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Abstract. To help people obtain the most important information daily
in the shortest time, a novel framework is presented for simultaneous key
entities extraction and significant events mining from daily web news.
The technique is mainly based on modeling entities and news documents
as weighted undirected bipartite graph, which consists of three steps.
First, key entities are extracted by scoring all candidate entities on a
specific day and tracking their trends within a specific time window.
Second, a weighted undirected bipartite graph is built based on enti-
ties and related news documents, then mutual reinforcement is imposed
on the bipartite graph to rank both of them. Third, clustering on news
articles generates daily significant events. Experimental study shows ef-
fectiveness of this approach.
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1 Introduction

Every day there is a huge amount of new information available to us, and a
large portion of it is news on the web. Online newspapers and news portals have
become one of the most important sources of up-to-date information. However,
without proper organization of the overwhelming information, one can easily
become lost because of its vast size. It is not feasible for a web surfer to go
through all the news without any pre-processing, because the news a person can
read is much less than the amount produced within the same time period on the
web. Thus, there is a growing need for tools that will allow individuals to access
and keep track of this information in a automatic manner. To help people obtain
the most important information daily in the shortest time, a system should be
designed to automatically extract significant ones from web news repository.

In this paper, we are interested in extracting key entities and significant events
from daily text-based web news documents. Our aim is to alleviate the informa-
tion overload problem by focusing on important events, that is, events that are
popular during a specified time period and typically contain several related key
entities that are the basis of events extraction. We introduce two critical proper-
ties of a key entity, “novelty” and “pervasiveness”. For “novelty”, we mean that
the relative importance of an entity is in an ascending trend during the most
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recent days, for example, one week in our experiment; by “pervasiveness” we
evaluate its popularity on current day. For example, the entity “Buenos Aires”
(Argentine Capital) has both properties on April 12th, 2008, since “Buenos
Aires” was seldom reported (in our news repository) during the past week while
widely mentioned on that day, significant event related to it is that Olympic
flame arrives in Buenos Aires for the first time.Figure 1 shows the system ar-
chitecture of the proposed framework. News documents are downloaded from
several news sites on the web by crawling those sites with reasonable frequency
every day. Fetched documents are firstly stored in local databases, then ana-
lyzed using web news parsing tools to build specific data structure of entities
and documents for further computation. Novel entities among all candidate ones
are extracted as features by taking their “novelty” properties into account. A
bipartite graph is built based on extracted features and documents related to
them. Through mutual reinforcement between features and documents, we can
simultaneously rank both of them. By considering both ranking score and pre-
computed “novelty” value, key entities are extracted on the day. Clustering are
performed on ranked documents, and the ranking score of a cluster is the sum of
its contained elements. Clusters with highest scores are most significant events
on each day. In our implemented online system, multi-document summarization
of each cluster is provided to help user quickly get main knowledge of that event.
In addition to the list of hot entities, one can also see the trends and related
news of them during last week. To the best of our knowledge, this is a novel
framework on the subject.

The rest of this paper is organized as follows. Section 2 briefly reviews the
related work. Section 3 deals with the feature selection issue. Sections 4 and 5
present the proposed extracting method. We report the experimental results in
Section 6 and conclude in Section 7.

2 Related Work

Our work is related to several lines of work in text mining and stream data
mining. Topic detection and tracking (TDT) is the major area that tackles the



Extracting Key Entities and Significant Events from Online Daily News 203

problem of discovering events from the news articles. Most of them focused on
online detection [2,3,4]. Our proposed framework is also based on online news,
however, we intend to extract key entities and significant events while TDT
mainly aims to detect new events.

Capturing variations in the distribution of key terms on a time line is a critical
step in extracting significant events. It is essential to track the terms to deter-
mine what stage of their life cycle they are in [5]. Bursty patterns or events are
recently studied. [8,9] proposed using χ2-test to construct an overview timeline
for the features in the text corpus. In this paper, key entities are also extracted as
features. In addition, our system can simultaneously extract significant events,
which are highly related to those features. [6] proposed an algorithm for con-
structing a hierarchical structure for the features in the text corpus by using an
infinite-state automaton. [14] constructs a feature-based event hierarchy for a
news text corpus, which is mainly based on clustering news documents to form
events and organize them in a hierarchical structure.

There are relatively fewer work which aims to extract significant events. [11]
extracts hot topics from a given set of text-based news documents published
during a given time period, the goal is similar to our work, however, we focus
on hot events on current day, not in past days.

3 Extracting Entities as Features

For news articles, entities are main feature terms, especially named entities (Peo-
ple, Locations, Organizations, etc.), so we treat them as features. In this section,
we focus on extract “novel” entities. Algorithm 1 shows how candidate entities

Algorithm 1. Feature Selection
Require: Entity dict and news data repository.
Ensure: Top n features.

FS = φ
for all entity term t such that t appears in more than two documents do

valcurday = tf/idf value of t
if valcurday > θ then

track its tf/idf value in each of past w days
compute its novelty value using Minimum Least Square
add pair (t, valcurday) into FS

end if
end for
sort FS according to novelty value of entities
return top n terms as features

are selected as features. For each candidate entity, its significance s, on current
day is computed, if s is above a given threshold θ, its significance is computed
for each day in past n days. Then we track its trend by the method of curve
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fitting, such as the simple and effective least square method. The slope of fitted
line k is taken as novelty value of the corresponding entity. The top entities,
such as top 500 in this paper, are extracted as features for further computation.
Entity significance s on a specific day is computed through traditional tf/idf
evaluation method in the information retrieval literature. tf is term frequency
of an entity on a specific day. Since our consideration is news article, news title
is more important than text, a bonus is added to its tf if an entity appears in
news titles. idf of t is the inverse document frequency of term t, which is usually
computed as idf(t) = log N−n(t)+0.5

n(t)+0.5 , where N is the number of documents on
the specific day, and n(t) is the number of documents in which term t occurs.

4 Mutual Reinforcement

In previous step, novel entities are selected as feature terms T = {t1, ..., tm}. Us-
ing traditional inverted indexing structure, all related documents set can be listed
as D = {d1, ..., dn}, each of D contains at least one feature. Taking elements in T
and D as vertices, a bipartite graph can be built from T and D in the following
way: if the feature term ti has relation with document dj , then create an edge
between ti and dj . We specify positive weights on the edges of the bipartite graph
with wij which indicates the weight on the edge (ti, dj). wij is calculated using
the probabilistic model, Okapi BM25: score(d, t) = idf(t) · f(t,d)·(k+1)

f(t,d)+k·(1−b)+b· |d|
avgdl

where f(t, d) is t’s term frequency in the document d, |d| is the length of the
document d (number of terms), and avgdl is the average document length in the
text collection from which documents are drawn. k and b are free parameters,
usually chosen as k = 2.0 and b = 0.75 empirically.

BM25 is a ranking function used by search engines to rank matching docu-
ments according to their relevance to a given search query, representing state-of-
the-art retrieval functions used in document retrieval. We denote the weighted
bipartite graph by G(T,D,W), where W = [wij ] is the m-by-n weight matrix
containing all the pairwise edge weights. For each feature ti and each document
dj we wish to compute their saliency scores u(ti) and v(dj), respectively. To this
end, we state the following mutual reinforcement principle:
A term should have a high saliency score if it appears in many documents with
high saliency scores while a document should have a high saliency score if it
contains many terms with high saliency scores.

The idea is similar to web page ranking method used to find the hub and
authority pages in a link graph[13]. Essentially, the principle indicates that the
saliency score of a term is determined by the saliency scores of the documents it
appears in, and the saliency score of a document is determined by the saliency
scores of the terms it contains. However, unlike web page ranking which totally
depends on the structure of link graph between web pages, since we have prior
information of terms, the “novelty value”, we add this information to the mutual
reinforcement principle. Mathematically, the above statement is rendered as:

u(ti) ∝
∑

v(dj)∼u(ti) novtiwijv(dj), v(dj) ∝
∑

u(ti)∼v(dj) novtiwiju(ti)
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where the summations are over the neighbors of the vertices in question, and
a ∼ b indicates there is an edge between vertices a and b, i.e., when computing a
term score, the summation is over all documents that contain the term and when
computing a document score, the summation is over all terms that appear in the
document. Note that the prior information of novelty value is taken into account.
The symbol ∝ stands for proportional to. Now we collect the saliency scores for
terms and documents into two vectors u and v, respectively, the above equation
can then be written in the following matrix format u = 1

σDWv, v = 1
σ WT Du,

where D is a diagnosis matrix where Dii is the pre-computed novelty value of
each corresponding feature. W is the weight matrix of the bipartite graph of
features and documents, WT stands for the matrix transpose of W , and 1

σ is
the proportionality constant. It is easy to see that u and v are the left and right
singular vectors of DW corresponding to the singular value σ. If we choose σ to
be the largest singular value of DW , then its is guaranteed that both u and v
have nonnegative components. The corresponding component values of u and v
give the feature and document saliency scores, respectively.

For the numerical computation of the largest singular value triplet u, σ, v,
we can use a variation of the power method adapted to the case of singular
value triplets: choose an initial value for v to be the vector of all ones. Iterate
the following two steps until convergence, (1)u = DWv, u = u/‖u‖, (2)v =
WT Du, v = v/‖v‖, where the vector norm ‖.‖ can be chosen to the Euclidean
norm, and σ = uT DWv upon convergence. For a detailed analysis of the singular
value decomposition for related types of matrices, the reader is referred to [10].

Algorithm 2. Clustering news documents into events
Require: News documents.
Ensure: News Events.

1. assign each news document to a cluster. Let the similarities between the clusters
the same as the similarities between the items they contain.
2. find the closest (most similar) pair of clusters and merge them into a single cluster.
3. compute similarities between the new cluster and each of the old clusters.
Cluster similarity between X and Y: Sim(X, Y ) = 1

NX×NY

�
x∈X,y∈Y sim(x, y)

4. Repeat steps 2 and 3 until similarity between closest pair is below an threshold.
5. Return each cluster as an event.

Now both rankings of entities and news documents are calculated. Top n entities
are selected as key entities on current day. Next clustering of news documents
will generate significant events.

5 Clustering Documents to Generate Significant Events

In this section, we cluster news documents into groups to generate significant
events. Hierarchical Aggregative Clustering(HAC) is chosen to cluster news doc-
uments. Algorithm 2 shows the method. Note that in algorithm 2, NX and NY
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are number of news documents in cluster X and Y respectively. Only news titles
are taken into account to compute the similarity of two news documents x and y:
Extract named entities NE and other entities OE in each document title, then
sim(x, y) is computed as sim(x, y) = αsim(NEx, NEy) + βsim(OEx, OEy) +
γsim(T itlex, T itley). sim(NEx, NEy) et. can be calculated using string similar-
ity measurement. The sum of α, β, and γ is 1 and they are chosen empirically,
in this paper they are set to 0.5, 0.3 and 0.2 respectively.

The ranking of each cluster(representing an event) is the sum of ranking of
its contained news documents. We select top n (say 50) clusters as significant
events. In the online system1, for each significant event, summary is generated
using multi-document summarization and related pictures in those news are
provided(if exists) to help user quickly acquire an overview of that event. Due
to space size and the aim of this paper, we will not discuss detail of those work.

6 Experimental Study

6.1 Data Sets

About 20 news sites are selected in our current online system, and all of them are
important and popular Chinese web news sites. News sites are crawled every 2
to 3 hours, and the number of news documents fetched everyday is around 3000
in average. They are general news ranging from politics, economics, societies to
sports and entertainment, etc., and most of them are related to China. A news
document parsing tool is developed to automatically extract news texts from
the original html sources. We utilize Chinese words segmenting tool with part-
of-speech tagging to extract candidate entities, then structured data is built and
stored in local databases.

6.2 Key Entities

Figure 2 depicts trends of the most novel entities on April 12th, and May 10th,
2008. Note that they are not the final key entities. Table 3 illustrates the ex-
tracted key entities on April 12th,2008.2 We will see that most of them are related
to significant events on that day. Most of the extracted entities are named enti-
ties. Entities 2,6,13 are people names, entities 1,7,8,9,11,14,16,17,18 are location
names and entities 3,4,5,10,12,15 are general entities.

6.3 Significant Events

Table 4 lists extracted significant events on April 12th,2008. By reading online
news on several news sites, we know that there are several significant topics on
that day: Boao Forum for Asia 2008, which is an important forum for Asia on eco-
nomics; Beijing Olympic torch; Poverty line in China, etc. We can see in table 4

1 URL: http://v.cindoo.com/news/newsminer.html
2 We have translated the experimental results into English in this paper.
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(a) Top 8 novel entities on April 4th, 2008
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(b) Top 8 novel entities on May 10th, 2008

Finance
Burma
Grain depot
Lebanon
Accumulation fund
The Allah Party
Xie Ruilin
Draft

Fig. 2. Top features with high novelty score. (a): Asia, Hu Jintao, Forum, Library,
Annual, Argentine, Energy, Buenos Aires, on April 12th, 2008 and (b): Finance, Burma,
Grain depot, Lebanon, Allah Party, Xie Ruilin, Draft, Accumulation fund, on May 10th,
2008. Note that on the time axis, 7 represents current day, 6-1 represent pre 6 days,
and the tf/idf values are normalized in [0,1].

Table 3. Top 18 Key Entities on April 12th,2008

Asia (0.263602) Hu Jintao (0.229216) Forum(0.160884)
Annual (0.111732) Energy (0.0319571) Long Yongtu (0.011728)
Chile (0.0091095) Kazakhstan (0.00847223) Tanzania (0.0070724)
Climate (0.00653906) Buenos Aires (0.00551221) Theme (0.0054622)
Wright (0.00535269) Mongolia (0.00443333) Heads of State(0.0028912)
Sanya (0.00245002) Qatar (0.00232734) Hainan Province (0.0022878)

Table 4. Top 10 events on April 12th,2008

No. Event
1 Boao Forum for Asia 2008 opens.
2 A dinner hosted by Chinese President Hu Jintao honoring participants at Boao.
3 Hu Jintao meets Xiao Wanchang.
4 CNOOC chief: Energy prices unlikely to soar in short term.
5 European Parliament debates human rights in China.
6 Poverty line to be raised to 1,300 yuan($186) in China.
7 Scientists predict: North Earth will be moist while arid in the south in 10 years.
8 Premier of Malaysia in charge of election defeat and will transfer the power.
9 Chinese Ambassador to Japan went to Nagano preparing for Olympic torch relay.
10 Beijing Olympic torch passing in Buenos Aires.

that events 1,2,3 are related to Boao Forum for Asia; Event 6 is about poverty
line in China; Events 9 and 10 are related to Olympic torch. Event 4 talks about
energy problem, event 5 is about human rights. Events 7 and 8 focus on global
climate and significant political event in Malaysia. It’s clear that all those 10
events are significant general events, which are in areas of politic, economic,
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sports, and social life.Due to space limit, we will not list more results in this
paper, the reader can browse our online system for more recent results.

7 Conclusions and Future Work

In this paper, we have proposed a framework for extracting key entities and
significant events from online news articles that appear in news sites. Our work
makes novel and important contributions in the following aspects: by tracking
history of entities, novel entities are extracted on current day, then a bipartite
graph is built based on those entities and news documents related to them,
and mutual reinforcement principle is imposed on the graph to simultaneously
rank entities and news documents. Experimental study shows effectiveness and
efficiency of our proposed work, which can help people quickly get knowledge of
key entities and significant events on each day. As future work, we are planning
to expand our experiment in two directions. First, we will conduct user studies to
further measure the effectiveness of our proposed framework. Second, we intend
to apply the proposed framework to domain-specific news, such as entertainment
news, sports news and finance news. More precise results are expected.
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