Tw Q w¬ ´         (1) 

q

f nw K Q w¬ ´ ´         (2) 



Here qK  is a diagonal matrix and 2( , ) 1/q ij
j

K i i Q= � .  The multiplier qK  is necessary 

because the credibility of a homepage should not be biased by the num of piece of 
news it presents.  Therefore when nw  is given, we estimate fw  as the following: 
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These two operations are the basic means by which fw  and nw  reinforce one an-
other.  The equilibrium values for the weights can be reached by repeating 1 and 2 
alternatively.  Thus fw  converges to *fw , which is the unit principal eigenvector of 

T
qK Q Q´ ´ .  And nw  converges to *nw , which is the unit principal eigenvector of 
T

qQ K Q´ ´  and is proportional to *T fQ w´ . 

It is based on the standard result of linear algebra that if M  is a symmetric n n´  
matrix, and v  is a vector not orthogonal to the principal eigenvector, then the unit 
vector in the direction of kM v  converges to the principal eigenvector of M  as k  
increases without bound.  An assumption here is that the principal eigenvalue of M  is 
strictly greater than any other ones.  But related analysis in this paper is not affected in 
any substantial way even if this assumption does not hold. 

Define T
qB Q K Q= ´ ´ .  We note that 

1

m

ij li lj l
l

B Q Q K
=

= ´ ´� .So if two pieces of news 

coexist in some homepage, their importance weights reinforce one another.  The rein-
force strength is proportional to the recommendation strength of both pieces of news 
by that homepage.   

3.2   Cross-site Similar ity Model 

Corresponding to the observation 2, we define the following operations: 
n ew P w¬ ´     (3) 

e T nw P w¬ ´     (4) 

The mathematical analysis of this process is totally same with that of the homepage 
model.  Here we use *nw  to denote the unit principal eigenvector of TP P´ . 

Define TA P P= ´ .  We note that 
1

d

ij il jl
l

A P P
=

= ´� .  So i jA  is exactly the probability that 

iN  and jN  are reporting the same events.  We can approximate ijA  by comparing the 

document similarity between these two pieces of news.  The details are discussed in 
Section 4.2.  Here we assume it is available without knowing P .  Thus we can reach 

*nw  without an explicit value of E  and P . 



3.3   Hybr id Model 

Both the homepage recommendation strength and multiple news similarity can help to 
identify news importance, however, the above two models have their shortcomings 
respectively.  Improvement to the overall performance can be expected when combin-
ing them, to let them making up to each other.  Here we investigate a simple combina-
tion rule: 

fn n Tw A w A Q w¬ ´ ¬ ´ ´   (5) 

q

f nw K Q w¬ ´ ´     (6) 

Similarly we can repeat the above two steps alternatively to reach an equilibrium 
point.  Here *fw  is the principal eigenvector of T

qK Q A Q´ ´ ´ , and *nw  is the princi-

pal eigenvector of T
qA Q K Q´ ´ ´  .  The procedure to approximate the equilibrium 

values is in Figure 2.  Generally k  = 20 is sufficient to make it converge. 

 

 Fig. 2. Importance and Credibility Rank Algorithm. 

The tripartite graph is expected to be connected as a whole.  Intuitively speaking, 
the sets of news pages from different sites are related via the same event set they re-
port, the sets of news pages for different events are also related because they coexist in 
the same set of homepages.  The exception is that all events reported by a set of 
homepages are not reported by any other homepage.  It is quite impossible in reality 
and we ignore this kind of case.   

Since the tripartite graph is connected and all edges are associated with positive 
values, we note that *fw and *nw  have positive values in all coordinates.  It means we 
can compare the importance of any two pieces of news.  However, this is not the case 
for neither homepage model nor similarity model. 

Iterate ( , ,Q A k ) 
Q : a front-page to news matrix 
A : a news to news matrix 
k : the iteration count 

Let z  denote the vector (1,1, ,1) mRÎ� . 
Set 0

nw z= . 
For 1,2, ,i k= �  

1
n T n
i q iw A Q K Q w -= ´ ´ ´ ´ . 

Normalize n
iw  

End for 
Set f f

k q nw K Q w= ´ ´ . 
Normalize f

kw  
Normalize n

kw  
Return ( ,n f

k kw w ) 
 



4 TopStory System 

We implement a system to verify our algorithm: TOPSTORY (See Figure 3).  This 
system monitors a set of news sources and crawls their homepages and linked news 
pages in a certain frequency.  By our algorithm, each piece of news gets a ranking 
score.  We also implement a simple cluster so that related news can be clustered into 
events.  And these events are ranked by the most important news within them. 

The system interacts with users in two ways.  1) It periodically detects latest impor-
tant news and automatically generates homepage for users to browse.  2) It can be 
driven by users’  queries, that is, it can dynamically detect important news during any 
given time period and generates corresponding homepage with top important events.  

 
Fig. 3. An Overview of TopStory System. 

4.1   Recommendation Strength in Homepage by Visual Impor tance 

Each homepage is tracked by a set of snapshot pages 1 2{ , , }t tS S � .  Here snapshot tS  
denotes the homepage at a specific time t.  Each snapshot presents a set of news with 
different visual strength.  We use a vision-based page segmentation algorithm (VIPS) 
[3] to analyze snapshot’s content structure (See Figure 4). 

 

Fig. 4. A Snapshot of Homepage. 

Figure 4 is an example of the result, where each framed rectangle is a block of a 
piece of news.  The visual strength of a block is decided by its size, position and 
whether it contains an image.  We estimate it by: 

( , ) / (1 / )

0.5* ( ?1: 0)

q S N BlockSize MaxBlockSize top PageHeight

ContainImage

= + -

+
 (7) 

2nd - level news 
 

3rd - level news 

Headline News 



where ( , )q S N  is the visual strength of news N  in S ; BlockSize is the block’s size; 
top is its top position; ContainImage indicates whether it contains an image; Max-
BlockSize denotes the maximum size of all blocks in S ; PageHeight is the total height 
of the snapshot page. 

The visual strength of a piece of news may evolve with time.  We need to summa-
rize these snapshots to have a global view that how the homepage recommends it.  The 
summarization rule is actually determined by user’s interest needs.  If a user wants to 
browse important events during a week, all snapshots in this week are equal.  In an-
other case the user’s interest decays with time, the latest snapshots should be more 
important than the older ones.  Therefore we associate weights to snapshots according 
to their corresponding time.  A sigmoid function is used to represent the decaying 
effect of user interest. 
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For each piece of news, its voting strength from a homepage is represented by a 
weighted combination of the visual strength it occupies at each snapshot.  
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where ( )tw S  is the weight of snapshot S at time t.  ( , )q F N  is further normalized so 
that the maximum recommendation strength by each homepage equals 1.   

4.2   News Document Similar ity M easure 

We use the Vector-Space Model (VSM) to represent each piece of news and compute 
their similarity by cosine similarity measure.  For each piece of news, we distinguish 
two kinds of terms: name entities and general feature words.  Name entities involve: 
Name, Organization, Location, Time, etc. 

We consider three aspects to weight each word: 
1. Traditional TF-IDF scheme. 
2. Font information.  Those with bold and bigger size font are more relevant to     
the reported event. 
3. Name entities are more relevant to the reported event. 

We compute the weight of each term e  in a news pageN  as the follows:  

* ( ) , if e isa feature word

( , )
* ( ) * 5 , if e isa name entity

e N
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where ( )Nf w  denotes the font weight of each occurrence of w in N . 

5 Exper imental Results 

In this section, we first explain how we collect data and set up the ground truth.  Then 
a set of experiments were conducted to investigate our algorithms and evaluate the 
TOPSTORY system. 

5.1   Data Sets Descr iption 

We monitor 8 online news sites for a week.  All homepages are crawled in the fre-
quency of ten minutes.  We are especially interested in world news because it is popu-
lar and comparable among all sites.  Statistics of crawled data are shown in Table 1.   

Table 1.  Statistics of Exper imental Data 

News Sites Homepage Num News Page Num Wor ld News Num 

BBC 7 1262 348 

CNN 8 331 133 

CBC 5 498 258 

NEWSDAY 6 922 336 

CBSNEWS 5 197 50 

YAHOO 8 1219 365 

ABCNEWS 7 2601 463 

REUTERS 6 624 289 

It is quite difficult to give an importance value for each piece of news.  The key 
problem is that users can only evaluate importance for each event instead of each 
piece of news.  So it is necessary to associate each piece of news into some event for 
comparing our methods to the ground truth from users.  We utilize a fixed clustering 
algorithm to deal with this task.  We define three importance levels and their corre-
sponding weight values. (See Table 2) 

Table 2.  Importance Label 

Impor tance Level Weight 

Very important 10 

Important 5 

Normal 0 



We asked 5 users to label these clustered events.  For each event, the average value 
is taken as its importance value.  

5.2   Exper iment Results 

We conduct two experiments to compare the performance of the three proposed mod-
els.  We hope to investigate the effect of information from homepages and news pages 
respectively and to see the effect of their combination as well. 

5.2.1   Scope - Average Impor tance 

We take a strategy like scope-precision, to evaluate the performance of the three mod-
els in TOPSTORY respectively.  Here the scope is the num of top important events 
returned.  Precision is the average importance value of these top events.  We also 
define the ideal case for comparison.  It represents the best performance we can expect 
from the user labelings.  Figure 5 illustrates the result. 
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Fig. 5. Scope - Average Importance. 

The hybrid model outperforms both the similarity model and the homepage model 
remarkably.  For the similarity model, some normal events contently similar to impor-
tant events are wrongly identified as important, which degrades the final performance.  
For the homepage model, only one site determines its performance since the credibil-
ity converges to one site.  Thus any less important news published on the homepage of 
this site will harm the scope – average importance. 

5.2.2   Time Delay 

Another criterion to evaluate their performance is time delay for reporting events.  
Given one event, its time delay is defined as the period from the earliest time when 
one piece of related news appears to the time we can identify it as important news.  
We hope the time delay should be as short as possible so that the system can report 
important news to users as soon as possible. 

We randomly select a set of events from those that can be identified as important 
by all the three models.  These events are listed as follows.  The left column is the 



earliest time that our crawler found a piece of news corresponding to the event.  The 
right column is a brief description of the events. 

 

The delays are illustrated in Figure 6.  The average delay time for three models are 
1.0, 6.7 and 2.6 respectively (in hour).  The time delay by the homepage model is very 
small because a piece of important news occupies significant importance as soon as it 
appears.  While the similarity model requires a significant time delay and can hardly 
identify important events in the first time.  It is because in this model an event can be 
identified as important only after many sites have reported it.  The hybrid model is 
quite close to the homepage model for most cases.   
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Fig. 6. Time Delay. 

6 Conclusion and Future Work  

In this paper, we propose a method to identify and to rank important news in web 
environment.  We investigate visual layout information in homepages and content 
similarity information in news pages.  The relationship between homepages, events 
and news pages is modeled by a tripartite graph.  Then we present an eigenvector-
based algorithm to find the importance equilibrium in this graph.  Based on this algo-
rithm, we implement a system TOPSTORY to help users to read important news eas-
ily.  Experiments show the whole framework is effective.  We investigate these two 
kinds of information respectively by two different models.  It turns out that they are 
mutually beneficial.  The hybrid model can identify important news better.  

2005-01-02 14:44:39 Car bomb attack kills 19 Iraqis 
2005-01-03 02:45:02 Peru rebels surrend 
2005-01-02 23:39:46 Powell warns of more Iraq attacks 
2005-01-04 06:53:55 Governor of Baghdad assassinated 
2005-01-06 11:03:08 Nelson Mandela©s eldest son dies 
2005-01-05 05:35:40 Aid plea for ©tsunami generation© 
2005-01-06 06:36:10 Jordan rallies support for Iraq poll 
2005-01-02 14:36:06 Peter Molyneux has been made an OBE. 
2005-01-03 14:47:06 Uzbeks promise smelter clean-up 



Based on this work, there are three future directions worth further exploring.  First, 
we have used the information of visual strength of blocks in homepages to identify 
news importance.  The information in the web environment is much richer.  How to 
dig out other kinds of information and exploit them for our task is an interesting prob-
lem.  Second, we take the eigenvector-based method in this paper, but the power of 
such heuristics is not fully understood at an analytical level [12].  One direction would 
be to consider it in a random graphic model.  Finally, as the goal is to help users to 
browse important news rather than news events, the performance of event detection 
and clustering is also critical and need further study.   
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