
A Prolog based Information Extra
tion SystemDr. Martin EmmsDept of Computer S
ien
e, Trinity College,Dublin, IrelandMartin.Emms�t
d.ieAbstra
t. This paper des
ribes a Prolog-based information extra
tionsystem, whi
h 
an be used to populate a database with relevant bio-geneti
 fa
ts extra
ted from journal arti
les. The 
entral 
omponent isa 
hartparser written in Prolog, providing linguisti
 annotation of text.Templates for biologi
al relations refer to the annotation elements andremain thereby 
on
ise. We argue that the Prolog base allows the am-bition of the linguisti
 analyses to be easily raised and lowered, some-thing useful for information extra
tion experimentation. Prolog also en-ables highly expressive template mat
hing to be easily supported. SomeProlog-spe
i�
 eÆ
ien
y enhan
ing measures will also be des
ribed. Thisin
ludes tail-re
ursive pro
essing of a spe
ialised trie data stru
ture, andthe use of a module implementing 'virtual' automata in Prolog in a pre-parsing segmentation pro
ess.1 Introdu
tionInformation Extra
tion (IE) is the name whi
h has been given to the pro
essof distilling natural language texts (newswire, journal abstra
ts) into databaseentries. An example is the extra
tion from biogeneti
 arti
les of the relationsbetween genes reported therein, for example turning:all three 
oa
tivators ARA70 , steroid re
eptor 
oa
tivator 1 , andRAC3/ACTR 
an enhan
e androgen re
eptor ( AR ) trans
riptionala
tivity at 1 nM dihydrotestosteroneintoregulates([ARA70℄,[AR,trans
riptional,a
tivity℄)regulates([steroid,re
eptor,
oa
tivator,1℄, [AR,trans
riptional,a
tivity℄)regulates([RAC3/ACTR℄,[AR,trans
riptional,a
tivity℄)The extra
ted information 
an be useful in a number of ways: as the datafed to data-mining te
hniques ([1℄ [2℄), as an aid to literature navigation, oras a 
ontent representation for anaphora resolution. This paper des
ribes su
ha system, implemented mainly in Prolog. The system is outlined in se
tion 2,highlighting parts where the use of Prolog has been advantageous. Further detailsof the design are given in se
tion 3 and se
tion 4. Performan
e is summarised inse
tion 5.



2 System OutlineThe system 
omprises a part-of-spee
h (POS) tagger, a parser, and databaseentry 
reator, a
ting in a pipeline. These 
omponents are outlined in this se
tion.TAGGING: an initial LEX tagging is made by lexi
al lookup in a 
omprehen-sive morphologi
al di
tionary. This assigns ea
h word a set of tripartite lemmas,
onsisting of base form, POS-tags (from a 12-strong set), and morphosynta
-ti
 features ((see (i)). To disambiguate this LEX tagging an order-2 HiddenMarkov Model[3℄ �rst generates a ST AT tagging (see 1(ii)): a best POS se-quen
e, whose POS-tags 
ome from the 80-strong BNC tagset [9℄. This is thenmapped to a underspe
i�ed LEX tagging (see 1(iii)), and essentially uni�ed withthe initial LEX tagging (see 1(iv)). This 'map and unify' approa
h allows thestatisti
al disambiguation to be 
hanged as a module and is ideally suited toProlog implementation.was bound(i) V(be):P1sg:P3sg V(bind):PARTV(bound):PRESnot3sgN(bound):sg(ii) VBD VVN(iii) V(X):P1-3sg:P1-3pl V(Y):PART(iv) V(be):P1sg:P3sg V(bind):PART
(1)

PARSING: The output of the tagger goes to a general purpose, bottom-up 
hart-parser. It is driven by both 
onventional grammar rules (eg.np ) det; n) and
ategorial-grammar ([4℄ [5℄ [1℄) type entries (eg. wants : vp[fin℄=vp[to℄), whereindividual words indi
ate the sub
ategorisation requirements. Logi
ally 
omplex
ategories are 
atered for (
onjun
tion, disjun
tion,kleene-star) as well as fea-tures, sometimes variable. Variable feature are given a universally quanti�edsemanti
s by a 
ombination of variable refreshing and uni�
ation 1.Rather than implement 
hart update using non-logi
al assert/retra
t fea-tures, the 
entral predi
ate of the parser uses the te
hnique of tail-re
ursion andan a

umulator argument position to represent the 
hart.A purpose-built data stru
ture for edges is used, rather than relying on built-in fa
t indexing. The 
hart edges are stored in a kind of trie stru
ture. An edgeis an n-tuple, and so a set of these 
an be likened to a �nite language. An a
y
li
�nite state automaton 
an therefore 
ompa
tly de�ne this set, with ar
s labelledwith the elements of the n-tuples. In order to fa
ilitate fast retrieval by bothstart and end points, edges are thought of as 6-tuples (Cat, Dir, Crd1, Crd2,Feats, Rest). Dir is s or f a

ording to whether Crd1 is thought of as a start or1 thus if swam is universally quanti�ed in its number feature, it may 
ontribute in asingle 
hart both to an edge spanning fish swam, with a plural subje
t noun-phrase,and to an edge spanning my pet fish swam, with a singular subje
t noun-phrase



end point. In (2) a 
hart with 3 x edges is shown, ea
h with di�erent features.To the right is the 
orresponding trie stru
ture. We have used dashed lines anditali
 ar
 labels for the transitions in the f bran
h of the trie.
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y (2)Noti
e that 2 paths with mirror image positional ar
 pairs always 
onverge,so they share all other 
hara
teristi
s. Ea
h trie bran
h has 5 ar
s, and thetime to sear
h in this trie with a length 5 key depends on the bran
hing fa
tor,whi
h grows linearly with the number of words. Also the sets fF j (
; x; F ) 2 Cg(end-points given 
ategory and start) and fS j (
; S; y) 2 Cg (start-points given
ategory and �nish) 
an be obtained in linear time, in ea
h 
ase by sear
hingwith the appropriate 3 part key (either (
; x; s) or (
; y; f)).Being able to sear
h e�e
tively with just start or end point is importantbe
ause of the way the parser operates. Rather than pursuing a stri
t left toright strategy through the parti
ipants of a rule or sub
ategorisation, the parserwidens a partial mat
h to the left and right. Sear
h to the left pla
es requiresfast retrieval on end points, while sear
h to the right requires fast retrieval onstart point. Parti
ularly when rules and lexi
al entries mention more than 2parti
ipants, this 
on
entri
 widening strategy allows for early re
ognition ofblind alleys.We have 
ompared this trie storage of edges with storage as a dynami
database, 
reated with assert and deleted with retra
t. As an example, ina situation where 200 edges share the same end point, a sear
h for an edge witha given end point 
an be solved by the trie system was 56% faster than thedynami
 database system2.Beside the opportunity to 
ustomize the storage to suit the parser, thereare other advantages to representing the 
hart as parameter-passed term, ratherthan using assert/retra
t. The �nal 
hart 
an be easily stored if the resultsof parsing are to be 
anned for later use. The implementation of island-parsing,des
ribed in se
tion 4, is also fa
ilitated. Finally, in debugging, it is desirablenot to have to manage side-e�e
ts when exe
ution takes an unintended path.EXTRACTION: The output of parsing, a 
hart of linguisti
 information, is givento the �nal phase of IE. Here the 
hart is 
ompared with templates. In the 
ase of2 This has to do with the fa
t the Prolog indexes on predi
ate name and fun
tor of�rst argument; the edge fa
ts have 
ategory as �rst argument.



datamining from biogeneti
 sour
e material, these are simple (ie. non-re
ursive)rules whi
h spell out biologi
ally relevant regions in terms of the 
ategories whi
hare in the 
hart. For example, thisreg_fun
_of(regulates(A,B)) +++> np(A), vg(V), np(B),{member(V,[enhan
e,stimulate,inhibit, blo
k,indu
e,ina
tivate℄}.will mat
h3nele1alphathe ligand o8<:enhan
ehas enhan
edhas been shownto enhan
e 9=;nele1betathe gene iso31oMat
hing is by a top-down, left-to-right parsing algorithm. Though top-down,left-to-right parsing 
an be 
omputationally very expensive, here it is very fastas only the left-hand side template 
ategories are really 'parsed': the building-blo
k 
ategories, those on the righthand side of a rule, are simply present in the
hart.Prolog is very suited to support the template mat
hing pro
ess, allowing anexpressive template syntax to be easily supported. Further details of this aregiven in the next se
tion, but an obvious example is the ease with whi
h one 
anmat
h on any 
ombination of the dimensions asso
iated with words, su
h as thein
e
ted form, base form, 
ategory, and features.3 Re
ursive Stru
turesExtra
tion of noun-phrases is widely noted (eg. Bennet et al[6℄) to be of valuefor IE purposes. Our parsing pro
edure delivers a 
hart, whi
h re
ords for sub-strings of the input, their synta
ti
 
ategory and optionally also their synta
ti
stru
ture. This is more than NP-tagging, if by this is meant a non-overlappingset of NP substrings: the 
hart may indi
ate overlapping NP substrings. Thereis a method to extra
t an NP-tagging, 
urrently a grep-style leftmost/longestsele
tion of np-edges from the 
hart, to produ
e output like:np([ELE1alpha℄),hasnp([no, intrinsi
, trans
ription, a
tivation, domain℄),butnp([it℄),does intera
t withnp([another, histone, a
etyltransferase, p/CAF℄),One might feel that an 'NP-tagging', in the above noted sense, is really allone wants by way of mark-up to assist IE. Moreover it is the kind of output3 the vg part of this stands for verb group and is de�ned with a regular expressionover tags



one 
an expe
t from a system relying ex
lusively on �nite state automata. Ithink there are number of reasons why an 'NP-tagging', in the above notedsense, is not enough to support IE. Several phenomena 
overed by the system's
omprehensive NP grammar lead to NP within NPs, su
h as 
oordination (3a),apposition (3b,
), and preposition phrases (3d):a ARA70 , steroid re
eptor 
oa
tivator 1, and, RAC3/ACTRb the androgen 
oa
tivator, ARA70,
 ARA70, an androgen 
oa
tivator,d the presen
e of 10 nM 17beta-estradiol (3)There is an IE-payo� to re
ording the NPs at di�erent levels and their interre-lation. Consider the senten
e in (4a), from whi
h the relation in (4b) should beextra
ted:a ARA70 represents [np another important 
oa
tivator for [np ELE1alpha℄℄b regulates(ARA70, ELE1alpha)
 NP (.. represent) np(.. 
oa
tivator for NP) (4)Informally a template like (4
) is required, where NP and np(..) stand for aregions of text that are identi�ed as noun-phrases, with material en
losed in theround bra
kets indi
ating further details4. Sin
e the 
hart indi
ates nps at manylevels, as well those whi
h are 'top-level' nps, it is easy to support templateswhi
h spe
ify su
h an 'np-within-np' pattern. Here is an example:regulate_fun
_of(regulates(NP1,NP2)) +++>np(NP1), vg(V), np(_)/(star(anyword),word(base:B),words([for℄),np(NP2)),{member(V,[be,represent℄), member(B,[
oa
tivator,ligand℄)}.whi
h has a template item of the form X=(Y ), whi
h indi
ates that the mat
hfor Y equal the mat
h for X . However, without making referen
e to the nesting,it is problemati
 to skip intervening material without overshoot, extra
ting (5b)from (5a):a ele1alpha is inert and ele1gamma represents another 
oa
tivator for ele1betab regulates(ele1alpha, ele1beta) (5)Coordinated NPs are a further example of the utility of embedded stru
tures.(6a) is an example, from whi
h the 2 fa
ts in (6b) should be extra
ted:a [np [np ele1alpha℄ and [np ele1beta℄℄ a
tivate ele1gammab a
tivates(ele1alpha,ele1gamma) a
tivates(ele1beta,ele1gamma)(6)4 (4
) is an informal sket
h of the template and is not the template syntax a
tuallyemployed



With multiple levels indi
ated it is very easy 'multiply out' a mat
h to deliverthe several database entries. Appositives provide a further example, as in (7a):a [np the androgen 
oa
tivator, [np ARA70℄℄ a
tivates ELE1betab 
oa
tivate(ARA70,androgen)
 a
tivate(ARA70,ELE1beta) (7)One kind of template will look at the �rst np and extra
t with referen
e to itssub-np the fa
t in (7b). But another template will relate this whole NP to ase
ond np, extra
ting the fa
t (7
). This requires multi-level NP-tagging.4 Island Parsing and Prolog FSAsThe 
hartparser may 
onstru
t np edges whi
h are not ne
essary or whi
h aremisleading for extra
tion. Consider the pi
ture to the left:
for the first time testosterone may

ADJUNCT
...for the first time testosterone may .......The words in the �rst time are here an adjun
t[7℄, but the parser 
an 
ombinethem with su

eeding nouns in many ways. To prevent edges leading into adjun
tphrases, it is desirable to segment the input at adjun
t phrases, parse the sublistsseparately, and to then re
ombine into a single 
hart. There is a huge numberof su
h adjun
t phrases (eg. however, always, for example, for the �rst time,in addition), and instead of 
onstru
ting a list by hand, the adjun
t phrasesfor segmentation (� 5000) were extra
ted from the Susanne[8℄ 
orpus of parsedEnglish5.From this list, a Prolog-based �nite-state automaton adj was de�ned, withar
 transitions labelled with relevant base forms. The input to be segmentedis a
tually in the form of lists of tags, ea
h tripartite, 
ontaining a 
ategory,base-form and features (see se
tion 2), and thus is not suitable for segmentationusing adj. However, our Prolog implementation of FSA-driven leftmost/longestmat
hing 
an handle not only ar
 labels whi
h are atoms (ie. traditional FSAs),but also ar
 labels whi
h are proper Prolog terms, in
luding terms 
ontainingvariables. This made it easy to de�ne a virtual segmentation FSA adj tag outof adj. A few rules suÆ
e to make adj tag-ar
s be labelled by tags whi
h haveunderspe
i�ed �elds ex
ept for the base form part, with this required to label the
orresponding adj-ar
. It is with referen
e to adj tag that the input is a
tuallysegmented.It is also the 
ase that NP-edges should not lead into verb-groups, so seg-mentation on verb-groups also make sense. Again an FSA with underspe
i�edterms labelling its ar
s was used for this, this time 
y
li
, due to the iterability5 This a 
orpus of general English, not fo
ussed on any parti
ular domain.



of verbs and adverbs. This time the ar
s leave everything variable but for thepart-of-spee
h.The pro
ess of 
hartparsing ea
h 
hunk and then 
ombining the results into asingle 
hart is made easier by the fa
t that the parser does not represent a 
hartas an assert-ed database. This would require two assert-ed databases to bemanaged, on the the 
urrently parsed 
hunk and another for the a

umulatingoverall parse.5 ResultsThe system has been applied so far to MEDLINE abstra
ts on biogeneti
 re-sear
h. Guided by biologists, a set of templates was drawn up to identify 
ertainkinds of relations of interest. To give an impression of the kind of extra
tion taskthat the system performs, the following indi
ates some of the diverse expressionsfrom whi
h a regulates relation is extra
ted.AR enhan
es ERthe role of AR as a 
oa
tivator for ERAR, a 
oa
tivator for ER,the ER 
oa
tivator, AR, 9>=>;regulate(AR,ER)and other template targets are:androgen re
eptor (AR) synonym(AR,androgen re
eptor)AR fun
tions as a ligand is-a(AR,ligand)intera
tion between AR and ER intera
t(AR,ER)POS tagging a

ura
y is around 97%. Around 20% of words are unknownsubstan
e names and 90% of these are guessed right. NP extra
tion performedwith 81% pre
ision, 77 % re
all. In the most re
ent experiments, 20-30 extra
tiontemplates were 
onstru
ted, and performan
e on a 100 abstra
t set was 84%re
all, 75% pre
ision. Overall speed was 93 words/se
 6. This relies on somefurther optimisations not des
ribed here, in
luding statisti
al edge suppressionand orthogonal parsing of parenthesised material.6 Con
lusions and Dire
tions for futher workThere have been a number of proposals for IE based on the use of FSAs (eg.[10℄). Whilst exploring methods of optimum IE it seems desirable to not tie intosu
h a restri
tive framework immediately. Within the system here des
ribed itis relatively easy to revise between su

essive development 
y
les the linguisti
ambition of the analysis, both upwards and downwards.The system's performan
e is promising, both in terms of speed and a

ura
y.The usefulness of Prolog has been noted at several points. It was of use in6 on 64 MB, 333 MHz PC running linux.



designing a modular pro
ess by means of whi
h the output of a statisti
al tagger
an disambiguate a lexi
al look-up. It is ideal for the programming of templatemat
hing against the stru
tured information provided by the parsing pro
ess.It also fa
ilitated generalised FSAs whose edges are labelled by more or lessunderspe
i�ed terms.There are many outstanding 
hallenges. Amongst these are the treatmentof verb-phrase 
oordination and relative 
lauses. Synta
ti
ally, these are withinthe s
ope of the parser, but the 
hallenge is to arrange for resort to be takento the relevant me
hanisms only when ne
essary. Another issue is the semi-automati
 
overage of phrasal alternations su
h as a
tive/passive and nominal-isation, whereby the same information in expressed in di�erent forms.A
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