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Our Information Extraction System

Introduction to Presented Work

@ Extraction of semantic information from texts.
@ In Czech language.
e Coming from web pages.
@ Using of Semantic Web ontologies.
o RDF, OWL
@ Exploiting of linguistic tools.
e Mainly from the Prague Dependency Treebank project.
o Experiments with the Czech WordNet.
@ Rule based extraction method.

o Extraction rules = tree queries
@ ILP learning of extraction rules
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Our Information Extraction System

Schema of the extraction process

WEB

1) Extraction of text

TEXT

2) Linguistic annotation

Linguistic
trees

w

) Data extraction

Raw data

4) Semantic representation

Ontology

@ Extraction of text

e Using RSS feed to download pages.
e Regular expression to extract text.

@ Linguistic annotation
e Using chain of 6 linguistic tools
(see on next slides).
© Data extraction
o Exploitation of linguistic trees.
e Using extraction rules.
© Semantic representation of data

e Ontology needed.
e Semantic interpretation of rules.
e Far from finished in current state.
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Linguistics we have used.

Layers of linguistic annotation in PDT

t-layer

a—layer

m-layer

w-layer

(@) jit
/ PRED
#PersPron les
fOACTQ OPDIR3
AuxS J;"‘
Sel
CS CS Pred 6 AuxK
Byl by
AuxV AuxV AuxP
lesa
Adv
o O O
Byl by Sel do lesa
byt byt jit do', les
VGeeeest e VPYS—XR- RR-2———— NN ot
[ T
O O O g o
Byl by Sel dolesa .

@ Tectogrammatical layer
@ Analytical layer
@ Morphological layer

Sentence:

Byl by Sel dolesa.
He-was would went toforest.
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Linguistics we have used.

Tools for machine linguistic annotation

Available on the PDT 2.0 CD-ROM

@ Segmentation and tokenization

© Morphological analysis

© Morphological tagging

Q Collins’ parser — Czech adaptation
© Analytical function assignment

Q@ Tectogrammatical analysis
— Developed by Vaclav Klimes
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Linguistics we have used.

Example of tectogrammatical tree

[0}

T-Jihdmcravsky49640.lx|-001 -pls4

root

zemfit
PRED
Q
Trabant #Dash

#PersPron
ACT

LOC.basic APPS
n.pron.def.pers n.denot coap
4 5 Q
zdemolovany  misto muz a
RSTR

LOC.basic ACT CONJ

adj.denot n.denot n.denot/ coap

dva senior  muz
RSTR DENOM |[DENOM
adj.quant.def/ n.denot [n.denot,

82lety dalsi zjistovat
RSTR RSTR RSTR
adj.denot adj.denot v \]

policista
A

totoZnost
ACT CT
n.denot.neg n.denot

ktery
APP
n.pron.indef

@ Lemmas
@ Functors
@ Semantic parts of speech

Sentence:

Ve zdemolovaném trabantu na
misté zemreli dva muzi — 82lety
senior a dalSi muz, jehoz totoznost
Zjistuji policisté.

Two men died on the spot in
demolished trabant — . ..



main of fire-department articles

Example of the web-page with a report of a fire department

Ministerstvo vnitra

>home “snavigace =vyhledayan| “>zmena vzhiedu

Zubatého 1 B lefon 950 630 111 Hesie
B et 00 B0, elefon 950 630 © Generélni feditelsvi
< © hl.m. Praha
Zpravodajstvi v roce 2006 © Jihotesky krajr
© Jihomoravsky kraj
© Karlovarskj kraj 2
© Kralovéhradecky kraj
15.05.2007 © Liberecky kraj 2
© Moravskoslezsky kraj
V trabantu zemfeli dva lidé ¥ Olomoucky kraj
) " o © Pardubicky kraj
K tragické nehodé dnes odpoledne hasiéi vyjizdéli na silnici z obce © Plzensky kraj
Ceska do Kufimi na Brnénsku. U Stfedocesky kraj
© Ustecky kraj
Fe s s sEssEsE s s s EEEEmmmm—=—— | kg Vysodina
Nehoda byla operaénimu stfedisku HZS ohlagena ve 13.13 hodin a © Zlinsky kraj»

ha mists zasahovala jednotka profesionalnich hasi¢i ze stanice v/
Hisnové. Jednalo se o &elni srazku autobusu Karosa s vozidlem Trabantl
1601. Podle dostupnych informaci trabant jedouci ve z Brna do Kufimil
ejmé vyjel do protisméru, kde narazil do linkového autobusu dopravnil
pspolecnosti ze Zdaru nad Sazavou. Ve zdemolovaném trabantu nag | V této rubrice Zpravodajstvi
Jmisté zemfeli dva muzi — 82lety senior a dal$i muz, jehoZ totoznosty | © Aktualizace stranek

ituji policisté. © Archiv zpravodajstvi
e e mmme e e e e m e ==l | ¢ Bloskoré zpravodajstvi
RSS
r Boj proti korupci

e EEEEE s - n
1 Hasici udélall na vozidie protipozami opatieni a po_vySatieni 4

dokumentovani nehody dopravni policii vrak trabantu zaklesnuty pod¥ Digitaini televize

Hasigi
Bautobusem pomoci lana odirhli. Po odstranéni stfechy trabantu pak 2 Hiavni zpravy
kabiny vyprostili téla obou muzi. Obé vozidla — trabant i autobus, pakl Ministerstvo

Bpostupné odstranili na kraj vozovky a uvolnili tak jeden jizdni pruh. Uniki 0d dopisovatell
wprovoznich kapalin nebyl zjistén. Po 16. hodiné pomohii vrak trabantuy |, (neofcidn
ynalozit k odtahu a asistovali pfi odtazeni autobusu. Po Uklidu vozovkyg © Rogion

fupis o ehody preds & Senis nejen pro novinde

Schengenska spoluprace
WebEditorial

m serveru v jinych

 Aktuality Narodniho
archivu
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Domain of fire-department articles

Domain of our experiments

@ Fire-department articles

@ Published by The Ministry of Interior of the Czech
Republic’

@ Processed more than 800 articles
from different regions of Czech Republic

@ 1.2 MB of textual data

@ Linguistic tools produced 10 MB of annotations,
run time 3.5 hours

@ Extracting information about injured and killed people

@ 470 matches of the extraction rule,
200 numeric values of quantity (described later)

"Mttp://www.mver.cz/rss/regionhzs.html


http://www.mvcr.cz/rss/regionhzs.html
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Domain of fire-department articles

Example of processed text

m 3 amateur units W
Pozar byl oper. ohlagen dnes ve 2.13

hodin, na

ZIleC icich a dahraualni b 'leidIochovicl, Zabgid a
Prisnotid, Oher, roinstalaci u chladiciho
boxu, hasi¢i dost2p06d kontrolu ve 2.32 hodin a uhasili
Iminuty po tfeti hoding. Priginou vzniku poZaru byla technicka
zavada, Skodu vySetrovatel predbézné vycislil na Iasm tisia
korun| | damage 8 000 CZK

id_47443

@ Information to be extracted is decorated.
@ See the last sentence on the next slide.




Introduction
[efe]e] )

Domain of fire-department articles

Example of a linguistic tree

id_47443_pls2

)|

CzK
EFF PAT ACT
#PersPron Skoda vySetfovatel predbézny
n.pron.def.per n.denot n.denot adj.denot n.quant.yef

damage

RSTR MAT
eight osm koruna
adj.quant.def n.denot

..., 8kodu vySetfovatel pfedbé&zné vycislil na osm tisic korun.

..., investigating officer preliminarily reckoned the damage to be
8 000 CZK.

investigating officer

@ Our IE method uses tree queries (tree patterns)



Our Information Extraction Method

9 Our Information Extraction Method
@ Manually created rules
@ Learning of rules
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T-jihdmoravsky49640.txt-001 -p1sd
root T

zemfit
PRED*
o]
#PersPron Trabant #Dash
ACT LOC basic APPS
n.pron.def.pers n.denot coap
Q
zdemolovany  misto muz a
RSTR LOC.basic ACT CONJ
adj.denot n.dec?ot n.dem;t coap\\
dva senior muz
RSTR DENOM |DENOM
adj.quant.deff n.denot |n.denot
o
82lety dalsi Zjistovat

RSTR RSTR RSTR

adj.denot adj.d?ot v \j

totoznost policista
ACT ACT
n.denot.neg n.denot

... two ... Kery

APP
n.pron.indef

@ How to extract
the information
about two dead
people?
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Manually created rules

Extraction rules — Netgraph queries

_name = action_type
gram/sempos = v
t_lemma = zranit | usmrtit | zemfit | zahynout | pfezit

_name = participant

_name = a-negation functor = ACT | PAT
mitag = 22?22?2222 = kdo | €lovék | osoba | muZ |
&idic | fidicka | spolujezdec |
jezdkyné

_name=injury_manner,
functor=MANN,

. = tit)
_optional=true _hams = quantily

functor = RSTR,
gram/sempos = niquant.” | adj.quant.*
_optio

@ Tree patterns on shape and nodes (on node attributes).
@ Evaluation gives actual matches of particular nodes.
@ Names of nodes allow use of references.
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Manually created rules

Raw data extraction output

<QueryMatches>
<Match root_id="T-vysocina63466.txt-001-pls4" match_string="2:0,7:3,8:4,11:2">
<Sentence>
P£i pozaru byla jedna osoba lehce zranéna - jednalo se
o majitele domu, ktery si vykloubil rameno.
</Sentence>
<Data>
<Value variable name="action_type" attribute name="t_lemma">zranit</Value>
<Value variable name="injury manner" attribute name="t_lemma">lehky</Value>
<Value variable name="participant" attribute name="t_lemma">osoba</Value>
<Value variable name="quantity" attribute name="t_lemma">jeden</Value>
</Data>
</Match>
<Match root_id="T-jihomoravsky49640.txt-001-pls4" match_string="1:0,13:3,14:4">
<Sentence>
Ve zdemolovaném trabantu na misté zemfeli dva muzi - 82lety senior
a dalsi muz, jehoZ totoznost zjistuji policisté.
</Sentence>
<Data>
<Value variable name:
<Value variable_names:
<Value variable_name:
</Data>
</Match>
<Match root_id="T-jihomoravsky49736.txt-001-p4s3" match_string="1:0,3:3,7:1">
<Sentence>Ctyfiatficetilety #idi& nebyl zranén.</Sentence>
<Data>
<Value variable name="action_type" attribute name="t_lemma">zranit</Value>

action_type" attribute name="t_ lemma">zemfit</Value>
participant" attribute name="t_lemma'">muz</Value>
quantity" attribute_name="t_lemma">dva</Value>

<Value variable name="a-negation" attribute name="m/tag">VpY¥S---XR A---
</Value>
<Value variable name="participant" attribute_name="t_lemma">¥idi&</Value>
</Data>
</Match>
</QueryMatches>

SELECT action_type.t_lemma, a-negation.mtag, injury_manner.t_lemma,
participant.t lemma., quantity.t lemma FROM ***extraction rule***
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Manually created rules

Semantic interpretation of extraction rules

_name = action_type
ram/sempos = v

t_lemma = zranit | usmrtit | zemfit | zahynout | pFeZit Incident
actionManner ‘ String*
_name = participant negation ‘ Boolean
_name = a-negation functor = ACT | PAT
mitag = ?2727272772) = kdo | &lovdk | osoba | muZ | actionType \ String
oglt(i’;al ic | rggkﬂ | spolujezdec | hasParticipant ‘ Instance* | Participant

_name=injury_manner,

t_lemma

hasParticipant*

functor=MANN, -
Or= /AN _nam@ = quantlty
_optional=true Tunctor = RSTR,
gram/sempos =

uant.* | adj.quant.*
t

Participant

participantType ‘ String

| = true T lemma
+ numeral translation

participantQuantity ‘ Integer

@ Determines how particular values of attributes are used.

@ Gives semantics to extraction rule.
@ Gives semantics to extracted data.
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Manually created rules

Semantic data output

incident_49640 incident_49736
negation = | false negation = | true
actionType = | death actionType = | injury
hasParticipant = | participant_49640_1 hasParticipant = | participant_49736_1

hasParticipant hasParticipant

participant_49640_1 —
| participant_49736_1

participantType = man

participantType = | driver

participantQuantity = | ~@nonNegativelnteger 2

@ Two instances of two ontology classes.
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Manually created rules

The experimental ontology

@ Two classes
@ Incident and Participant

Incident
actonManner | String’ @ One object property relation
negation | Boolean e hasParticipant
actionType | String @ Five _datatype property
hasParticipant | Instance* | Participant relations
e actionManner
hasParticipant* (light or heavy injury)
@ negation
Participant e actionType
participantType | String (injury or death)
participantQuantity | Integer e participantType

(man, woman, driver, etc.)
participantQuantity
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Manually created rules

Design of extraction rules — iterative process

I....

Frequency Analysis

More accurate

matches
Key-words
Query Tree
Query
| Q/I\\
i Investigation More complex
Matching trees of neighbors queries

@ Frequency analysis — representative key-words.
© Investigating of matching trees — tuning of tree query.
© Complexity of the query = complexity of extracted data.
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@ Learning of rules

e Fuzzy ILP

0 Conclusion
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Learning of rules

Integration of ILP in our extraction process

@ |::> |::> LP |::> Extraction
v background rocess
knowledge p

Texts Linguistic

trees a
Vi Extraction @
5 a rules

Learning ™" |::> IeE:Ir_r':i’n
examples 9
+ Semantics

Human
annotator

@ Transformation of trees to logic representation.
@ Today: just first promising experiments.
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Learning of rules

Logic representation of linguistic trees

tree_root(node0_0). node(node0_0)

id(node0_0, t_jihomoravsky49640_t
node0_1

node(node0_1).

functor(node0_1, pred).

gram_sempos(node0_1, v).

t_lenma(node0_1, zemrit).
node0_2

node(node0_2) .

functor(node0_2, act).

gram_sempos(node0_2, n_pron_def_pers).

t_lemna(node0_2, Xx_perspron).

001_pls4).

15052007

K ragické nohodd dnos odpoledne hasi vydalna iniiz obeo
Coskd do Kufimi na Brménsta © i node0_
nnm=a Mw‘ node(node0_3).” id(node0_3,
= functor(node0_3, loc).
ey © grn\wv sempos(node0_3, n_denot).

emma(node0_3, trabant).

T-ihomoravsky49640.1x-001-p1sd
oot

edge(node0_0, node0_1). edge(node0_1, node0_2).
edge(node0_1, node0_3). edge(node0_3, node0_4).
edge(node0_4, node0_5). edge(node0_3, node0_6).
edge(node0_3, node0_7). edge(node0_3, node0_8).

i =\ _| Logic representation l'

zdemolovany
RSTR

wsq&—n
;:ﬁ = :
[Source web page ?Té‘,’szv fm

sdety  dasl  /zjistovat
RSTR  RSTR / RSTR
adidenot addenot v

adj denot

denotneg .danot

[ammusl polcsta

. two

! Linguistic trees
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Learning of rules

First promising results :-)

:— t_lemma(A,1) .

:— t_lemma (A, 2) .

:— t_lemma (A, 23) .

:— edge (A,B), m_form(B, jeden) .

contains_num_injured
contains_num_injured
contains_num_injured
contains_num_injured

(A)

(A)

(A)

()
contains_num_injured(A) :- edge(A,B), m_tag(B,cn_sl Do
contains_num_injured (A) - edge (B,A), functor(B,conj).
contains_num_injured (A) - edge (B,A), t_lemma(B,dite).
contains_num_injured(A) :- edge(B,A), t_lemma (B,muz).
contains_num_injured(A) :- edge(B,A), edge(B,C), m_tagl4(C,1).
contains_num_injured(A) :- edge(B,A), edge(B,C), t_lemma(C,tezky).
contains_num_injured (A) - edge (B,A), edge(B,C), t_lemma(C,nasledek) .
contains_num_injured(A) :- edge(A,B), edge(C,A), m_tag4(B,1), functor(C,pat).
contains_num_injured (A) - edge (A,B), edge(C,A), functor(C,act), a_afun(B,sb).
contains_num_injured (A) - edge (B,A), edge(C,B), edge(C,D), t_lemma(D,vloni).
contains_num_injured (A) - edge (B,A), edge(C,B), t_lemma(B,osoba), t_lemma(C,zranit).
contains_num_injured(A) :- edge(B,A), edge(C,B), t_lemma(B,osoba), t_lemma(C,zemrit).
contains_num_injured(A) :- edge(B,A), edge(C,B), functor(B,act), edge(C,D),

a_afun (D, obj) .
contains_num_injured(A) :- edge(B,A), edge(C,B), t_lemma (B,osoba), edge(C,D), edge(D,E),
functor (D, twhen) .

contains_num_injured(A) :- edge(B,A), t_lemma(A,tri), edge(B,C), edge(D,B), edge(E,D),

m_tag2(C,m) .
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Introd. example, theory, architecture and an experiment

ILP Example

Types of ground variables

animal (dog) . animal (dolphin) ... animal (penguin) .
class (mammal) . class(fish). class(reptile). class(bird).
covering (hair). covering(none). covering(scales).

habitat (land). habitat (water). habitat (air)

| \

Background knowledge

has_covering(dog, hair). has_covering(crocodile, scales).

has_legs(dog,4). ... has_legs(penguin, 2). etc.
has_milk (dog). ... has_milk(platypus). etc.
homeothermic (dog) . ... homeothermic (penguin) . etc.
habitat (dog, land). ... habitat (penguin, water). etc.
has_eggs (platypus). ... has_eggs(eagle). etc.

has_gills(trout). ... has_gills(eel). etc.




Introd. example, theory, architecture and an experiment

ILP Example

Positive examples

class(lizard, reptile).
class (trout, fish).
class (bat, mammal) .

Fuzzy ILP
0®00000

Negative examples

class (trout, mammal) .
class (herring, mammal) .
class (platypus, reptile).

Induced rules

class (A, reptile) :- has_covering (A, scales),
has_legs (A, 4) .

class (A, mammal) :— homeothermic (A), has_milk (A) .

class (A, fish) :- has_legs(A,0), has_eggs (7).

class (A, reptile) :- has_covering (A, scales),
habitat (A, land) .

class (A,bird) :- has_covering (A, feathers) .
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Introd. example, theory, architecture and an experiment

Classical ILP and Fuzzy ILP principles

Learning examples E = P U N (Positive and Negative)
Background knowledge B
ILP task — to find hypothesis H such that:

(vee P)(BUHEe) & (Yne N)(BUH |~ n).

@ Fuzzy learning examples £ : E — [0, 1]
@ Fuzzy background knowledge B : B — [0, 1]
@ Fuzzy ILP task —to find hyp. H : H — [0, 1] such that:
(Ver, &2 € E)(YM)(M = BUH) : £(e1) > E(€2) = [le1] > ll€2]
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Introd. example, theory, architecture and an experiment

Generalized Annotated Programs

@ Fuzzy ILP is equivalent to Induction of Generalized
Annotated Programs?

@ For implementation we use GAP or strictly speaking:
Definite Logic Programs with monotonicity axioms (also
equivalent)

@ Basic paradigm: deal with values as with degrees.

e We don’t have to normalize values, they order is enough.

@ For example with monotonicity axioms we can use rule:
serious (A, 4) « fatalities(a, 10).
and from the fact fatalities (id_123, 1000) deduce
serious_alt (id_123, 4).

2See in S. Krajci, R. Lencses and P. Vojtas: “A comparison of fuzzy and
annotated logic programming”, Fuzzy Sets and Systems, vol.144,
pp.173-192, 2004.
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Introd. example, theory, architecture and an experiment

Schema of the whole system

© Web Crawling
© Information Extraction and
User Evaluation
© Logic representation
e Construction of background

knowledge
e Construction of learning
: examples
Ranking .
(Learning Examples) Q ILP Learning
- .
H e e Crisp
Classical p* Fuzzy ) Fuzzy
ILP ILP
L 44 W

Gk e, © Comparison of results
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Introd. example, theory, architecture and an experiment

Accident attributes

distinct| missing

i values | values i .
a'ttnbute name monotonic o Information that
size (of file) 49 0 yes
type (of accident) |3 0 no could be extracted.
damage 18 30 yes @ Missing values.
dur_minutes 30 17 yes o Al t all attribut
fatalities 4 0 yes most a a riutes
injuries 5 0 yes are numeric.
cars 5 0 yes @ So monotonic
amateur_units 7 1 yes @ This will be used
profesional_units 6 1 yes for “fuzzyfication”
pipes 7 8 yes e
lather 3 > yes @ Artificial target
aqualung 3 3 yes attribute seriousness
fan 3 2 yes ranking.
ranking 14 0 yes
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Introd. example, theory, architecture and an experiment

Histogram of the seriousness ranking attribute

O P N W M OO O N 0 ©
T R N I

| =IN|NISTSIRISINIRN

T
05 1 15 2 25 3 4 45 5 65 7 75

NI y) 34 488 588 T T8 g
0 1 2 3
@ 14 different values, range 0.5 -8

@ Divided into four approximately equipotent groups.
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Fuzzy ILP Implementation

0 Introduction

e Our Information Extraction Method

e Fuzzy ILP

@ Fuzzy ILP Implementation

0 Conclusion
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Fuzzy ILP Implementation

Essential difference between learning examples

Crisp learning examples For one evidence
(occurrence):
| serious_2(id_47443) . %positive |
ser!ous_O(!d_47443). %negative Y Crisp:
serious_1(id_47443) . %negative .
serious_3(id_47443). Y%negative Always one positive

and three negative
learning examples

Monotonized learning examples

@ Monotonized:

serious_atl_0(id_47443). %positive
serious_atl_1(id_47443). Y%positive Up to the observed
serious_atl_2(id_47443). Y%positive degree positive,

serious_atl_3(id_47443). %negative the rest negative-
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Fuzzy ILP Implementation

Monotonization of attributes

damage — damage_atl

damage_atl (ID,N) :- %unknown values
damage(1D,N), not(integer(N)).
damage_atl (ID,N) :- %numeric values

damage(ID,N2), integer(N2),
damage(N), integer(N), N2>=N.

@ We infer all lower values as sufficient.
@ Treatment of unknown values.
@ Negation as failure.



serious_0(A
serious_O(A]
serious_O(A
serious_1(A

-dur_minutes(A,8).

-type(A fire),pipes(A,0).
-fatalities(A,0),pipes(A,1),lather(A,0).
-amateur_units(A,1).
serious_1(A):-amateur_units(A,0),pipes(A,2),aqualung(A,1).
serious_1(A):-damage(A,300000).
serious_1(A):-damage(A,unknown),type(A fire),prof_units(A,1).
serious_1(A):-dur_minutes(A,unknown), fatalities(A,0), cars(A,1).
serious_2(A):-lather(A,unknown).

serious_2(A):-lather(A,0), aqualung(A,1), fan(A,0).
serious_2(A):-amateur_units(A,2),prof_units(A,2).
serious_2(A):-dur_minutes(A,unknown),injuries(A,2).
serious_3(A):-fatalities(A,1).

serious_3(A):-fatalities(A,2).

serious_3(A):-injuries(A,2), cars(A,2).
serious_3(A):-pipes(A,4).

serious_atl_O(A).

serious_atl_1(A):-injuries_atl(A,1).

serious_atl_1(A):-lather_atl(A,1).

serious_atl_1(A):-pipes_atl(A,3).
serious_atl_1(A):-dur_minutes_atl(A,unknown).
serious_atl_1(A):-size_atl(A,764),pipes_atl(A,1).
serious_atl_1(A):-damage_atl(A,8000),amateur_units_atl(A,3).
serious_atl_1(A):-type(A,car_accident).
serious_atl_1(A):-pipes_atl(A,unknown), randomized_order_atl(A,35).
serious_atl_2(A):-pipes_atl(A,3), aqualung_atl(A,1).

serious_atl_2(A):-type(A,car_accident), cars_atl(A,2),prof_units_atl(A,2).

serious_atl_2(A):-injuries_atl(A,1),prof_units_atl(A,3),fan_atl(A,0).
serious_atl_2(A):-type(A,other), aqualung_atl(A,1).
serious_atl_2(A):-dur_minutes_atl(A,59), pipes_atl(A,3).
serious_atl_2(A):-injuries_atl(A,2),cars_atl(A,2).
serious_atl_2(A):-fatalities_atl(A,1).
serious_atl_3(A):-fatalities_atl(A,1).

serious_atl 3(A):-dur_minutes_atl(A,unknown),pipes_atl(A,3).

@ Crisp
hypothesis

@ Monotonized
hypothesis
e Monotonicity
axioms
@ Monotonized
learning
examples



Fuzzy ILP

Evaluation and Conclusion

Evaluation and Comparison of Results

| Raw ILP Monot. ILP

Monot. test set TP: 42 57

positive: 64 FP: 7 6
negative: 36 Precision: 0,857 0,905
sum: 100 Recall: 0,656 0,891
F-measure: 0,743 0,898

Crisp test set TP: 15

positive: 25 FP: 10
negative: 75 Precision: 0,600
sum: 100 Recall: 0,600
F-measure: 0,600

@ Rules evaluated on both testing sets.
o By use of conversion predicates (next slide)

@ Monotonized rules better in both cases.
@ Even better than other classifiers (Znalosti 2010).
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Conversion of Results

crisp — monotone

serious_2(ID) :- serious_atl_2(ID),
not(serious_atl_3(ID)).

monotone — crisp

serious_atl_0(ID)
serious_atl_1(ID)
serious_atl_2(ID)

- serious_2(ID).
- serious_2(ID).
- serious_2(ID).




Conclusion

Summary

@ Proposed a system for extraction of semantic information
@ Based on linguistic tools for automatic text annotation

@ Extraction rules adopted from Netgraph application.

@ |LP used for learning rules.

@ Our future research will concentrate on:

e Learning of extraction rules.

o Extension of the method with WordNet technology.
o Adaptation of this method on other languages.

e Evaluation of the method.
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