
Pro
eedings of the International Multi
onferen
e onComputer S
ien
e and Information Te
hnology pp. 275�284 ISSN 1896-7094
© 2007 PIPSPattern Extra
tion for Event Re
ognition in theReports of Polish Sto
kholdersMi
haª Mar
i«
zuk and Ma
iej Piase
kiInstitute of Applied Informati
s, Wro
ªaw University of Te
hnology,Wybrze»e Wyspia«skiego 27, Wro
ªaw, Poland, ma
iej.piase
ki�pwr.wro
.plAbstra
t. In the paper the appli
ation of the general Memory BaseLearning to Event Re
ognition in the domain of reports of sto
k issuersis investigated. A multi-
lassi�er s
heme is applied in whi
h the bound-aries of annotations are identi�ed �rst and then a heuristi
 algorithm ofmerging into pair is applied. A modi�ed method based only on positiveexamples is proposed. Several types of simple features requesting onlysimple pro
essing of text are tested. The proposed method 
an be trainedon a small annotated 
orpus.1 Introdu
tionEvent Re
ognition (ER) is a spe
i�
 
ase of Named Entity Re
ognition andrelies on dete
ting given type of events and their attributes. ER has been usedto retrieve informations about terrorist a
tivities from news (MUC-3, MUC-4),air plane 
rashes and ro
ket/missile laun
hes (MUC-7) and medi
al data frommammograhi
al reports [6℄.The approa
hes to ER 
an be divided into three groups: manual approa
hes,automati
 approa
hes and 
ombinations of these two. The manual approa
hmakes use of grammar [6℄, regular expressions [13℄ and predi
ate-argument mod-els [14℄. In the automati
 approa
h the ma
hine learning methods (de
ision trees[2℄) and statisti
al models (Hidden Markov Model [15℄) have been applied.The manual approa
h allows to a
hieve very good quality (in terms of pre
i-sion and re
all) in 
omparison to the automati
 approa
h. However, it has somedisadvantages, like high 
ost in terms of time and human work to 
reate theextra
tion patterns for a given type of annotation.2 Event Re
ognitionER is one of the Information Extra
tion tasks. It relies on dete
ting des
riptionsof events in text and extra
ting events attributes from text. An event is a fa
tthat o

urred in a time [1℄, for instan
e, the annual meeting of the sto
khold-ers announ
ement. Ea
h type of event is 
hara
terized by set of attributes. Forinstan
e, the annual meeting of the sto
kholders announ
ement 
ontains follow-ing information: the date, the hour and the pla
e of the meeting, the meetingagenda, the date, the hour and the pla
e of the trust deposit.275
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kiER is a spe
i�
 
ase of Named Entity Re
ognition [10, 5℄. The 
ore of NamedEntity Re
ognition is �nding des
riptions of entities of the de�ned types in text.The task of ER is �nding instan
es but also ER te
hniques take also the role ofthe instan
e into a

ount. For example, the annual meeting of sto
kholders 
anbe asso
iated with two instan
es of the date, time and pla
e but the instan
eshave di�erent roles. One refers to the meeting and the others refer to the trustdeposit.The goal of ER is to dete
t an event des
ription in a text do
ument andextra
t the values of the event attributes. Next, the found beginnings and endingsof des
ription are marked (annotated) with some tags.The goal of this work is to 
onstru
t a method of re
ognition of sele
tedevents in the domain of a
tivities of Polish sto
k issuers. The method should bepossible to be applied on the basis of a limited 
orpus annotated manually.2.1 Event Re
ognition as Classi�
ation TaskIn the naive approa
h ER 
an be treated as a single-
lassi�
ation task that itis performed by testing every subsequen
e of tokens, where a token is a basi
segment of text e.g. a word form, number, date or some symbol in a do
ument.However, in this approa
h some problems o

ur. The main problem is the numberof instan
es to be tested. This is 
aused by variable lengths of annotations thatare depending on the 
omplexity of event des
riptions. All di�erent subsequen
esshould be 
he
ked, i.e. the huge number of subsequen
es 
an be generated evenfor a senten
e 
onsisting of 20 tokens. The next problem is how to represent theproblem by the means of a 
onstant number of learning / testing features asmost of the 
lassi�
ation algorithms assume.Fortunately, ER 
an be also 
onsidered as a multi-
lassi�
ation task. Theidea is to de
ompose ER into several 
lassi�
ation tasks and then merge thepartial results into whole annotations. Bennett et al. [2℄ used two 
lassi�ers tore
ognize the beginnings and the endings of annotations. Pradhan et al. [11℄ usedIOB representation (abbreviation stands for Inside Outside Begin) and 
reatedthree 
lassi�ers that divide tokens into three 
lasses: tokens beginning someannotation, being part of some annotation or being outside of any annotation.Both approa
hes has the same problem that the non-boundaries tokens arestrongly prevalent. This means that for every single positive instan
e there arehundreds of even thousands negative instan
es.2.2 Instan
e FeaturesDes
riptions of events are natural language expressions. The beginning and end-ing of expression 
an be 
hara
terised by several linguisti
 features that are usedduring training and 
lassi�
ation. The groups of features presented below areput in order of in
reasing demands on the 
omplexity of pro
essing:� Rough 
hara
teristi
s of token 
hara
ters�type of 
hara
ters o

urring intoken stru
ture. There are 7 types of tokens distinguished a

ording to typesof 
hara
ters 
onstituting them. The types are presented in Table 1.
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ognition 277Table 1. Groups of tokens a

ording to the 
hara
teristi
s of 
hara
tersGroup Des
riptionLowerCase a sequen
e of lower 
ase lettersUpperCase a sequen
e of upper 
ase lettersInitCap a 
apitalized wordMixedCase a sequen
e of lower and upper 
ase lettersNumber a sequen
e of digitsSymbol a sequen
e of 
hara
ters other than letters and digitsMixed a sequen
e of letters, digits and/or symbols� Morpho-synta
ti
 des
ription of a word form (
alled also a morpho-synta
ti
tag)�we assume the IPI PAN Corpus (IPIC) format [12℄, a

ording to whi
ha des
ription 
onsists of: a grammati
al 
lass (more �ne grained division ofParts of Spee
h into 32 
lasses), and value of grammati
al 
ategories, e.g.number, 
ase, gender, person, degree and other. There are 12 grammati
al
ategories assign in di�erent subsets to di�erent grammati
al 
lasses, see [12℄.The morphologi
al base form whi
h is a part of an IPIC tag, is separatedhere be
ause of its importan
e in the algorithms proposed here.� Morphologi
al base form�represents a set of word forms di�ering in valuesof grammati
al 
ategories but des
ribed as one lexeme in a lexi
on. As as-signment of morpho-synta
ti
 tags to word forms is often ambiguous (manytags possible for a word form) for these two features the usage of taggerdisambiguating des
ription is ne
essary.� Shallow/deep synta
ti
 stru
ture�is ne
essary in the 
onstru
tion of thepredi
ate-argument model of a senten
e that is the basis for the assignmentof semanti
 roles to the senten
e elements in [14℄.� Semanti
 groups�de�ned on the basis of automati
ally extra
ted semanti
similarity (semanti
 relatedness), or de�ned manually in the form of sets ofsynonyms, e.g. [7℄, 
ould be used to divide word forms into semanti
 
lasses,that would simplify the 
lassi�er training and work. However, any su
h se-manti
 resour
e has not been 
onstru
ted for the domain of our interest,yet.3 Memory Based LearningMost of the Ma
hine Learning algorithms needs a large set of training examplesin order to a
hieve good results. In our domain of interest, the preparationof su
h set is very laborious as it means that hundreds of annotations must bemanually introdu
ed to text do
uments. Thus we assumed the general s
heme oftheMemory Based Learning as the basis for our solution. De
reased demands onthe preparation of training data makes the proposed solution 
loser to pra
ti
alappli
ations.



278 Mar
i«
zuk & Piase
kiIn our approa
h, two separate 
lassi�ers are built: one for annotation begin-nings, and the se
ond one for endings. The identi�ed beginnings and endings arenext 
ombined by a heuristi
 algorithm, see Se
. 3.2.Both 
lassi�er use three features types (token type, base form and grammat-i
al 
lass) of three tokens before a position being 
lassi�ed (an outer 
ontext)and two tokens after (an inner 
ontext).Base forms and grammati
al 
lasses are identi�ed by the previous appli
ationof the TaKIPI tagger [9℄. As two additional features, we introdu
ed the �rstpre
eding noun and preposition. A sample training instan
e of date annotationis shown in Table 2.Table 2. A sample training instan
e of date annotation starting boundaryfeature no. w dniu 19 
zerw
a 20061-5 type LowerCase LowerCase Number LowerCase Number6-10 base form w dzie« 19 
zerwie
 100611-15 grammati
al 
lass prep subst ign subst ign16 pre
eding noun base odby¢17 pre
eding preposition w
3.1 Original Approa
hMemory Based Learning [3℄ (also known as Instan
e Based Learning or LazyLearning [8℄) relies on storing the training instan
es as they are. No generaliza-tion or redu
tion is performed at the training step so no information is lost. Theproblem of generalization is postponed until new instan
es are 
lassi�ed.As all the features used in our experiments are symboli
, we have 
hosen theoverlap metri
 (Equation 1 and 2).

∆(X, Y ) =

n
∑

i=1

δ(xi, yi) (1)
δ(xi, yi) =

{

1 if xi = yi

0 otherwise
(2)Memory Base Learning applies the k-NN (k-Nearest Neighbours) method to
lassify new obje
ts during working phase. The method assign this 
lass to a newobje
t that is most 
ommon among a group of the k most similar stored, trainingexamples. A visualization of this method is presented on the Figure 1 on the leftside., where triangle represent our tested obje
t (i.e. a ve
tor of feature valuesdes
ribing a given position in text), the 
ir
les negative training examples andthe dis
s positive examples. The gray dis
 en
apsulate the k=5 neighbors, whi
hare nearest to the tested obje
t. In this 
ase the new obje
t will be 
lassi�ed asa positive one.
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ognition 2793.2 Modi�ed MBLBe
ause of the fa
t that negative instan
es (non-boundary tokens) are stronglyprevalent we introdu
ed a modi�
ation of the original Memory Based Learningmethods that 
an 
ope with this problem. In the modi�ed MBL only positiveexamples, whi
h represent starting or ending boundaries, are stored. The neg-ative examples (non-boundary tokens) are not taken into 
onsideration at all.However, in that way for almost any position in text we 
an expe
t to have somepositive neighbours in a distan
e greater than zero.Be
ause only examples of one 
lass are stored, the k-NN methods 
annot beused. Instead, we introdu
ed a threshold for the number of neigbours written asthe parameter k. The 
lassi�
ation pro
ess starts with measuring the distan
ebetween a new obje
t and all stored examples. Next, the number of exampleswhose similarity is greater or equal to the value threshold t is 
ounted�only theseare treated as neighbours in the next step. A new obje
t is 
lassi�ed as positiveonly if the number of found neighbours is greater or equal to the parameter k.A visualization of this method is presented in Figure 1 (right side).

Fig. 1. Visualisation of the k-NN method (on the left) and the k-threshold 
lassi�
ation(Modi�ed MBL)(on the right)After identi�
ation of possible beginnings and endings we have to identifypairs of them de�ning borders of subsequent annotations. The important domainfa
tor is that the annotations do not 
ross, i.e. the beginning of the next one
annot be lo
ated between the beginning and the end of the previous one. Thisfa
t helped in 
onstru
ting a heuristi
 pro
edure of �nding pairs.First, the highest values of similarity whi
h were found during 
lassi�
ationare stored for ea
h 
lassi�ed obje
t. Next sequen
es (possibly of the length one)of token 
lassi�ed as possible beginnings are identi�ed in text. Then, inside ea
hsequen
e the hill-
limbing algorithm is used to �nd the token with the highestsimilarity. For the sele
ted token, in the next step we are looking to the right for atoken that 
an be an ending boundary. When we sear
h for the ending boundarywe 
onsider only tokens that appear on the positions from the starting boundary
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kiposition + a minimum length of the annotation to the ending boundary position+ a maximum length of the annotation. The values of the minimum length ofthe annotation and the maximum length of the annotation are 
al
ulated duringthe learning pro
ess.4 Experiment4.1 Training SetFor the needs of experiments, a set of training examples was extra
ted from do
-uments 
on
erning sto
k ex
hange domain. Ea
h do
ument 
ontains a reportposted by a sto
k issuer. In Poland every unit that issues sto
ks is obligatedby law to present 
urrent and periodi
al information about the issuer a

ordingto a
t [4℄. The a
t de�nes 26 types of information that the issuer is obligatedto publish. During the several months of the year 2006 we 
olle
ted a set ofdo
uments in
luding more then 10000 do
uments. At the �rst step the do
u-ments were �ltered in order to separate those des
ribing the annual meetingof sto
kholders. 390 do
uments were found by simple keyword sear
hing. Thenea
h do
ument was manually annotated in terms of the date, the time and thepla
e of a meeting.Finally, the training set 
onsisted of 424 instan
es of the meeting date, 383instan
es of the meeting time and 385 instan
es of the meeting pla
e.4.2 Base LineBe
ause it was hard to �nd a exa
tly similar work (espe
ially for Polish), as abase line we 
hose the performan
e of the manually 
reated regular expressions.We wrote a set of rules to extra
t ea
h type of annotations (time, date and pla
e)from plain text. A sample regular expression for meeting pla
e:1 (w|we)\s*2 (?<annotation>3 (siedzibie\s*[sS℄polki\s*((,\s*)?w\s*)?)?\w*(,|\s*przy)\s*4 (?<street>ul\.\s*\w*\s*(nr\s*)?(?<number>\d*(/\d*)?))5 ) Table 3. Performan
e of the regular expressionsPre
ision Re
all F-measureMeeting time 93.75 97.91 95.78Meeting date 59.57 96.76 73.75Meeting pla
e 17.91 16.10 19.96
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onstru
tion of the regular expression took several working days. Theresults of the their appli
ation are presented in Table 3.In the 
ase of relatively simple patterns of time expression, the result is quitegood. The outstanding low results for the meeting pla
e annotation were 
ausedby the two fa
ts. First, for ea
h type of annotation a 2-hours time limit was seton the work spent on the manual 
onstru
tion of the expression. The meetingpla
e annotation is a 
ombination of smaller elements like a 
ity name, a postal
ode, a street name and number, a building name and others. The variety of theannotation elements (the order and the number) 
aused that it was di�
ult to
reate a good regular expression during the 2-hours limit time.In the base line we 
onsider only the performan
e for whole annotation re
og-nition, we did not 
onstru
ted and tested expressions for the identi�
ation ofbeginnings and endings, separately.Table 4. Number of positive and negative instan
es for the meeting date annotationPositives Negatives TotalBalan
ed 424 424 8481% 424 3015 343910% 424 30157 30581100% 424 301579 302003
4.3 MBL Approa
hApplying the original MBL, we have 
ondu
ted 3 experiments with di�erentnumber of negatives instan
es used in the training set. Ea
h 
ase was testes us-ing 10-fold Cross Validation and the minimum, average and maximum vales ofpre
ision, re
all and F-measure are presented. In the �rst run we used balan
ednumber of positives and negatives instan
es. For ea
h positive instan
e one ran-domly taken negative instan
e was used. In the following runs we used 1%, 10%and 100% of all negative instan
es.In the original MBL approa
h we 
onsider only the performan
e for startingand ending boundaries re
ognition, see Table 5 and Figure 2 (MBL pre
ision,re
all and F-measure), as the �rst results of the appli
ation of the heuristi
sear
h methods were not en
ouraging.4.4 Modi�ed MBLIn the modi�ed MBL approa
h we 
al
ulated the performan
e for both startingand ending boundaries, as well, as whole annotation re
ognition (Tables 6, 7, 8).
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kiTable 5. Original MBL with the k=3, all positive and 1% of all negative examplesBegin End AnnotationPre
ision Re
all F-measure Pre
ision Re
all F-measure Pre
ision Re
all F-measureMin. 10,42 96,08 18,87 9,79 96,43 17,83 18,75 39,22 25,68Avg. 14,78 98,84 25,61 13,37 99,31 23,52 22,24 46,30 29,92Max. 20,33 100,00 33,56 16,09 100,00 27,72 26,67 54,90 35,90
Table 6. Results for the meeting time using modi�ed MBL with the threshold=0.75Begin End AnnotationPre
ision Re
all F-measure Pre
ision Re
all F-measure Pre
ision Re
all F-measureMin. 84,444 90,244 90,476 81,395 87,500 84,337 97,143 85,000 90,667Avg. 92,789 97,041 94,802 85,499 91,575 88,402 99,714 89,378 94,240Max. 97,619 100,000 97,619 92,857 97,674 94,382 100,000 94,872 97,368
Table 7. Results for the meeting date using modi�ed MBL with the threshold=0.75Begin End AnnotationPre
ision Re
all F-measure Pre
ision Re
all F-measure Pre
ision Re
all F-measureMin. 86,667 83,673 85,417 81,356 91,667 86,275 92,593 80,392 88,636Avg. 92,167 88,269 90,116 88,085 95,106 91,408 98,332 85,184 91,230Max. 97,826 93,333 92,784 96,667 98,039 96,667 100,000 90,000 94,737
Table 8. Results for the meeting pla
e using modi�ed MBL with the threshold=0.75Begin End AnnotationPre
ision Re
all F-measure Pre
ision Re
all F-measure Pre
ision Re
all F-measureMin. 40,000 85,000 55,474 51,220 45,238 50,602 44,828 29,268 36,923Avg. 50,549 90,636 64,725 74,487 60,505 65,919 62,971 40,036 48,580Max. 57,813 97,561 70,476 96,296 78,571 78,873 81,481 53,659 64,706



Pattern Extra
tion for Event Re
ognition 283

Fig. 2. The impa
t of the negative instan
es5 Con
lusions and Future WorkEvent Re
ognition is a spe
i�
 
ase of Named Entity Re
ognition and relies onre
ognizing events and their attributes. Event Re
ognition 
an be treated as asingle 
lassi�
ation problem as well as multi-
lassi�
ation problem. In both 
asesthe negative instan
es (non-boundary tokens) are strongly prevalent. The exper-iment shown that the best results using Memory Based Learning were obtainedwhen all instan
es (positives and negatives) were used in the training pro
ess.Redu
tion of the negative instan
es 
aused the de
rease of the performan
e.We proposed a simple modi�
ation of the original Memory Based Learningmethods that uses only of the positive instan
es. The obtained results for themodi�ed method are 
omparable to the original MBL results but only when inMBL all examples are used (Figure 2). However, when we de
rease the number ofnegative examples, the MBL methods stops working in the 
ase of this parti
ulartasks and the domain. Contrary to this, the Modi�ed MBL method produ
esgood results for the number of training data was redu
ed about 1000 times. Itmeans that time of pro
essing is redu
ed enormously: the modi�ed MBL workson �y, while the appli
ation of MBL for the whole training 
orpus takes days.The experiments showed that for this parti
ular task, a simple memory basedlearning 
an be a solution 
ompetitive to manually 
onstru
ted rules, as a limited
orpus is required whi
h 
an be annotated in short time, the annotation ofdo
uments is mu
h easier than the 
onstru
tion of rules, and the method workse�
iently.As we have only the TaKIPI tagger in our disposal, we wanted to stay with assimple features as possible. However, the natural dire
tion of the further resear
his enri
hment of the des
ription of text stru
ture, and adding semanti
 properties



284 Mar
i«
zuk & Piase
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tions, e.g.applying some domain heuristi
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