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Abstract. In this paper we introduce a new clustering algorithm for event
detection in newspaper articles, which has two main features. Firstly, it makes
use of the temporal references extracted from the document texts to define the
document similarity function. Secondly, the algorithm works hierarchically. In
the first level, documents with a high temporal-semantic similarity are grouped
into individual events by applying the proposed similarity functions. In the next
levels, these events are successively grouped so that more complex events and
topics can be identified. The resulting hierarchy describes the structure of topics
and events taking into account their temporal occurrence. These tasks cannot be
currently accomplished by current Topic Detection and systems.

1. Introduction

Starting from a continuous stream of news, the event detection problem consists in
determining for each incoming document whether it reports on a new event, or it
belongs to some previously identified event. One of the crucial issuesin this problem
is to define what an event is. Initially, an event can be defined as something that
happens at a particular place and time. However, many events can occur over several
places and several time periods (e.g. atria event). This is why many researchers of
the field prefer the broader concept of topic, which designates an important event or
activity aong with all its directly related events. In fact, this research areais called
“Topic Detection and Tracking” (TDT).

A TDT system is intended to discover the topics reported in the news and to
organize them into these topics. Current systems mainly rely on automatic document
classifiers that mainly come from the Information Retrieva field. For example, the
systems proposed in [Papk99] and [Yang00] use the Single-Pass algorithm to detect
and track news. The system presented in [Wall99] adopts a variation of the K-means
algorithm that does not require fixing the final number of document clusters. Finaly,
the work in [Carb99] applies the Fractionation [Cutt92] and GAC (Group Average
Clustering) agorithms to group the news that fall into a specific temporal window.
All these works have in common that they use both a document clustering algorithm,
preferably with near linear cost, and the publication dates of the news. This attribute



is used to define classifier thresholds that depend on the temporal adjacency of the
news. As proved, this property improves notably the results of these systems.

Our main interest is focused on discovering events and topics as well as how they

are structured. In the context of the TDT area, we are interested in identifying not
only the topics but aso the possible smaller events they comprise. In our opinion, the
temporal properties of news must be further exploited to achieve these purposes.
Specificaly, we think that regarding the time references appearing in the news texts,
those documents that report about the same event can be better grouped.
In this paper we propose a hierarchical clustering agorithm for event detection that
makes use of the temporal references extracted from the document texts to define a
new document similarity. In the first level, documents with a high temporal-semantic
similarity are grouped together by using the proposed similarity function. In the next
levels, these events are successively grouped so that more complex events and topics
can be identified. The resulting hierarchy describes the structure of topics and events
taking into account their temporal occurrence.

2. Document Representation

The incoming stream of documents that feed our system come from some on-line
newspapers available in Internet, which are automatically trandated into XML
(eXtended Markup Language). These XML documents preserve the origina logica
structure of the newspapers, so that different thematic sections can be distinguished as
well as the different parts of the news (eg. the title, authors, place, date of
publication, etc.). Each news document is represented with the following feature
vectors:

- A vector of weighted terms. Each term is a reduced form of a set of words

appearing in the text. For instance, in Spanish all the verb tenses are represented by
their infinitive (reduced form). Stop words, such as articles, prepositions and
adverbs, are removed from this vector. Terms are statistically weighted using the
normalized term frequency (TF). It is worth mentioning that we have not used the
Inverse Document Frequency (IDF) in the weight scheme becauseit requires either
atraining corpus or an incremental adjustment.
A vector of weighted time entities. A time entity can be either a date or a date
interval expressed in the Gregorian Caendar. These dates are automatically
extracted from the news texts by using the agorithm presented in [L1id01]. This
algorithm applies shallow parsing techniques to detect temporal sentences and
then, trandates them into time entities of a time model. Time entities are
statistically weighted using the frequency of their references in the text. All the
time entities that are separated from the publication date more than ten days are
removed from this vector. Moreover, the time entities whose frequency is smaller
than a tenth part of the maximum in the vector are also removed. All these
references are removed because they are considered marginal with respect to the
document event.

From the above definitions, each news document is represented as follows:



A vector of terms T' = (TFli - ,TFri ), where TFki is the relative frequency of

termt, in the document d .
A vector of time entities F'= (TFy; . ... .TF; ), where TF,; is the absolute

frequency of the time entity f, in the document d' .

3. Document Similarity Measures

Every automatic clustering of documents, like event detection, depends on asimilarity
measure. Most of the document clustering algorithms presented in the literature use
the cosine measure, which computes the cosine of the angle between the document
vectors. In our approach, besides this measure, we need to introduce new partial
similarity measures for each document component, more specialy for the vector of
dates. In this section we present two global similarity measures, which take into
account the proposed partial similarity measures.

Let d' and d’ betwo documents. For the component of the terms we will use the
Cosine measure:
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where n isthe total number of termsin the document collection z.
For the temporal component, we define two different measures. Thefirst oneis based
on the cosine measure, but it is weighted by the temporal proximity between the
vectors of time entities. The main problem of this measure is the different size of
these vectors and the different nature of the elements that they contain (dates and date
intervals). This similarity measure is defined asfollows:
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Here m is the number of time entities that describe the document d, s( fki d J') isa
function that returns the most similar time entity to fki (the one of minimum

distance) that occurs in the document dl . Let f, and f, be two time entities, the
penalty function g is defined as follows:
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The distance function dist between two time entities f; and f, depends on their nature,
that is, if they are dates or date intervals. Thisfunction is defined as:
If f, and f, are dates, then dist(f; , f,) isthe number of days between f; and f,.
If f,=[a, b] andf, =[c, d] are date intervals, then
dist(fy, fp) =|f A £ - [f1A | +0.2X(24 f A |- |- | 5]),
where the union interval f; A f, =[min{a,c},max{b,d}], f A fyis the
intersection interval and the cardinality of the interva [l, u] is the number of days
between the dates | and u. This metric is based on the generalized metric of
Minkowski, defined in [Ichi94] for features of interval typein symbolic objects.
If f,isadate and f, isaninterval, then dist(f, f,) = dist([f;, fi], f,).
If f, isadate and f; isan interval, thisfunction is defined in asimilar way.

The other proposed measure for temporal component is based on the traditiona
distance between sets. This measureis defined as:

De(,d)=  min {d(f,fh}
f'TFR, 1 FR

where d(f', f 1) isthe distance between the dates f' and f) and FR'isthe set of
al dates f' that satisfy the following conditions:
each f' hasthe maximum frequency in d', that is, TFqi= T ma iTF {
Ty

andeach f' hasthe minimum distance to the publication date of d'.

The second condition is not considered when comparing cluster representatives
instead of documents. It is not difficult to see that the set FR'is not necessarily
unitary. The distance d is defined asfollows:

If f' and f! are dates, then d(f ', f') is the number of days between f' and f.
Iff' =[a,b]andf!=[c,d] are date intervals, then

d(fl, fly= min d(fy, f
( ) fli[a,b],fzi[c,d]{ (fy 2)}

If ' isadateand ! isaninterval, then d(f',f1)=d([f' f'],f)).
If f) isadateand f' isaninterval, thisfunctionisdefined in asimilar way.

Finally, to measure the global similarity between pairs of documents, we define the
following two aternative functions:

1. 1f Sp(d',d')3 by and Se(d',d!) 3 be, then
sid',d’) =w; xS (d',d)) +We xS (d',d)



dse, St(d',d)) =0.
where Wr, Wi 1 [0,1] represent the relative importance of the different document

components respectively. The thresholds b+, be T [0,1] are the minimum partial
similarities required for the semantic and temporal components, respectively.

2. 1f De(d',d)) £ b then S?(d',d’) =S (d',d’) else, S%(d',d’)=0
where b is the maximum number of days required to determine whether two
documents refer to the same or two distinct events.

4. Tempor al-Semantic Clustering of Documents

The unsupervised pattern recognition problem over z consists of determining the
covering set Ky, ..., K, r>1. Starting from this formulation, we use a clustering
criterion based on topologica relationships between documents. This approach is
based on the following idea: given a document description set, we must find or
generate a natura structure for these documents in the representation space. This
structure must be carried out by the use of some similarity measure between
documents based on certain property.

The clustering criteria usualy have three parameters, namely: a similarity measure
S, aproperty P that establishes the use of S, and a threshold by . Thus, clusters are
determined by imposing the fulfillment of certain properties over the similarities
between documents.

According to this, we will consider the following definitions:

Definition 1: Two documents d' and d’ are by-similar if S(d',d’) 2 by. Similarly,
d'isa by -isolated element if " d 11 z, S(d',d’) < by.

Definition 2: [Mart00] Theset NU T z,NU? f,isabgcompact nucleusif:
a "diz[dlNUU rtljax{S(di,dt)}=S(di,dj)3bo]b d’T NU.
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¢) |NUJisthe minimum.
d) Any by-isolated element is aby-compact nucleus (degenerated).

Notice that this criterion is equivalent to finding the connected components of the
graph based on the maximum similarity. In this graph, the nodes are the documents
and there is an edge from the node d'to the node d! if d! is the most similar
document to d' and its similarity overcomes the threshold b,



4.1.b0-Compact Nucleus Algorithm

In this paper we propose a new incremental clustering agorithm of news for event
detection. This algorithm is based on the by-compact nucleus mentioned above
thereby we call it incremental b,-compact algorithm In this algorithm each document
d' hasan Info field associated, which contains the document (or documents) that more
closaly resemblesd' along with the value of this maximum similarity. Every time a
new document arrives, its similarity with all the documents of the existing clustersis
caculated and their fields Info are updated. Then, a new cluster with the new
document is built together with the documents connected to it in the graph of
maximum similarity. Every time adocument is added to the new cluster, it isremoved
from the cluster in which it waslocated before.

The incremental by-compact algorithm proposed in this paper can be described as
follows:

Input: Similarity threshold bo.
Similarity measure S and its parameters.
Output: Document clusters (bo-compact nucleus) representing the identified events.
Step 1. Arrival of a document d.
MS =0, MD = A, Info(d) = (MD, MS)
Step 2. For each existing cluster G’ do
For each document d’ in G’ do
Calculate the similarity S betweend andd'.
IfS 3 bo then
(Max, SimilMax) = Info(d").
If S 3 SimilMax then update Info(d") with the document d and SimilMax.
IfS3 MS then update MS with S and MD withd'.
Step 3. Create a new cluster G with the document d.
Step 4. 1fMS * 0then
Add to G all the documents of the remaining clusters that have in the field Info a
document of G, and remove them from the clusters where they are placed.
Add to G all the documents of the remaining clusters that are included in the field Info of
a document of G and remove them from the clusters where they are placed.

The worst case time complexity of this algorithm isO(n?), since for each document all
the documents of the existing clusters must be checked to find the most similar
document.

This clustering algorithm allows the finding of clusters with arbitrary shapes, as
opposed to agorithms such as K-means and Single-Pass, which requires centra
measurements in order to generate the clusters, and as a consequence, the shapes of
these clusters are restricted to be spherical. Another advantage of this algorithm is that
the generated set of clustersis unique, and it does not depend on the arrival order of
the documents.

Moreover, the clustering criterion based on the by-compact nucleus forms digjoint,
more cohesive and smaler clusters than those formed by the bg-connected
components. Hence, in this case the chaining effect is much smaller than in the by
connected components.



4.2. Representation of Clusters

When we apply the clustering criterion mentioned above to the document collection
we obtain severa clusters of news with a high temporal-semantic similarity. In this
level the individual events reported by the documents areidentified. In the next levels,
these events are successively grouped applying the same clustering criterion so that
more complex events and topics can be identified. The resulting hierarchy describes
the structure of topics and events taking into account their tempora occurrence.
Therefore, the cluster representatives should be determined. Once the clusters of the
first level (events) have been calculated, the representatives of each cluster are
determined, and they are grouped to form the clusters of the next level in the
hierarchy.

The representative of a cluster ¢, denoted as T, isapair (T¢,F®), in which TCis

the component of the terms, and F ° the temporal component. It can be calculated
with both the sum and the average of the cluster’ s documents as follows:

1. T¢= (Tf,...,TrF ) where TF :ﬁ QTR i1 (L0}
d4c
= :(Ffl,... = ) where FFj =1

[} K o~ .
Fi |C| a Ty il {1...s} and s is the total
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number of time entities that describe the documents of this cluster.

2. T¢= (Tf,...,TnE ) where Tf = a TR T {Len)
d<c
FC = (FEFE ) where Ff = é Tl:}‘j ,iT{L...s and s is the total number
d<c
of time entities that describe the documents of this cluster.

In order to reduce the dimension of component vectors of the cluster representative
we truncate these vectors. For this purpose, usualy athreshold is applied to diminate
the least significant terms. So, we only keep the terms and dates whose frequency in
the representative is greater than or equal to one tenth part of the maximum

frequency.

5. Evaluation

The effectiveness of the clustering algorithms has been evaluated using a collection of
452 news articles published in the Spanish newspaper “El Pais’ during June 1999. We
have manually identified 71 non-unitary events for this collection, and the maximum
size of eventsis 16 documents. From these events we have identified 43 topics. It is
worth mentioning that this collection covers 21 events associated to the end of the



Kosovo war adong with their immediate consequences. These events have a high
temporal-semantic  overlapping, which makes difficult their identification.
Additionally, these events have an important impact over other different events.

To evauate the clustering results we use two measures of the literature that
compare the system generated clusters with the manually labelled events, namely: the
F1-measure [Rijs79] and the Detection Cost [TDT89].

The Fl-measure is widely applied in Information Retrieval Systems and it
combines the precision and recall factors. In our case, the F1-measure of a cluster |
with respect to an event i can be evaluated asfollows:

Fi(,j) = 2—1

n +n
where ny; is the number of common membersin the event i and the cluster j, n; isthe
cardindity of the eventi, and n; isthe cardindity of the clusterj.

To define a global measure, first each event must be mapped to the cluster that
produces the maximum F1-measure:

s(i) = argmax{F1(, j)}
i

Then the global measure can be evauated in two ways. micro-averaging and macro-
averaging. Whereas the micro-average minimizes the variance of the estimates caused
by individual documents, the macro-average minimizes the variance of estimates
caused by event differences. Because of the small number of events and because of its
heterogeneity, the micro-average is the preferred method for event detection
[TDT98]. Moreover, to take into account the disparate event sizes, it isalso preferable
to weight the individual F1-measures with the event size. Hence, the final global
measureis calculated asfollows:

N

Fi= 2 &'nFii,s)
N gocs i=1

The detection cost is a measure that combines both the miss and false alarm errors
between an event i and a system-generated clusterj:

CDET (l ) J) = Prriss(i ) J) : I:)topic + Pfalse_alarm(i ) J)(l - I:)topic)

where Priss = (0 - my)/ mj ad Prgyse gam= (0 - /(N - ), Py is the a priori
probability of adocument belonging to agiven event, and N isthe collection size.
Again, to define a global measure, each event must be mapped to the cluster that
produces the minimum detection cost:

s(i) = agmin{Cper (i, j)}
i
The micro-average of this measure is defined as follows:
CDET = Pmis:‘. ' F)topic + Pfa]se_a]arm '(1 - Ptopic)

l N%en[s nl - nls(l) P _ 1 Naenls nS(I) - nls(l)
false_alarm — N N - n:
1

I:>miss - N

events  j=1 n; events  j=1



In Figure 1, the F1-measure results for the two proposed similarity measures at the
event level are shown. In the left graphic, the behavior curves of the similarity
function S' are plotted against the weight of the vector of terms (Wi = 1 - W). Each
of such curves corresponds to a different value of by. In the right graphic, the behavior
curves of the similarity function & are plotted against the time threshold be, being
the last point of this graphic br=¥ . Notice that disregarding the time component at al,
the best result for F1 is 0,622 with by=0,33. Clearly, both graphics demongtrate the
usefulness of the time vector for event detection.
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Fig. 1. F1-measure results for the bp-Compact Algorithm (event level).
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Fig. 2. Detection Cost results for the bg-Compact Algorithm (event level).

Figure 2 shows the detection cost results at the event level. Again, regarding the time
component improves the detection cost of the generated clusters. However, notice that
the optimal weight and threshold for these measures (W4=0,7 and b=8) differ from
those obtained for the F1-measure (W;=0,4 and bg=5). This implies that the time
vector has asmaller impact in the event detection task than in the retrieval one.

With regard to the topic level, the best result for the F1-measure is around 0,657,
which has been obtained with S', by = 0.4, W; = 0,7, and taking the truncated average
vector as the cluster representative. In general, we have observed that the impact of
the time component is much smaller at the topic level.



6. Conclusions

In this paper new similarity measures between documents considering both the
temporality and contents of the news articles have been introduced. Unlike other
proposals, the temporal proximity is not just based on the publication date, but it is
calculated using a group of dates automatically extracted from the article texts.

A new agorithm for determining a hierarchy of grouped news is also introduced.
In the first level the individual events reported by the documents are identified. In the
next levels, these events are successively grouped so that more complex events and
topics can be identified. This algorithm is based on the incremental construction of
existing by-compact nucleus in the collection of documents. It alows the finding of
clusters with arbitrary shapes, as opposed to algorithms such as K-means and Sngle-
Pass, which are restricted to be spherical. Another advantage of this algorithm is that
the generated set of clusters is unique independently of the arrival order of
documents.

Our experiments have demonstrated the positive impact of the time component in
the quality of the system-generated clusters. Moreover, the obtained results for the
F1-measure and the detection cost aso demonstrate the validity of our agorithm for
event detection tasks.

As future work, we will analyze the optimization of the bg-compact agorithm,
keeping the current cluster quality. Also we want to study other methods for
calculating the cluster representatives, and the inclusion of other article attributes such
asthe event placesin the global similarity measure.
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