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Abstract: Detecting various sentence-level events from multiple webpages canpoetamt in finding knowledge. We propose an
event detection method based on comprehensive dimension matchingpatcurrence constraint. First, we detect events from a
single webpage by clustering co-reference sentence-level evetibme These events are considered as co-occurrence eventsjin eve
single webpage. Second, similar events from multiple webpages areretlistéhe dimension matching method is used to aggregate
event mentions. Different matchers measure different dimensémsan extended evidence theory is proposed to allocate dynamic
weight and combine dimension measurement results. We proposeratrcevoccurrence constraint to reduce match times and quantity
of candidate matches events in the multiple webpages event-detectiorsptodenprove event cluster efficiency. The experiment
results demonstrate that this method can detect various events andgtiegace the quantity of co-reference events.

Keywords: Event detection, comprehensive dimension matching, co-occermmstraint, extended evidence theory

1 Introduction co-reference event mentions as an event can reduce the
number of duplicate events. Our goal is to detect events in

E d ion is th K of identifvi . multiple webpages by clustering co-reference event
vent detection is the task of | entn‘ymg EVents In News. o niions. This approach is important to provide valuable
Most of events which are reported in webpages arenarket information to enterprises

unstructured data. Information management not only
integrates structured data such as entity attributes and

relationships between entities in the Web but also Detecting such events in multiple webpages poses
integrates events. Existed event detection approaches aseveral interesting technical challenges. First, event
inapplicable for discovering events that are participatedmentions are unstructured data, and the direct use of
by specific entity and the type of them cannot be attribute similarity to judge entity attributes is diffi¢ul
predefined. Examples of such events include enterpris€or example, Fig. 1 depicts that an event has four
activities in the news. Integrating multiple enterprise co-reference event mentions. However, the texts of these
webpages and detecting valuable entity events may helpo-reference event mentions have obvious differences. We
enterprise policymakers understand themselves and these several dimensions to express event mentions and use
development of novel trends in other enterprises, as welcomprehensive matchers to measure the similarities of
as improve market intelligence. An event is an activity these dimensions. Second, we find some events in single
that occurs at a special time and involves participants. Anwebpage by clustering co-reference event mentions.
event mention is the sentence in which an event isThese events have obvious differences and can be
reported. The descriptions of the same event fromconsidered as co-occurrence events. Co-occurrence events
different webpages are inconsistent. These eventlo not need to calculate the similarity between them and
mentions that report the same event are co-reference evettiey can be used to reduce event match times in following
mentions. If each event mention is considered an eventevent detection. Third, clustering event mentions in
many duplicate events will occur. Thus, clustering multiple webpages require considerable running time. We
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Xinhuanet com during a particular time period according to the amount of
Yesterday, State quality inspection administration co-reference event mentions.
Fianeed B ool prodnct oo In summary, we introduce a two-stage sentence level
procuratorate tested 30 degree Jmguai  liguor . . .
| specimen. the result presented DEP (a kind of event detectlpn method to discover multiple webpage
plasticizer) reached 1.04mgke, events. In this method, the second stage can use the
Sina comcn co-occurrence events which are found in the first stage to
[ Foud safisy depiriment panoinoed. il i cluster events. We use several dimensions to present event
plasticizer lmited swndards, Jugu lgueor . h . h ! .
bent: | CRoceladihe i ZA75, mentions a.nd use comprehensive matchers in measuring
R e e event mentions to improve cluster accuracy. In this paper,
Jiugui liquor specimen was detected three kinds we propose the use of event co-occurrence constraint to
- of plastcizers exceeded limited standards, and ; ; H
S ore CEEP Bl i yiEe restrict the event d_etectlor_l of multiple webpages and
- reduce the running time during the cluster process.
Ifenz com . . . . .
= —— . e — - This paper is organized as follows. We briefly review
Smte quality inspection administration vesterday . . X
| ol i sl descig the 50 deges some related re_search efforts in Section 2, anc_i d_escrlbe the
Tingui liquer specimen, DBP is 1 04mg ke problem in Section 3.The proposed approach is introduced
in Section 4 and the experimental evaluations are reported
Event: The plasicizer of Jiugui liquor specimen in Section 5. In the last section, we draw conclusions.
exceededlimited standard bwv detect on.

Fig. 1: Four co-reference event mentions for same event

propose the two-stage event detection method and the u

of a constraint to reduce the running time.

2 Resear ch Background

In recent years, event detection research has increasingly
focused on large-scale webpages and has become the
ost popular research in information managemet [
ata integration, information retrieval, and artificial
intelligence. Information retrieval identifies similar

Fig. 1 illustrates an event that has four co-referencechanges in the relationshig][between certain entities,
event mentions. The event mention in Xinhuanet.comgch as simultaneously rise and decline, to detect events.
reports the plasticizer name. The event mention ingqgig| tagging %,6] discovers burst tags in the same
Sina.com.cn reports the percentage of pIast|C|z.er thaberiod to detect a few special events. Mangj found
exceeds the limit standard. The event mention iNrea|time events according to high frequency words in
Sohu.com introduces the three plasticizers. Thesgnicro-blogs reported by the same author. Detecting many
co-reference event mentions are extracted from d'ﬁerenFetrospective events in multiple webpages is important for
webpages in the same day. However, these co-referenggging knowledge. Event detection research involves

event mentions only use text similarities cannot find single webpage detection and multiple webpages
references to the same event. To improve event cluste§etection.

accuracy, we adopt frame semantic$,2] and use

In single webpage event detection, Ya8] found

dimensions such as time, squect, object, and activity toparagraph boundary events and considered them
represent event mention. First of all, we measure thénierrelated and independent. We propose the event
similarity of each dimension. Thereafter, we use extended;q_gccurrence constraint which is based on this idea of
evidence theory to combine the similarities of key {he jndependent relationship between events. In multiple
dimensions as the similarity of the final event me”t'on-webpage event detection, some studies have adopted
Considering that composite dimension matching Canpredefined-type event detection. Sha®] pised event
maximize the use of syntactic structure information andkeywords to detect burst events. Zhdd|[appended time
semantic information, this method can increase the recallpsracteristics to event keywords, such as “2008 US
and precision ratio of event detection.
We present a two-stage sentence-level event detectioburst events. Given that detailed event information is
method, i.e., EDCoAGENES, to cluster co-referenceneeded to mine sentences in a webpage, current research
event mentions in multiple webpages. Given a time periodhas now focused on sentence-level event detection.
and a set of entities, we label event mentions that contaiiMartina [L1] proposed sentence-level event detection in
target entities in every webpage. In a single webpage, weews webpages and found predefined type events. Jiang

cluster

co-reference event mentions and

presidential election”, which detects time-charactarist

find[12] used open information extraction and proposed event

co-occurrence events. In multiple webpages, we usentology to find various events. Davidl3] thought

co-occurrence constraint to reduce match times andmportant named entities, such as time, place, people, and
quantity of candidate matches events and we clusteorganization, and the co-occurrence relationships betwee
similar events to detect many different events. By usingthem were also used to find events. Cluster method is
the EDCoAGENES method, we not only detect variousimportant for event detection. Compared with another

events but also can understand the event burst degremvent

cluster method 1§,15, the agglomerative
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hierarchical cluster method 1§] possesses certain Source Document Event Mention Event
advantages, such as accurate differentiation of objects,
automatic determination of the number of clusters, and
discovery of arbitrary clustering shapes. Thus, the
agglomerative hierarchical cluster method is suitable for
event detection. @;:

Considering that many co-reference event mentions
have missing and inconsistent values, the clustering of 4
sentence-level event mentions according only to text @
similarity judgment exhibits low accuracy. Topic
detection and tracking research (TDT)7] uses the
TFIDF method to calculate event keywords and uses
keyword similarity as event similarity. Given that the
same keywords in different syntactic structures, such as
subject or object, can express different events, the use of
syntactic structure can improve cluster accuracy.llg][ Fig- 20 Source, document, event mention, event, and their
demonstrated that comprehensive similarity can improveelationships
clustering precision for complex data structures. Evidenc
theory [L9 combines several dimension similarities with
static weight to provide a uniform result. ) i )

Our research used eight dimensions to present everffetection and mu_tlple webpages event detecion. Detected
mentions and combined syntactic structures and keywor§Vents from a single webpage construct co-occurrence
semantic meanings to measure event mention similarity€Vents and they can simplify event detection in mutiple
We extended the evidence theory to allocate dynamicVebpages. Event & can Dbe represented —as
weights to different dimensions according to the ability of & = {&M1,@Mz,---,em}, and event set can be
such dimensions to provide similarity. represented as E = {en&,-.&8} =
{{enllbaanv e 7emlk}a e 7{%17%27 e ,emn}}- ka p
andn are the number of co-reference event mentions.

Co-occurrence Event. Events clustered from a single
webpage are independent events which have obvious

To present and facilitate the following discussions cigarl differences. Independent events from a single webpage
we explain some concepts used in this paper in this sectiorfi’® C0-occurrence events. Co-occurrence events need not
Event mention. An event mention is a sentence in (© calculate similarity in mutiple webpages event
which an event is reported. An event can have manydetectlon becuse they are obviously different. For

mentions that refer to it. In this paper we use eight€%@mple, if {€1,€,---.en} C dithen {e,&, - en}
dimensions to represent event mentions according to th€onstitute co-occurrence event.

definition of an event. The eight dimensions are denoted EVent co-occurrence consiraint. The event
as{ agent, activity, { object }, time, { location }, { cause  CO-OCcurrence constraint restricts co-occurrence events

}, { purpose }, { manner }}. The event mention set is €liminate the need to calculate the similarity between
represented aEM = {emy;, emyo, -+ €My, -, emy;, co-occurrence events. Events that are detected in the same
.- emy}, andem;(1<i<n,1< j <k) represents an webpage constitute co-occurrence events. Co-occurrence
event mention in everg. events are defined &%;. and d is the doc_ument in which
Event. An event is an entity activity that occurs at a e find some events. Two events from different webpages
specific time and place. An event is constructed by certairfONStitute an event pair. If the similarity of an event pair
elements, such as time, agent, activity, object, Iocation,reaCheS the threshold, the event similarity in the r_natched
cause, purpose, and manner. An event set is indicated &€nt pair do not need to be computed with the
E = {917927"'761}, and an event is expressed as co-occurrence event Slmllar|ty,
g(1<i<n).
A data source provides event mentions, such as web .
sites, databases, etc. A set of data sources can k@ Event Detection
represented aS = {s1,%, -+ ,S}.Some event mentions
can point to the same event or to different events. The4.1 Event detection process
relationship between source, document, event mention,
and event is shown in Fig 2. In this paper, we present an event detection method
Event Detection. Event detection is the automatic named EDCOAGENES based on comprehensive
identification and classification of co-reference eventdimension matching and co-occurrence constraints. This
mentions to find various events in mutiple webpages.method can detect many events and reduce duplicates in
Event detection is divided into single webpage eventevent quantity. We use a slide window mechanism

1y i
‘

3 Event Mention and Event
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Algorithm 1 Event Detection

according to the time period to obtain webpages. The  Input: webpage seb. Similarity thresholdr
whole event detection process is shown in Fig.3. The  Output: Event se€,every eventis a cluster of
three steps involved in the event detection process are co-reference event mentions

introduced as follows. LE=0deD

Step 1. An event mention is labeled in the webpages. g fo;ﬁchiocumem from D .
. . o.r . 4 = LabelOneDocumentMentiod()
The event mention that contains the target entities is then 4. E = AggregateEventMentioBiMy)
labeled by using related webpages. We use the Chinese | = 1AJ0reg Ve iona)
) : [* aggregate event mentions if their similarity is greater

word segmentation tool ICTCLAS 3.1 to handle event  panT ¥
mention and use eight dimensions to represent the event 5 ond for
mention. We filter the content of the webpage, label the g g—F;
event mention, and use dimensions to represent the event 7. fori =2 to|D|
mention. 8. E =EU AggregateEvenH, E;)

Step 2. An event is detected in a single webpage. In I* aggregate two events if their similarity is greater
this step, we identify co-reference event mentions and thanT */
cluster them in a single webpage. These events which are 9. end for
clustered from a single webpage are co-occurrence _10.returnt
events. For example, the event mentieng andem, in
D1 both refer to eveng; ( Fig. 3). These event mentions
are co-reference event mentions that need to be classified
in a cluster. Four_ event mentions iy, are classified into 4.2 Event detection in a singlewebpage
two clusters, which are referred to as eventand e.

Evente; ande, are co-occurrence events because they ar L . . .
detected in the same webpage. To compute for even vent detection in a single webpage uses the hierarchical

mention similarity, we use the comprehensive dimensionclusterlng method to cluster co-reference event mentions

matching method and extended evidence theory model t6hat r_efer to the same event bec"%“S.e co-reference_event
allocate dynamic dimension weights. We classify the Mentions differ ffom I|Feral desquptlons. In clusterlng

single webpage co-reference event mentions in a clust rocess we use dimension matching method. We use eight
as an event and do not merge them. dimensions to represent event mentions to combine

syntactic structures and text similarities for event nmamti

_Step 3. An event is detected in multiple webpages. Weomparisons. We find that the time, subject, object, and
pair any two webpages to cluster similar events and place ity dimensions are usually not blank and other

the resulting_cluster in a document. After that_, we pair thegimensions are usually blank or do not conform to other
document with another webpage to cluster similar events;yesponding dimensions. According to event definition,
For example, we paiD; andD to cluster events, place ime activity and participants are key elements in an
the results in a document, and pair this documentWgh o ent |n this paper we divided participants into subject

In thiﬁ process we find t?al ande; are similar events, 54 ghject by different roles. So time, activity, subjeai an
and thaie, andes are similar events. We propose an event ypiact are key dimensions which can basically represent

co-occurrence constraint to restrict clusters in a webpage, event. Inthis stage, we choose the time, subject,
pair. Evente, ande; are co-occurrence eventsin, and  gpiect and activity dimensions as key dimensions in
eventse and e, are co-occurrence events . In the  omparing event mention similarity.

matching process we find that the similarityefandes We select event mentions in different webpages to
reached the threshqld. We then aggregawndes and do explain dimension matching in Fig. 4. The time
notcompute the similarity &y, &, andez, €; because they  gimension value is the time the event occurred according

are subjected to the event co-occurrence constraint. to when the webpage reported the event and the specific
Fig. 3 shows the three steps of event detection. We us@ime it appeared in the news. We also use a conjecture
the event detection algorithm to cluster co-referencetevenevent occurrence time by using an offset value from the
mentions in multiple webpages. The core algorithm isnews, such as yesterday and two days ago. The activity
presented in Algorithm 1. dimension value is an activity verb that is extracted from
Algorithm 1 first initializes event seE and every a phrase by using the shallow semantic parsing method.
documentd; from setD in Line 1. Lines 2 to 5 show the We calculate the similarity of each dimension, and use
process of single webpage event detection. Line 3 labelextended evidence theory to compute for comprehensive
the event mentiolcMy from each document;, and Line  dimension similarity. After clustering co-reference ewven
4 uses a function to aggregate event mentions if theimentions in a single webpage, we consider events which
similarity is greater thanlT. Lines 6 to 8 show event are detected in the same webpage as co-occurrence
detection in multiple webpages. We pair two event sets toevents.
compare event similarity until all event sets are compared. In Fig.4, the first three event mentions refer to the same
AggregateEvent is a function that clusters similar eventsevent even though these event mentions have noticeable
from two event sets and will be presented later. differences in their literal descriptions. The key dimemsi
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Label event mention single web page Detect event in multiple web pages
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Fig. 3: Event detection process in multiple webpages
Event mention Key dimension value ¢ e e | a4 «Q o LI
Food safety deparment announced, with the | 2012.11.19 | Jiugui iquor .
ek Ao S ™ '
plastcizer limited smndards, Jiugni liquor | plasticizers| exceeded Q Q Q e Q Q Q D4 Q Q
exceededthe standard 247% i
Thigui liquer specimen was detected three kinds | 2012.11.19 | Jiugui liquor| ANA ! r :{>
of plasticizers exceeded limited standards, and plasticizers | detected ' v
they are DEHP, DIBP, and DBP. m|lQ O ool O s | O
State quality inspection administration yesterday | 2012.11.19| 50 dearee
amounced that afier detecting the 50 degree | Jugui liquor|DEP | ¢4 ¢ ! o e o
Jiugu liquor specimen, DBP is 1 04mg kg detecting ) : .
o A 2 {a) AGENES method (b) EDCoAGENES method
After Jugni liquor company published the |2012.11.19| company
anmowncament of plasticizers, stodk (code 00079%) | siock | cease rading ) . )
tempoarary cease radng in November 15, 2012, j Fig. 5: Comparisons of co-occurrence constraint

Fig. 4: Key dimensions of event mentions

Rule 1. If the similarity of an event pair reaches the
threshold, the comparison process can be terminated. For

values of the event mentions show slight differences. Theexample, ifg € E; ande;j € E; construct a matched event
last event mention refers another event, and we can clearlpair < &,€; >, the comparison process, which searches
distinguish such an event according to the key dimensionfor an event similar tog, is terminated. Because the
In this paper, we detect events in a short time period (i.e.candidate matches eventsia are co-occurrence events
one week). of e;. This rule can be used to reduce match times in
event comparison process.

Rule 2. If a matched event pair in two webpages is
found, the two events can be deleted from the candidate
match event set. For example, for a matched event pair
< &,€ >, g € Ey, ande;j € Ep, the remainder events in
Event detection in multiple webpages pairs two webpaged=1 are the co-occurrence events weh, and a matched
and uses the hierarchical clustering method to aggregatévent pair cannot be constructed witg. Thus, the
similar events. In this paper, we use event co-occurrencéandidate matches event sets fieg — e} and{E; — & }.
constraint to reduce event match times and quantity offhis rule can be used to reduce the number of candidate
candidate matches events in multiple webpages clusteatches events in event comparison process.
process. Fig. 5 show the difference in the comparison process of

We note that co-occurrence events do not need tdhe agglomerative hierarchical clustering method
calculate similarity according to the constraint. (AGENES) and EDCOAGENES.

Co-occurrence events can quickly cluster similar events in Fig. 5(a) shows the process used in the AGENES
webpage pairs. We propose two rules to reduce matcimethod if < e;,e4 > is the matched event pair that
times and quantity of candidate matches events by usingomparede, with the remaining events iD1. Fig. 5(b)
the event co-occurrence constraint. presents how the EDCoAGENES method is used if the

4.3 Event detection in multiple webpages
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Algorithm 2 Aggregate Event

Input: Event setEy, Ep from documentdy and dp. decreases regularly as an arithmetic progression.
Similarity thresholdl Compared with AGENES, EDCoAGENES divides cluster

Output: Event setEney, €very event contains co- events into two stages, within the document (single

reference event mentions from two webpages webpage) and across documents (multiple webpages).
1. for each evengy from B¢ The comparison process in the first stage is similar to
2. for each evengy; fromEp AGENES, and the time complexity ®(m)2. Given that

3. Sim(eg,ep)); the event quantity in one document is small, the running

% imilari . s . . .
f* computer similarity of evengg andep; */ time is short. The second stage uses a constraint to reduce

g' 'f.ff_](q“’epi) <T match times and quantity of candidate match events to
6. ejlse’ reduce running time, and the time complexity is
7 Suip = 6 Uep; O(m-logom). In event detection in multiple webpages,

/* use co-occurrence constraint to stop match EDCOAGENES is much faster than AGENES.

and aggregateg, €pj aseyipj */
8. Enew = Enew U {&ipj };

9. Ep=Ep—{ep}; 4.4 Smilarity measure method

10.  Ec=Ec—{eg};

11.  endif In this paper, we propose clustering co-reference event
12. end for mentions and similar events by comprehensive dimension
ﬁ' EIFE?C;I' matching. This method combines syntactic structure

information and literal similarity to improve clustering
accuracy. We use eight dimensions to represent an event
mention and use three matchers to measure the similarity
of the key dimensions. In this section, we introduce the
three matchers and use extended evidence theory to
combine the dimension measurement results as a
similarity of an event mention.

15. returnEpew

matched event pair is e;,e4 >. Comparisons for finding
similar events ak, can be stopped. Thereaftes, from
D; ande4 from D, are deleted. Dashed arrows point to
the unnecessary comparisons in Fig.5(b). Given that o

e1, &, ande; are co-occurrence events By, and ey, e 4.4.1 Similarity measure matcher

are co-occurrence events, we use the constraint only ) o
when we need to compare the similarityegfande,. The = We introduce three matchers to compute the similarity
left part of Fig.5(b) shows that we can reduce match times2Mong the time, subject, object, and activity dimensions.
of e4 by rulel. According to rule2, onlg, and e; are 1. Time value matcher _
candidate matches eventsaf Reducing the number of ~ The Time value matcher is used to measure the time
candidate matches events is shown in the right part offimension. This matcher is adapted for identical or
Fig.5(b). compatible data types. The default time value is the

Algorithm 2 shows how constraint restricts clustering to _9ate” type. If the time in which the event occurred is
aggregate similar events in two webpages. precise, the time can be extended to the “date-time” type.

Lines 1 and 2 circularly compare the events betwggen The numerical difference between two time data is the
andEp. Line 3 computes for the similarity betweeg and time distance, which is multiplied by a normalized factor
ep;. If the similarity is below the thresholf, the similarity that can obtain time dimension similarity.

of the next event i, with & is computed. Lines 7 and 8 _ logD

use an event co-occurrence constraint to aggregagad SMum(T1, T2) = T (1)

epj If their similarity reaches T. Lines 9 and 10 deleig T - Tl

from Ep andeg from Ey by co-occurrence constraint. |T; — T2lis the absolute value of the time numerical

We propose that the use of event co-occurrencelifference, andogD is the normalized factor . We set
constraint reduce running time. We assume that event sdd = 20 by experiment.
E; hasm events and event s& hasn events. AGENES 2. Morpheme matcher
compares each event to all events in another set (Fig.5) Morpheme refers to the independent and basic concept,
and the time complexity i©(m+ n)2. EDCOAGENES such as indivisible word. This matcher is literally
finds two events that have reached the threshold and theimdivisible. The morpheme matcher combines text
stops the comparison process to delete the two eventsimilarity and word order similarity for applications to
from their respective sets. For example, everftom E; Chinese phrase characters. We add larger weights to
is matched with evengy from E,. The match is stopped words that appear later in the word order. For example,
andeg from E; andeg from E; are deleted. The candidate the subject dimension value is “50 degree Jiugui liquor”.
match event quantity ism+ n— 2). If each iteration can The weight of “Jiugui liquor” is larger than the weight of
find a matched event pair, the quantity of matching events’50 degree”. In an event mention pa, andN, are two
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subjects that need to be compared. The word orders are We use the maximum primitive similarity formula to
Na = {ai =1,2,---,m} and N, = {bj|j = 1,2,--- ,n}. calculate the similarity of two verbs:
Thus, the similarity oN; andN, is expressed as follows:

2 ) SiMsem(@,b) =MaXi=12,.. m =12, n|SMeem(Sa; S)| (6)

aj bj
Y3 snam Y 2 500
The formulay ﬁ shows the comprehensive weight

of the same morphens, andN, contained according to
the location inNa. 2'571 shows the Comprehensive After obtaining the similarity of dimension value, we
weight of the same théjri)hemﬂ and N, contained need to find a model to combine the dimension results as
according to the location i, Thg morpheme matcher the total similarity of an event mention. Evidence theory
can compute the similarity of the subject and object[21] comblngs some evidence to obtain an objective and
dimensions comprehensive result such that the model can be used to

' calculate the fusion result of multiple objects. In the

3. Semantic matcher X ”
vidence theory model, the recognition framewadsk

Considering that accurate reasons can be obtained b ontains all subsets, and the set of all subsets is presented
comparing verbs and verb phrases by semantic similarit ; ' , o
parnng P Y 4 s 2. The evidence theory model defines the probability

we use the semantic matcher method and the Hownet> = - . . o L
semantic network architecture2(q] to measure verb blstrlzutlon fgunc_?ﬁn as tgeb_quap dz_t>[k?7tl] W?'Ch t'ls
similarity. In the Hownet semantic network architecture, a ased on z. € probability -distribution Tunction

word is composed of primitives. The activity verb itself safisfies th(la.conditi(.)ns oh() = 0 and3 sp0 M(A) = 1.'
may be the primitive or can be deconstructed into !N the conditions, 0 is null and is any subset. The fusion

primitives. We use primitiveS, = {aifi = 1,2,---.m} to formula of the evidence theory model is as follows:
denote verta, §, = {bj|j = 1,2,--- ,n} to denote vertb, A
g;fr]:]j”;r(ij&pted two semantic matchers to compute verkna) — 20A=A Lo K =S a—oMsicam(A)  (7)
(1) Path-based semantic matcher In this formula, we observe that each dimension
The path-based semantic matcher calculates th@rovides the same contribution degree to the final result.
similarity between two primitives by the path length of However, the evidence characteristics of different

SmMp(Na, Nb) =

4.4.2 Use of extended evidence theory to combine
dimension matching

the two primitives. dimensions are not the same. For example, we extract
event mentions in webpages that are reported in the same
_ a day. In this situation, the similarity of the subject
SiMMpse(S5, ) = a +dist(a, bj) (3) dimension is more important than the time dimension. To

) ] ] _solve this problem and obtain a more accurate value for
In this formula dist(a;,bj) is the shortest path in the similarity of the event mention, we extend the
Hownet, anda is an adjustment parameter that is the eyidence theory model by allocating dynamic weight
distance value when word similarity is 0.5. The path factorwt for each dimension. We add a dynamic weight
length is inversely proportional to similarity. factor in each probability distribution function, and the

(2) Depth-based semantic matcher fusion formula of extended evidence theory model is as
The depth-based semantic matcher calculates thejows:

similarity between two primitives by the depth of their

common ancestor. m(A) = S A=A nlS.iSHVVI [m (A.i)] ®)
2 depth(a, b)) ¥ ra0 Mi<i<n WM (A)]
SMpse($, &) = depth(ar) —s—de;;tr:(b-) 4) In this formula,W is the ability weight factor for every
! dimension, and W = 1. The following

In this formuladepth(a;, b;) is the whole depth of the dimension-matching algorithm shows how to calculate
common ancestor of primitives in Hownelepth(a;) and ~ comprehensive dimension similarity.
depth(b;) denote the depth of each primitive with a In Algorithm 3, Line 1 compares the dimension

common ancestor. similarity of a given event mention pair. Lines 2 to 5
The following is the composite semantic similarity compute the similarity of four dimensions as different
formula: similarity evidences, and Line 6 uses extended evidence

theory to compute the comprehensive similarity of the
event mention. The EDCoAGENES cluster method uses
SMeem = L1SMpe(S, S) + FoSIMpe(S,S)  (B) extended evidence theory to allocate dynamic weight and
this method is more accurate than static weight. We wiill
In this formulaB; + B> = 1 and we sef}; = 0.55, 3, = compare EDCOAGENES with other cluster methods in
0.45 by experiment. the experiment.
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Algorithm 3 Dimension Matching

Input: Event mention paik emy, em; > 100
Output: Event mention similaritygm(em;, em;)
1. for every dimension pai d;,d; > in < em;,em; >

Simgimr = dimTimeSimi(dig,dj1);

Smgims = dimSubjectSimi(diz,d;2);

SiMgimo = dimObjectSimi(d;s, d;3);

SiMgima = dimActivitySmi(dis, djs);

Sim(em;, em;) = computeSimi (SMgimt , SMyims,

SMgimo, SMima); 0.65

/*extended evidence theory add weight factor 060 -
to every dimension similarity */ 0.55
7. end for 0.50 —_——
8. returnSm(emy, em;) 045 02 025 03 035 04 045 05
subject dimension weight

0.95
0.90
0.85
0.80
0.75
0.70

ogkswd

F- measure

% —0.2%*,0.2

=8-0.15,%*0.15

#=0.1,%%0.1

Fig. 6: Assessment of dynamic weight on four dimensions
5 Experiment

5.1 Experiment dataset clustering, and F — measure’ is the comprehensive

. . evaluation.
We extracted 9,000 event mentions in the food safety, According to the comprehensive dimension matching

phone, and computer fields as three experiment d_atasetgnd co-occurrence constraint proposed in this paper, we
Th%se ever:jt mentions werﬁ efxtrac'tAed f;gon;(;ig(:rtsAm nle;"§ested the effectiveness of event detection in the follgwin
webpages during one week (from g o, 0 Aug L5, xperimental aspects: (1) assessment of the extended
201.2.)' We labeled t_he event mention that contains targe vidence theory model to allocate dynamic dimension
entities and used eight dimensions to represent the ever\)\tzeights for clusters; (2) use of the co-occurrence

mention. constraint to reduce running times for event detection in
multiple webpages; (3) comparison of the effectiveness of

] ] different event detection methods.
5.2 Experiment evaluation

The event detection discovered event clusters that 3 Experimental result and analysis
contained many co-reference event mentions. To evaluate

efficiency of the clustering method, we used an e ysed the extended evidence theory model to allocate
information retrieval evaluation method and divided the weights and acquire the best weight distribution.

cluster results into four sets. _ We used the extended evidence theory model to allocate
A = True Positives (event mentions that are clustered ingimension weight and obtain different cluster results.

a cluster is correct) _ Important dimension needs to be allocated with a larger
B = False Negatives (event mentions that are notyeight to obtain better weight allocation.

clustered in a cluster is incorrect) _ Fig. 6 shows some allocation plans by experiments.
C = False Positives (event mentions that are clustered iftjrst we fixed the time and activity dimensions by

a cluster is incorrect) ) allocating different weights and adjusting the rest weight
D = True Negatives (event mentions that are noton the subject and object dimensions. (0«2x, 0.2)

clustered in a cluster is correct) means that the weight of time and activity are both fixed
The precision, recall, and F-measure are calculateqg 0.2, and the remaining 0.6 weight will be distributed to

using the Equations, (10) and (1). the subject and object dimensions. Fig. 6 shows that

(0.15, 0.4, 0.3, 0.15) is the best weight allocation because

Recal| = ﬂ (9) the F-measure reaches the highest point. To compare the
|Al+B] dynamic weight, we clustered the static weight (0.25,
A 0.25, 0.25, 0.25), and the F-measure is only 0.67.
Precisson= —— (10) 2. Evaluation of the effect of co-occurrence constraint
|Al+C] in restricting the cluster process for event detection in
e multiple webpage.
F — measure = 2> Recall x Precission (11) Fig. 7 shows the running time of two cluster methods

Recall +- Precission on different event mention datasets. No noticeable
“Recall” evaluates the cover degree of -correct difference was observed in the running time in small
clustering, ‘precision” evaluates the soundness of the datasets, such as those that contain only 100 and 200
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Fig. 7: Comparsion of running times of AGENES and Fig.9: Recall, precision, and F-measure of three methods on food

EDCoAGENES safety dataset
event aentlon amount 1.00
nethod | 500 [ w000 | 1500 | 2000
conpare times 0.90
MGERES | 124750 409500 1124250 1959000
17385 36735 57645 80235 0.80
FOASERES) 1 gasovsas)| Cassoonaazas) | (asmsonaoass) | (qoonovar2ss) E—
0.70
Fig. 8: Compare match times with AGENES and EDCoAGENES WAGENES
0.60 W EDCoAGENES

event mentions. In larger datasets, EDCOAGENES uses ¢
co-occurrence constraint that can significantly reduce| 040
running time. We propose the EDCoAGENES method for recall precision F-measure
event detection in multiple webpages to reduce event
match times and quantity of candidate matches eventsrig. 10: Recall, precision and F-measure of three methods on
Fig. 8 presents the different match times of the two clustemphone dataset

methods.

We chose four different event mention datasets to
compare match times. In the EDCOAGENES line,

(12,250 + 5,135) denotes that match times in a S|ng|ef|9|d dataset. The results show that EDCoAGENES is
webpage are added with match times between web pageBetter than K-means or AGENES.

and 17,385 denote the sum of two parts. Fig.8 shows that

EDCoAGENES, which uses two-stage event detection

and a co-occurrence constraint, can reduce match time§ Conclusion

significantly.

3. We evaluated the effectiveness of using differentin this paper, we have proposed a method for detecting
cluster methods for event detection in multiple web events in multiple webpages, namely, EDCoAGENES,
pages. We compared the K-means, AGENES, andvhich is based on comprehensive dimension matching
EDCoAGENES methods to detect events on food safetyand co-occurrence constraint theory. We detected single
and phone datasets. The recall, precision, and F-measumebpage events and found co-occurrence events in every
of event detection are shown in Fig.9 and Fig.10. single webpage. We presented an event co-occurrence

We find that the EDCOAGENES method, which uses constraint based on single webpage detection to reduce
extended evidence theory to combine event match times and quantity of candidate matches
dimension-matching results and allocate dynamicevents in multiple webpages. In event clustering process,
dimension weights, has the higher recall, precision, andve used eight dimensions to represent event mentions and
F-measure than other cluster methods (Figs. 9 and 10). Toompare the similarity of key dimensions. We used
prove that this cluster method is not restricted to a speciakxtended evidence theory to allocate the dynamic weight
field, the experiment was conducted by using a differentfor different dimensions and combined the comprehensive

(© 2014 NSP
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results as the similarity of event mentions. The [17]Z. M. Zhong and Z. T. Liu, Pattern Recognition and

experiment results demonstrate that this method can Artificial Intelligence,23, 307-313 (2010).

quickly detect various events in multiple webpages and[18] C. Li, Z. Xu and T. Luo, Pattern Recognition Lette,

can effectively reduce the number of co-reference events.  155-162 (2013).

[19] S. Salicone, IEEE Instrumentation & Measurement
Magazine 16, 18-23 (2013).
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