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1. Introduction

should think of automatizing the annotation process
of such articles.

Acquiring knowledge from texts is a need which has
increased during the last years. With the considerable
rise of the documents available in electronic format, it
is necessary to extract, filter and analyse relevant
information from those documents. As an example, the
stock market events are numerous and diversified. The
stock market experts must analyze these events, in a
relatively reasonable time, in order to make important
decisions. It is a question, therefore, of annotating the
documents presenting the events to be able to extract
those which are relevant. In this respect, our work aims
at developing of an approach that annotates the news
articles.

The documents indexing and events extraction are
becoming tiresome. Thus, we are urged to generate
an easily consultable semantic annotation that takes
into consideration the increase in document size and
enriches its indexing. By seeking a given event via a
sequential analysis of the article, we noticed
sentences which do not refer to any event. We
observe, also, that several other sentences refer to the
same event. That is why we intend to eliminate the
non-event sentences, and to group the others in
cluster form.

After the beginning of current Web’s extension
towards the semantic one, the annotation system starts
to take a significant role. In fact, it participates in
giving the semantic aspect to the different types of
documents.

Accordingly, our work focuses on the annotation of
documents: First, we prepare the text in a
preprocessing stage. Second, we omit the non-event
sentences. Then, we group the sentences indicating
the same or similar events. Finally, we generate a
summary article.

Furthermore, with the proliferation of news articles
from different sources now available on the Web,
summing up such information is becoming more and
more indispensable. Due to the large number of news
sources (such as: BBC, Reuters, CNN, Aljazeera, etc.),
everyday, thousands of articles are produced in the
entire world concerning a given event. That is why we

The rest of the document is organized as follows:
Section (2) introduces the related work on annotation
methods. Then, the particular methods of temporal
information annotation are exhibited. In section (3),
we present our approach for automatic events
annotation. In order to validate our survey, we
describe the four steps we followed to carry out the
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AnnotEv system. The experimentation is described in
section (4). In section (5) we evaluate the system in
order to demonstrate its proficiency. In section (6) we
end our work with a few notes on future work.

2. Related Works
Annotation

on

Methods

of

It is worth noting that the annotation definition varies
according to the application domain: Linguistics [1, 2],
E-learning [3], Biology [4], Software development [5]
and Web application [6]. But, it can be said that the
annotation is all graphic or textual information attached
to a document. It refers to various entities including a
set of documents, a document, a passage, a sentence, a
term, a word or an image [7].
Several methods and techniques are used for the
current annotation systems such as contextual
exploration [8], conceptual graphs [9], meta-thesauri
[4] and linguistic indicators [10]. We describe,
thereafter, the main existing annotation systems.
SyDoM [9] is a semantic annotation system of Web
pages. It allows the enrichment of these pages in order
to find them without taking account of their writing
language. It is devoted to the management of textual
documents stored with XML formats. We see that
SyDoM has two main advantages: first, multilingual
research and second, the improvement of the Web
pages representation. But, we notice that SyDoM can
carry out research only on Web pages that it has
already been annotated, yet it is unable to interrogate
Web pages when the annotations were created using
different semantic thesauri.
EXCOM [12] is an annotation engine that uses a set of
linguistic tools, which aim at annotating a document by
a bloc of internal/external knowledge. This engine is
under development and, at the present time, it allows
the production of a temporal organization of the stories
and an automatic reformulation of the questions.
However, we observe that an important part of this
system is still not implemented, i.e. the semantic
indexing of the documents by considering of annotated
information.
Annotea [13] is a collaborative Customer Server
system for document annotation. The annotations are
stored on a specialized server. They are divided in such
a way that anyone, who has an access to the annotation
server will be able to consult all annotations related to
a given document and to add his/her own annotations.
These annotations can be typographical comments,
corrections, assumptions or estimates. This system was
developed using the W3C standards. Nevertheless, the
only possible form of annotation is the text; it cannot
annotate by images or icons.

The system developed by the ACACIA team [4]
allows the annotation of genes. It helps the biologists,
who make experiments on the biopuces, to validate
and interpret of the obtained results. The system
exempts them of the hard task of research. It offers
the possibility of a keyword research in genetic
databases. The keyword can correspond to genes or a
biological phenomenon studied.
All previous works are interested in general
documents annotation like scientific articles, Web
documents, biological databases and multimedia
documents. Only few of them focus on the events
annotation. We present, in the following, some of
these works:
The annotation of temporal information in texts [4]:
this work focused more specifically on relations
between events introduced by verbs in finite clauses.
It proposes a procedure that achieves the task of
annotation and a way of measuring the results. The
authors of this work tested the feasibility of this
procedure on newswire articles with promising
results. Then, they developed two evaluation
measures of the annotation: fineness and consistency.
The annotation scheme for annotating features and
relations in texts [14]: it enables to determine the
relative order and, if possible, the absolute time of the
events. A scheme could be used to construct an
annotated corpus. This corpus would yield the
benefits normally associated with the construction of
such resources. It can be also used to better
understand the phenomena. Moreover, it represents a
resource for training and evaluation of adaptive
algorithms. Also it identifies automatically features
and relations of interest. However, we noted that this
work is based only on the temporal markers to
determine the relations between events. This
technique is not completely correct, since there are
implicit inter-events relations which are expressed
without using temporal markers.
The time annotation [15] with a canonized
representation of the times expressions: a method was
described for extracting such time expressions in
multiple languages. The annotation process is divided
into two steps: first, flagging a temporal expression in
a document (based on the presence of specific lexical
trigger words) and, second, identifying the time value
that the expression designates or the speaker intends
for it to designate.
We note that the temporal information annotations
are generally concerned with the detection of dates
and temporal markers [14], event descriptions and
finding the events date [16] and the temporal
relations between events in a text [11].
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4. Document annotation: it takes various forms
such as: sentences, form, concept, according
to the field of application of our approach.

However, in our study we are interested rather in the
annotation of the events in the form of metadata on the
document.

3. The Proposed Approach of Event
Annotation
We note that the above-mentioned approaches for the
temporal information annotation are mainly linguistic.
As well, they are based on the temporal indices.
Moreover, we are interested in the annotation and
exploitation of events using machine learning
techniques. Our approach is not restricted to the events
detection, but it also allows gathering the similar events
in order to facilitate an ulterior treatment: indexing,
storage in a database, summarization, categorization,
information retrieval, etc.
The automatic process of documents annotation which
we present is carried out in four stages (see Figure 1):
1. Preprocessing: it consists, on the one hand, in
the text segmentation and, on the other hand, in
the identification of entities.
2. Events annotation: it uses a classifier playing
the role of a filter for the non-event sentences.
3. Clustering: it consists in gathering the
sentences referring to the same or similar
events. We propose in this stage a new
similarity measurement between the events.

3.1 The Preprocessing
In the case study, the preprocessing consists in the
application of some Natural Language Processing
(NLP) tools to the rough text in order to segment it
into sentences and annotate its entities.
We noticed that the segmentation is often neglected
by the annotation systems in spite of its importance
compared to the annotation quality. In addition, the
entity identification is often used in other contexts
like the question-answer systems. We present,
thereafter, the segmentation and the named entity
recognition.
The segmentation: is the determination of the
sentences borders. It is a hardly-realisable task.
Given that a point followed by a capital letter is not
enough to detect the end or the beginning of a
segment, it is necessary to take into account all
typographical markers. Moreover, other linguistic
bases are engaged like the syntactic structure of a
sentence and the significance of each typographical
marker in a well defined context. The existing tools
segment the well structured texts into paragraphs.
But, the segmentation of texts in smaller units
(sentences) remains a more complex task.

Preprocessing

Event Annotation

Sen1;
Sen1;
…..

Event1;
Sen1;
…..
Event3;
Event n;

Sen1;

Corpus

Sen1;
Sen1;
…..
Sen1;

Synonyms Database

Event1;
Sen1;
…..
Event3;
Event n;

Clustering
Event1;
Sen1;
…..
Event3;
Eventn;

Summary
Keyword: Killed
Location: Baghdad

Form
DB

Event 1 Event3
Event 6
Event2 Event 5
Eventn

Document Annotation
Event1;
Sen1;
…..
Event3;
Eventn;

Keyword: Killed
Location: Baghdad
Time/date: 2 p.m
Person: U.S. soldier

Concepts
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Event1;
Sen1;
…..
Event3;
Eventn;

Deserter, war, Iraq

Figure 1. Proposed approach for automatic annotation of events

Event1;
Sen1;
…..
Event3;
Eventn;

Event 1 Event3
Event 6

Event2 Event 5
Eventn
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There exist some works related to the monolingual
segmentation, in French language [17], English [18]
and German [19]. We tested these systems on a

corpus, and they gave a precision lower than 90%.
Other more recent works considered the multilingual
aspect, like the work of Mourad [20], which proposed
an approach that consists in defining a textual segment
starting from a systematic study of the punctuation
marks.
We have developed our own segmentor while relying
on punctuation marks. Due to the large number of
linguistic rules to implement, we have to integrate in
our knowledge base all the rules developed in the
Segatex system [20]. We obtained 96% of precision.
The result of the segmentation of a text is to detail
below on a sample article (cf. Figure 2).
<?xml version="1.0" encoding="UTF-8"?>
<article lang="Ang">
<para id="1">
<title id="1">
<phrase id="1">
Iraqi leader denies civil war as 50 people die
</phrase>
</title>
</para>
<para id="1">
<phrase id="2">
BAGHDAD, Iraq (CNN) -- On a day in which at
least 50 people were killed, Iraqi Prime Minister
Nuri al- Maliki said he did not foresee a civil war
in Iraq and that violence in his country was abating.
</phrase>
</para>
<para id="3">
<phrase id="3">
<quote id="1">
« In Iraq, we'll never be in civil war, »
</quote>
al-Maliki told CNN's « Late Edition » on Sunday.
</phrase>
</para>
<para id="4">
<phrase id="4">
Attacks on American troops around the Iraqi
capital Sunday left six soldiers dead, the U.S .
command in Baghdad reported.
</phrase>
</para>
<para id="5">
<phrase id="5">
Other violence nationwide left more than 130
wounded, local authorities said.
</phrase>
</para>
<para id="6">
<phrase id="6">
One U.S . soldier was killed by gunfire in eastern
Baghdad about 2 p.m .
</phrase>
</para>
<!-- …………………… –
</article >

Figure 2. Extract of the article segmentation " Iraqi
leader denies civil war as 50 people die ". BBC 2006.

Named Entities [21] are types of particular lexemes
which refer to an entity of the concrete world in certain
fields, namely human, social, political, economic or
geographical and which has a name (typically a proper
name or an acronym). The entities are identified in the
documents by a tag which corresponds to the entity

type. The types selected are recognized by rules
thanks to the joint exploitation of two information
sources:
• General lexicons allowing finding syntactic
and semantic features associated with the
simple words in complement of the lexical
features.
• Dictionaries of named entities.
It may be noted that the named entity recognition is
an important task of text information extraction. The
majority of the current systems are able to annotate
the dates and the places. It is possible to find within
one document several mentions which refer to only
one entity.
Figure 3 presents the same text of Figure 2 after the
named entities detection. Initially the position of each
term is fixed. Then, the annotations concerning each
entity are mentioned by specifying their attributes.
<?xml version="1.0" encoding="windows-1252" ?>
<!-- The document content area with serialized nodes –
<TextWithNodes>
<Node id="4"/>Iraqi<Node id="9"/>
<Node id="10"/>leader<Node id="16"/>
<Node id="17"/>denies<Node id="23"/>
<Node id="24"/>civil<Node id="29"/>
<Node id="30"/>war<Node id="33"/>
<Node id="34"/>as<Node id="36"/>
<Node id="37"/>50<Node id="39"/>
<Node id="40"/>people<Node id="46"/>
<Node id="47"/>die<Node id="50"/>
<Node id="56"/>BAGHDAD <Node id="63"/>
, <Node id="64"/>
<!-- …………………… –
</TextWithNodes>
<AnnotationSet>
<Annotation Id="485" Type="Location" StartNode="56 "
EndNode ="63">
<Feature>
<Name
className="java.lang.String">rule2</Name>
<Value
className="java.lang.String">LocFinal</Value>
</Feature>
<Feature>
<Name
className="java.lang.String">rule1</Name>
<Value
className="java.lang.String">Location1</Value>
</Feature>
<Feature>
<Name
className="java.lang.String">locType</Name>
<Value
className="java.lang.String">city</Value>
</Feature>
</Annotation>
<Annotation Id="478" Type="Person" StartNode="305"
EndNode ="314">
<Feature>
<Name
className="java.lang.String">gender</Name>
<Value
className="java.lang.String">male</Value>
</Feature>
<Feature>
<Name
className="java.lang.String">rule1</Name>
<Value
className="java.lang.String">PersonFull</Value>
</Feature>

International Journal of Computing & Information Sciences

<Feature>
<Name
className="java.lang.String">rule</Name>
<Value
className="java.lang.String">PersonFinal</Value>
</Feature>
<Feature>
<Name
className="java.lang.String">matches</Name>
<Value className="java.util.ArrayList"
itemClassName =
"java.lang.Integer">476;478</Value>
</Feature>
</Annotation>
<Annotation Id="431" Type="Split" StartNode="561"
EndNode ="562">
<Feature>
<Name
className="java.lang.String">kind</Name>
<Value
className="java.lang.String">internal</Value>
</Feature>
</Annotation>
<!-- …………………… –
</AnnotationSet>

Figure 3. Extract article "Iraqi leader denies civil war as
50 people die" after the named entity recognition.

We integrate in this module the dictionaries of GATE
software [34] (lists of the entities and regular
expressions). The result of this first stage of our
approach is the set of segmented sentences with their
annotated entities.

3.2 Events Annotation
An event is a specific object which occurs at one
specific moment and in a well defined place [22]. Our
objective is to identify all events in a document. We
mark each detected event by a tag. Accordingly, a
model of classification is built automatically from the
training set which permits to predict whether a
sentence contains an event or not. We initially used the
attributes which refer to the events as they are defined
by Naughton [23]. These attributes are the following:
•
•
•
•
•

Length of the sentence.
Numbers of capital letters.
Numbers of stop words.
Number of city/town.
Number of numerical marks.

Within the framework of our study, and through the
analysis of the news articles, we noticed that the
addition of other attributes to the preceding list is
possible; e.g. the temporal markers (after, before,
simultaneously, etc.) and the calendar terms (Sunday,
9/12/2004, March). The problem of choosing
significant attributes can be solved by using feature
selection algorithms, which lead to select a subset of
relevant attributes in order to find a predictive model.
There is a variety of feature selection algorithms (chipublic garden, Relief and Principal component analysis
[24]). After having carried out experimentation, we
added the attribute "number of calendar terms".
Several machine learning techniques can be used for
classification problem such as the neural network, the
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decision tree, the Bayesian network, etc. We chose
the decision tree for many reasons; it is easily
interpretable by people. Moreover, the decision tree
construction is less skeletal compared to the other
techniques. Hence, it allows the reduction of the
system complexity.
The training set is annotated by experts. For each
news article, the events are annotated as follows: the
annotator is brought to assign labels for each sentence
representing an event. If a sentence refers to an
event, they assign the label "yes", if not, "no". We
applied to this same training set various algorithms of
decision trees construction. Then, we chose the
model which has the biggest PCC (Percentage
Correctly Classified).
The result of this stage is the set of sentences
referring to events. Moreover, the classification of
sentences as an event or not, represents a kind of
filtering; on the basis of a segmented text, we filter
the non-event sentences.

3.3 Clustering
In this stage we gather the sentences referring to the
same or similar events by the application of the
algorithm 'Hierarchical Agglomerative Clustering
(HAC)' [25, 26]. This algorithm initially assigns each
object with a cluster, then collects, on several
occasions, the clusters until one of the stop criteria is
satisfied.
Our contribution is to put forward a new measure of
similarity between events. Given the importance of
similarity measurements in clustering, we noted that
there are several of such measurements between
documents including: Salton's cosinus [27], KhiDeux distance [28], Cosine in distributional space
[29]. Other measurements, which are more interesting
for us, are linked to the similarity between sentences,
the latest of which is Naughton’s measurement [23].
Similarity
between
sentences:
Similarity
measurement, in general, is based on distance
(Euclidean, Manhattan, Minkowski or that of Entropy
[30]). We can adopt the Jaccard index for sentences.
If we replace a document by a sentence in the
formula, we get: Sij = m ( m + m − m ) .
The similarity index is the number of common words
divided by the total number of words minus the
number of common words:
c

•
•
•
•

i

j

c

i and j are tow sentences
mc: Number of common words.
mi: Size of the lexicon of the sentence Si (i.e.
number of different words in Si).
mj: Size of the lexicon of document Sj.

We put forward a new similarity measurement
between events inspired by tf-idf “weight term
frequency–inverse document frequency” [31]. This
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measurement also takes account of the clusters position
in the article.

FSIM on a press article:
C1: Iraqi leader denies civil war as 50 people die.
C2: On a day in which at least 50 people were killed, Iraqi

In order to gather sentences expressing the same or
similar event by two different lexicons, we use a
synonyms database for the replacement of the instances
by their classes.

Prime Minister Nuri al-Maliki said he did not foresee a
civil war in Iraq and that violence in his country was
abating.
In Iraq, we'll never be in civil war," al-Maliki told CNN's
"Late Edition" on Sunday.
C3:

For example, let us have the two following eventsentences, initially considered as two clusters C1 and
C2.

One U.S. soldier was killed by gunfire in eastern

Baghdad about 2 p.m.
C4: U.S. commander wounded since 1 p.m
…………
Levin, the ranking Democrat on the Senate Armed Services

C1: In Baquba, two separate shooting incidents left six
dead and 15 wounded Sunday afternoon.

Committee, called for the United States to set a date to begin
withdrawing its forces.
C5:

In Baquba, two separate shooting incidents Sunday

afternoon left six dead and 15 wounded, officials said.

C2: In other attacks reported by security and hospital
officials, two car bombings in the northern city of
Kirkuk killed 10 and wounded 32, and a blast in the
southern city of Basra killed five and injured 15.
We notice that the words (bombardments and
bombings), (wounded and injured) imply the same
meanings. Hence, there is a need to replace these words
by their classes from the synonyms database in order to
increase the similarity between both clusters. In
general, the similarity between two classes expressing
the same or similar event by means of two different
lexes. We define SIM between two clusters C1 and C2,
then, as follows:
SIM ( C 1 , C 2 ) =

∑
∑

t
j =1

t
j =1

Ct

Ct 1 j Ct 2 j

2
1j

+

∑

t
j =1

Ct 22 j

With Ctij as the weight of each term in a cluster after
the replacement of instances by their classes from
synonyms database. It is calculated as follows:
Ct ij = tf (t i , c) × log( N df (t i ) ) with:
•
•
•

tf( ti , c) the frequency of the term ti in a
cluster c.
N the number of clusters.
df (ti ) the number of clusters containing the
term ti.

C6 :

Two car bombings in the northern city of Kirkuk

killed 10 and wounded 32, and a blast in the southern city
of Basra killed five and injured 15
FSIM (C1, C2) = 0.91 FSIM (C1, C3) = 0.12
FSIM (C1, C4) = 0.1 FSIM (C1, C5) = 0.05
FSIM (C1, C6) = 0.02 FSIM (C2, C3) = 0.08
FSIM (C2, C4) = 0.1 FSIM (C2, C5) = 0.32
FSIM (C2, C6) = 0.36 FSM (C3, C4) = 0.84
FSIM (C3, C5) = 0.28
FSIM (C5, C6) = 0.79

Figure 4. Application of HAC algorithm (first step)

The sentences in bold indicate an event. First of all,
we calculate the FSIM between these sentences
where each sentence is a cluster. Then, we obtain
values at the bottom of figure 4. Besides, we group
together C1 and C2 into only one cluster CA (because
they have the biggest FSIM). Finally, we reapply
HAC on the new clusters.
After 3 iterations, we obtain two new clusters CB and
DC (cf. Figure 5):
CA:

Iraqi leader denies civil war as 50 people die.
On a day in which at least 50 people were killed, Iraqi

Prime Minister Nuri al-Maliki said he did not foresee a civil war in
Iraq and that violence in his country was abating.
In Iraq, we'll never be in civil war," al-Maliki told CNN's
"Late Edition" on

Based on what has been said so far, and by taking into
consideration the sentence position in the article, we
propose the new similarity measurement FSIM which
combines the similarity between sentences and the
distance between them:
FSIM (C1 , C 2 ) = α × SIM (Ct1 , Ct 2 ) + (1 − α ) × D(Ct1 , Ct 2 )

With D (Ct1, Ct2) the distance between both clusters in
the article and α ∈ [0, 1] fixed during the
experimentation. Therefore, for N clusters, we have
n×(n-1)/2 possible combinations (see [24]).
It is important to group the sentences indicating the
same or similar events, since they will be gathered
even if they use various words. Figure 4, for example,
presents the application of HAC algorithm by using

FSIM (C3, C6) = 0.23

FSIM (C4, C5) = 0.19 FSIM (C4, C6) = 0.15

Sunday.

One U.S. soldier was killed by gunfire in eastern Baghdad
CB :

about 2 p.m.
U.S. commander wounded since 1 p.m
…………
Levin, the ranking Democrat on the Senate Armed Services

Committee, called for the United States to set a date to begin
withdrawing its forces.
In Baquba, two separate shooting incidents Sunday
Cc: afternoon left six dead and 15 wounded, officials said.
Two car bombings in the northern city of Kirkuk killed 10
and wounded 32, and a blast in the southern city of Basra killed
five and injured 15
FSIM (CA, CB) = 0.14
FSIM (CA, CC) = 0.07
FSIM (CB, CC) = 0.09

Figure 5. Application of HAC algorithm ( last step)
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In this HAC step, we stop the clustering since we have
a value of FSIM inferior to the threshold of similarity,
fixed initially at 0,6.
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Iraqi leader denies civil war as 50 people die.

On a day in which at least 50 people were killed, Iraqi
Prime Minister Nuri al-Maliki said he did not foresee a civil war in
Iraq and that violence in his country was abating.
In Iraq, we'll never be in civil war," al-Maliki told CNN's

3.4 Document Annotation
Using the clusters and their positions in the article we
generate a description which combines the events and
presents the annotation of the article under three types:
• To extract sentences that sum up the article.
• To structure the annotation in a standard form
to store events in databases.
• To extract concepts (future work).

"Late Edition" on

Sunday.

One U.S. soldier was killed by gunfire in eastern Baghdad
about 2 p.m.
U.S. commander wounded since 1 p.m
…………
Levin, the ranking Democrat on the Senate Armed Services
Committee, called for the United States to set a date to begin
withdrawing its forces.
In

Baquba,

two

separate

shooting

incidents

Sunday

afternoon left six dead

Thus, we continue the enrichment of the document by
other metadata which will be very useful for all ulterior
treatment
(information
retrieval,
automatic
summarization, question-answer systems, storage of
the events in a database, indexation, etc).
A possible form of metadata is the forms filling, i.e.
stoking the events in database while answering has
well determined questions (where, when, who) for
example:
• Location: Baghdad.
• Time/date: 2 p.m.
• Person: U.S. soldier.
• Keyword: Killed.
For each event sentence, we have this information
since the preprocessing. After having stored this
information in a relational database, we can find events
by date, person, or time by a simple request on the
selected fields.
Another form of metadata is the automatic summary,
which consists in marking the sentences which form
the summary of a document. In general, the goal of a
summary system is to produce a condensed
representation of the contents where the important
information of the original text is preserved. It is also
necessary to consider that the user needs and the
specified task [32].
In this context, we propose an informative summary
containing the essential information of the article. This
summary is also selective since it neglects the general
aspects of the article. In addition, it can be said that it is
targeted since it is correlated to the events.
For each cluster generated by the third stage we
annotate the article by the principal events it contains.
We use the following heuristics: the sentence having
the maximum value attributes in the classification stage
is the best to annotate the cluster. Let us take again the
preceding example, the summary of which is presented
as follows (cf. Figure 6):

and 15 wounded, officials said.
Two car bombings in the northern city of Kirkuk killed 10
and wounded 32, and a blast in the southern city of Basra killed
five and injured 15

Iraqi leader denies civil war as 50
people die.
One U.S. soldier was killed by gunfire
in eastern Baghdad about 2 p.m.
In Baquba, two separate shooting
incidents Sunday afternoon left six
dead and 15 wounded, officials said.

Figure 6. Summarization of article

Such annotation can be used to improve indexing and
information relevant to such articles.

4. Experimentation
To validate our approach, we develop the AnnotEv
system with Java language; Visual Studio platform,
particularly Visual J++.
AnnotEv includes the four following modules:
• Module 1: The segmentation and the
recognition of the named entities
• Module 2: events annotation.
• Module 3: clustering.
• Module 4: automatic summary.
We prepared a corpus containing 263 articles. The
articles talk about the Iraq War. They are published in
2008 and collected from 8 news sources (agencies
and channels): CNN (32 articles), Reuters (30
articles), BBC (35 articles), Associated Press (31
articles), AFP (35 articles). Aljazeera (32 articles),
Iraqi Press Agency (33 articles) and Iran Islamic
Republic press agency (35 articles).
The average length of a sentence is of 14 words, with
an average of 7 events per article, for a total of
approximately 281000 words, 20071 sentences and
1841 events.
We also use the Weka libraries edition 3.5 [33] and
Gate 4.0 [34] respectively for decision tree and entity
identification.
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After removing the images and the legends of the
article we segment them into sentences and, then, we
annotate entities by calling upon the Gazettee-Annie
method from Gate class. We use WordNet [35] as a
synonyms database. Besides, we annotate the events
and group them according to their similarities. We
develop several interfaces to ensure the management of
corpus and training set annotation. We also develop
other interfaces for the events search and
summarization. We have to integrate a speaker agent
who is able to read the texts in two different versions.
For the system user, it is enough to select a new article
in order to listen to its summary (see Figure 7).

The Precision, the Recall and F1 are defined as
follows:
a and
a ,
2× P× R
R=
P =
F1 =
a+b
a +c
(P + R)

5. Results
The evaluation is done at several levels. We start with
the classification evaluation by using the PCC, then,
the clustering by measuring the Precision and the
Recall. We exploit the following algorithms:

Figure 7. Interfaces of speak agents for the automatic summarization

The training set is part of the group of obtained
sentences after the preprocessing stage. It is annotated
by two experts. For each sentence the default value of
the attribute “Event” is 'No' (sentence not indicating an
event), the commentator has to put 'Yes' if the sentence
refers to an event. An ARFF file (input format of
Weka) is generated automatically for each article. It
will be used like a data source for the algorithms of
classification. We adopted J48, ADTREE and Random
Tree with the cases of the events.
To evaluate the clustering method we employ the
precision and recall measurements [35]. We assign
each pair of sentences to one of the four following
categories:
• a: grouped together (and annotated like
referring to the same event).
• b: not grouped together (but annotated as
referring to the same event).
• c: grouped inaccurately together.
• d: correctly not grouped together.

J48: implementation of C4.5 algorithm [36] which
selects for each level the tree node as the attribute
which differentiate better the data. Then, it divides
the training set into sub-groups in order to reflect the
values of the attribute of the selected node. We repeat
the same treatment for under group until we obtain
under homogeneous groups (all the instances or the
majority have the same attribute of decision).
ADTree: construction of the decision trees extended
to the cases of multiclasses and multi-labels.
Random Tree: begin with tree random and chosen by
the majority best vote.
We obtained the following results:
J48
TP
Rate

0.824
0.75

FP
Rate

0.25
0.176

Precision Recall

0.778
0.8

0.824
0.75

FMeasure

Class

0.8
0.774

Yes
No
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ADTREE
FP
TP
Rate
Rate

0.765
0.688

0.313
0.235

RandomTree
TP
FP
Rate
Rate

0.706
0.688

0.313
0.294

Precision Recall

0.722
0.733

0.765
0.688
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FMeasure

Class

0.743
0.71

yes
no

In long term, we look forward to fuse the events. In
fact, we have the idea of adopting, to the case of the
events, the MCT model proposed by Smets [37] for
the fusion of information in general.
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Precision Recall

0.706
0.688

0.706
0.688
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Class

0.706
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