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Abstract

Automatically extracting information from biomedical text holds the promise of eas-

ily consolidating large amoun ts of biological kno wledge in computer-accessible form.

This strategy is particularly attractiv e for extracting data relev an t to genes of the

h uman genome from the 11 million abstracts in Medline. Ho w ev er, extraction e�orts

ha v e b een frustrated b y the lac k of con v en tions for describing h uman genes and pro-

teins. W e ha v e dev elop ed and ev aluated a v ariet y of learned information extraction

systems for iden tifying h uman protein names in Medline abstracts and subsequen tly

extracting information on in teractions b et w een the proteins. W e demonstrate that

mac hine learning approac hes using supp ort v ector mac hines and maxim um en trop y

are able to iden tify h uman proteins with higher accuracy than sev eral previous

approac hes. W e also demonstrate that v arious rule induction metho ds are able to

iden tify protein in teractions with higher precision than man ually-dev elop ed rules.

Key wor ds: information extraction, text mining, mac hine learning, protein

in teractions, Medline
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1 In tro duction

An incredible w ealth of biological information generated using bio c hemical

and genetic approac hes is stored in published articles in scien ti�c journals.

Summaries of more than 11 million suc h articles are a v ailable in the Medline

database. Ho w ev er, retrieving and pro cessing this information is v ery di�cult

due to the lac k of formal structure in the natural-language narrativ e in these

do cumen ts. Automatically extracting information from biomedical text holds

the promise of easily consolidating large amoun ts of biological kno wledge in

computer-accessible form. Information extraction (IE) systems could p oten-

tially gather information on global gene relationships, gene functions, protein

in teractions, gene-disease relationships, and other imp ortan t information on

biological pro cesses.

A n um b er of recen t pro jects [22,25,3,41,48,51,24,43,38,21] ha v e fo cused on the

man ual dev elopmen t of IE systems for extracting information from biomed-

ical literature. Unfortunately , man ual engineering of information extraction

(IE) systems for particular applications is a tedious and time-consuming pro-

cess [14]. Eac h new t yp e of information to b e extracted requires a signi�can t

new engineering e�ort to dev elop sp eci�c extraction patterns for iden tifying

this information. Human-dev elop ed rules are also rarely able to accurately cap-

ture all of the v ariet y of formats and con texts in whic h the desired information

can app ear in natural-language do cumen ts.

Consequen tly , signi�can t recen t researc h in information extraction has fo cused

on using mac hine learning tec hniques to help automate the dev elopmen t of IE

systems [8,6]. A n um b er of mac hine learning metho ds, including grammar in-

duction, hidden Mark o v mo dels, inductiv e logic programming, naiv e Ba y es

text categorization, and decision tree induction, ha v e b een used to help auto-

mate the dev elopmen t of IE systems. First, learning systems are trained on a

corpus of do cumen ts in whic h h uman exp erts ha v e tagged the desired infor-
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mation. Next, the IE systems induced from this sup ervised data are used to

extract new information from no v el test do cumen ts. Some pro jects on extract-

ing information from biomedical literature ha v e also emplo y ed suc h learning

tec hniques [42,15,11,46,18,32,47,40].

W e are exploring the use of a v ariet y of mac hine learning metho ds to au-

tomatically dev elop IE systems for extracting information on gene/protein

name, function and in teractions from Medline abstracts. F or our purp oses,

genes and proteins are in terc hangeable since, t ypically , there is a direct cor-

resp ondence b et w een proteins and the genes that co de for them. W e fo cus

sp eci�cally on extracting information ab out h uman genes and proteins. Ap-

pro ximately 40,000 h uman genes are kno wn from the sequences of the h uman

genome [55,31], y et few er than 5,000 are w ell c haracterized and lik ely to b e

describ ed in the literature. Unlik e other organisms, suc h as y east or E. c oli ,

h uman gene names ha v e no standardized naming con v en tion, and th us rep-

resen t one of the most di�cult set of gene/protein names to extract. F or

example, h uman genes/proteins ma y b e named with standard English w ords,

suc h as \ligh t", \map", \complemen t", and \Sonic hedgehog". Names ma y

b e alphan umeric, ma y include Greek or Roman letters, ma y b e case sensitiv e,

and ma y b e comp osed of m ultiple w ords. Names are frequen tly substrings of

eac h other, suc h as \epidermal gro wth factor" and \epidermal gro wth factor

receptor", whic h refer to t w o distinct proteins. It is therefore necessary that an

information extraction algorithm b e sp eci�cally trained to extract gene and

protein names accurately .

In this pap er, w e presen t results on learning to extract h uman protein names

and their in teractions. W e emplo y a v ariet y of learning metho ds including

pattern-matc hing rule induction ( Rapier ) [7], b o osted wrapp er induction

(BWI) [19], memory-based learning (MBL) [17], transformation-based learn-

ing (TBL) [5], supp ort v ector mac hines (SVMs) [53], and maxim um en trop y

(MaxEn t) [1]. W e presen t cross-v alidated results on iden tifying h uman proteins

and their in teractions b y training and testing on a set of appro ximately 1,000

man ually-annotated Medline abstracts that discuss h uman genes/proteins.

Previous pro jects on extraction from Medline t ypically presen t results for a

single metho d on somewhat smaller corp ora with limited or no comparison

to other metho ds. By con trast, w e presen t uniform results of a wide v ariet y

of metho ds on a single, reasonably large, h uman-annotated corpus, thereb y

giving a broader picture of the relativ e strengths of di�eren t approac hes.
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2 Biomedical Corp ora

2.1 T agging of Me d line A bstr acts

In order to generate a corpus of training and test data for extracting protein

names and protein in teractions, w e man ually tagged appro ximately 1,000 ab-

stracts (including the titles) from among the 11 million abstracts a v ailable in

Medline. T agging w as p erformed using an existing IE-tagging to ol

5

mo di�ed

to enhance �le handling and to retain negativ e examples. This program ac-

cepts a directory of �les to b e tagged and allo ws the user to tag them using

a graphical in terface based on a �le of p ossible lab els and writes the SGML

tagged �les in to an output directory . Three annotated data sets w ere gener-

ated:

(1) 750 abstracts con taining the w ord \h uman" w ere extracted from the Med-

line database and tagged for gene/protein names. 61.3% of the abstracts

discussed gene/protein names, for a total of 5,206 names. An example of

a tagged abstract is sho wn in Figure 1.

(2) 200 abstracts previously kno wn to con tain protein in teractions w ere ob-

tained from the Database of In teracting Proteins (DIP [56]) and tagged

for b oth 1,101 protein in teractions and 4,141 protein names. An example

is sho wn in Figure 1.

(3) As negativ e examples for protein in teractions w ere rare in (2), a set of 30

abstracts w ere man ually selected suc h that they had sen tences with more

than one gene but the abstracts did not talk ab out an y gene in teractions.

W e used data set (1) for testing protein names, and data sets (2) and (3) for

testing protein in teractions.

2.2 R ules use d for T agging

Due to the am biguities in v olv ed in h uman gene/protein names and in teractions

it w as necessary to dev elop a set of con v en tions for their consisten t tagging. In

the follo wing discussion w e indicate protein names b y underlined text and their

same subscript n um b ers indicate in teraction b et w een the proteins. Man ual

examination of man y abstracts rev ealed sev eral am biguities, suc h as whether

the organism names should b e tagged (e.g. human delta catenin or human

delta catenin ), whether punctuation should b e tagged (e.g. ( LIGHT ) or

( LIGHT ) ), and whether generic protein family names should b e tagged (e.g.
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TI -- A c - Cbl yeast two hybrid screen reveals interactions

with 14 - 3 - 3 isoforms and cytoskeletal components .

PG -- 46 - 50 AB - The protein product of c - cbl

1 ; 2 ; 3

proto -

oncogene is known to interact with several proteins , including

Grb2

1

, Crk

2

and PI3 kinase

3

, and is thought to regulate

signalling by many cell surface receptors .

The precise function of c - Cbl in these pathways is not clear ,

although a genetic analysis in Caenorhabditis elegans suggests

that c - Cbl

4

is a negative regulator of the epidermal growth

factor receptor

4

. Here we describe a yeast two hybrid screen

performed with c - Cbl in an attempt to further elucidate

its role in signal transduction . The screen identified

interactions involving c - Cbl

5 ; 6

and two 14 - 3 - 3 isoforms

, cytokeratin 18

5

, human unconventional myosin IC , and a

recently identified SH3 domain containing protein , SH3 P17

6

.

We have used the yeast two hybrid assay to localise regions of

c - Cbl required for its interaction with each of the proteins

. Interaction with 14 - 3 - 3 is demonstrated in mammalian cell

extracts .

AD -- Trescowthick Research Laboratories , Peter MacCallum

Cancer Institute .

Fig. 1. Abstract with all the proteins and in teractions tagged. The protein names

ha v e b een underlined and their same subscript n um b ers indicate in teraction b et w een

the proteins.

armadillo protein p0071 or armadillo protein p0071 ). Suc h cases led

to the follo wing set of tagging con v en tions:

(1) As few extra c haracters as p ossible are tagged. Punctuation marks and

plural c haracters are not tagged.

(2) Gene/protein names are tagged regardless of con text, ev en when gene

names are substrings of other gene names. (e.g. GITR ligand )

(3) Generic protein/gene families are not tagged, only sp eci�c names whic h

could ultimately b e traced bac k to sp eci�c genes in the h uman genome.

(e.g. \T umor necrosis factor" w ould not b e tagged, while \tumor necrosis

factor alpha" w ould b e.)

(4) T ags for in teracting proteins follo w the same con v en tions as for other

proteins. All stated instances of protein in teractions are tagged, ev en

when tags are nested. (e.g. human GITR

1

ligand (hGITRL

1

) )
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3 Protein Name Iden ti�cation

Name d entity r e c o gnition (NER), iden tifying names of p eople, organizations,

and places in text, is a w ell studied problem in information extraction from

news articles. In recen t y ears, mac hine learning approac hes ha v e b ecome the

standard in dev eloping robust, accurate NER systems [2,49]. Biomedical ap-

plications ha v e sp ecial t yp es of named en tities that are di�eren t from those

t ypically addressed b y existing NER systems. These include names of diseases,

genes, proteins, organisms, organs, organelles, and other biological en tities. In

this section w e explore the problem of recognizing references to h uman pro-

teins using the tagged data describ ed in the previous section.

3.1 IE Metho ds

3.1.1 Dictionary-b ase d Extr action

The success of a protein tagger dep ends on ho w w ell it captures the regularities

of protein naming as w ell as name v ariations. In the dictionary-based approac h,

w e started with an extensiv e set of protein names extracted from t w o fairly

comprehensiv e sources:

(1) The �le human.seq , do wnloaded from the Human Proteome Initiativ e

(HPI) of EXP ASY.

6

(2) The �le feb2002-tables.tar.gz , do wnloaded from the Gene On tology

Database.

7

Altogether, these dictionaries con tain 42,172 gene/protein names (synon yms

included). This collection of protein names, henceforth referred to as the orig-

inal dictionary (OD), w as further extended using a generalization pro cedure

to obtain a generalized dictionary (GD). The aim w as to extend the co v erage

of the original set, while at the same time trying to minimize an y decrease in

accuracy .

Generalizing a dictionary en try in v olv ed iden tifying those parts susceptible to

c hange in new protein names, and replacing them with generic placeholders.

Th us, w e isolate and replace n um b ers with h n i , Roman letters with h r i and

Greek letters with h g i . Figure 2 sho ws some examples of name generalizations.

In the GD-based extraction, w e tag a textual n -gram as a protein name only

if it is an instance of one of the generalizations from the generic dictionary . T o

6
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Pr otein Name (OD) Gener alize d Name (GD) Canonic al F orm (CD)

in terleukin-1 b eta in terleukin h n i h g i in terleukin

in terferon alpha-D in terferon h g i h r i in terferon

NF-IL6-b eta NF IL h n i h g i NF IL

TR2 TR h n i TR

NF-k appa B NF h g i h r i NF

Fig. 2. Dictionary generalizations.

extend the co v erage ev en more, w e ha v e created a canonical dictionary (CD)

consisting of canonical forms of protein names. A canonical form is obtained

from a generic form b y stripping it of all generic tags, as can b e seen in the

examples from Figure 2. F rom the resulting set w e �lter out common English

w ords whose presence could lead to a decrease in accuracy . Consequen tly , in

the CD-based extraction, a textual n -gram is deemed as b eing a protein name

if its canonical form is part of the canonical dictionary . Both GD and CD

in tro duce spurious en tries in the dictionary , leading to a decrease in precision.

F or instance, b ecause \HT3" is an en try in OD, its generalization H T h n i

will co v er \HT 29", whic h is a cell line. Also, CD will matc h w ords that are

classes of proteins, and not particular proteins, as is the case with \oncogene"

whic h w as deriv ed as the canonical form of \oncogene 24P3". Because the

tagging based on b oth the original and generic dictionary ga v e b etter results

than other com binations (as sho wn in the �rst en try of T able 1), w e used this

particular dictionary-based tagger for supplying a pre-tagged input to some

of the learning metho ds that will b e discussed in the follo wing sections.

3.1.2 Rapier

Rapier [7] is a rule learning algorithm that acquires un b ounded patterns for

extracting information from text. Eac h extraction rule consists of three parts:

(1) a pre-�ller pattern that matc hes text immediately preceding a �ller (e.g. a

protein name), (2) a �ller pattern that matc hes the extracted substring, and

(3) a p ost-�ller pattern that matc hes the text immediately follo wing the �ller.

Rapier b egins with a most-sp eci�c set of rules and compresses the rule base

b y rep eatedly replacing rules with more general ones.

T o construct the initial rule base, most-sp eci�c patterns are created for eac h

training example, sp ecifying w ords for the �ller, all w ords in the text preceding

the �ller, and all w ords in the text follo wing the �ller. T o generate new rules,

pairs of existing rules are randomly selected and their least-general general-

izations created. Rapier starts with rules con taining only generalizations of

the �ller patterns, and uses b eam searc h to e�cien tly sp ecialize the rules b y

adding pieces of the generalizations of the pre- and p ost-�ller patterns of the

seed rules, un til the b est rule in terms of information gain pro duces no spuri-

ous �llers when matc hed against the training examples. The b est generalized

7
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Lol p 1 is one of the most important allergens in grass pollen

extracts...

Lol p 1 is one of the most important allergens in grass pollen

extracts...

BBBB Lol EEEE BBBB p 1 EEEE is one of the most important

allergens in grass pollen extracts...

Fig. 3. Incorp orating information from the dictionary-based tagger. The �rst sen-

tence con tains the correct tagging. The second sen tence is the output of the dictio-

nary-based tagger. The third sen tence sho ws the input for Rapier and BWI. The

output tags of dictionary-based tagger ha v e b een transformed in to sp ecial tok ens

BBBB and EEEE standing for b egin and end of the tags resp ectiv ely .

rule is then added to the rule base, and the pro cess rep eats un til compression

has failed more than a sp eci�ed n um b er of times.

T o help Rapier capture generalities that are not eviden t from the w ords alone,

w e supplied additional syn tactic and seman tic information to the learner in

some of our exp erimen ts. First, w e added part-of-sp eec h (POS) tags to ev ery

w ord in the text. POS tags are p oten tially useful b ecause certain t yp es of

w ords (e.g. cardinal n um b ers and prop er nouns) are lik ely candidates of b eing

parts of a protein name.

In another exp erimen t, w e included the output of the dictionary-based tagger

(Section 3.1.1) in place of the POS tags in the form of sp ecial tok ens (see

Figure 3). By adding these tok ens, w e incorp orated domain kno wledge in to

the learning algorithm. A t the same time, the learning algorithm can �nd

general patterns that re�ne the output of the dictionary-based tagger.

3.1.3 Bo oste d Wr app er Induction

Bo osted W rapp er Induction (BWI) [19] learns extraction rules comp osed only

of simple con textual patterns called wr app ers [29]. Although wrapp ers are

highly accurate predictors of the start or end of a protein name, eac h of them

has limited co v erage since Medline abstracts do not exhibit a rigid struc-

ture. BWI circum v en ts this limitation b y using b o osting [20], whic h rep eat-

edly learns simple, w eak patterns that fo cus on the training examples for

whic h the previous patterns ha v e done p o orly . The predictions of all learned

patterns are then com bined using a w eigh ted v oting sc heme. The result is a

b o osted wrapp er, whic h has b een sho wn to b e successful in sev eral natural

text domains.

T o p erform protein-name extraction using a b o osted wrapp er, ev ery w ord

b oundary i in a Medline abstract is �rst giv en a for e score F ( i ), whic h indicates
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its lik eliho o d of b eing the start of a protein name, and an aft score A ( i ),

whic h indicates its lik eliho o d of b eing the end of a protein name. Then, the

wrapp er recognizes a text fragmen t ( i; j ) as a protein name if and only if

F ( i ) A ( j ) H ( j � i ) > � , where H ( k ) is a function that re
ects the probabilit y

that a protein name has length k , and � is a n umeric threshold that con trols

the lev el of recall. By v arying � , w e are able to p erform extraction at di�eren t

degrees of con�dence.

In our exp erimen ts with BWI, w e tested the usefulness of including the out-

put of the dictionary-based tagger (Section 3.1.1) as part of the input of the

learner, in the same w a y as it w as done in Section 3.1.2.

3.1.4 Supp ort V e ctor Machines

Supp ort V ector Mac hines (SVMs) are one of the most recen tly dev elop ed

classi�cation metho ds [54]. They are w ell-founded in computational learning

theory , and ha v e b een sho wn to generalize w ell in the presence of v ery man y

features. They are generally considered to b e the curren tly b est tec hnique for

text classi�cation [26].

Assume that all m training examples consist of a v ector of n features, and

b elong to either p ositiv e or negativ e class as follo ws: ( x

1

; y

1

) ; : : : ; ( x

m

; y

m

),

where x

i

2 R

n

is the i -th feature v ector and y

i

2 f +1 ; � 1 g is its class lab el.

Then an SVM learns an optimal threshold function f ( x ) = h w ; x i + b; w 2

R

n

; b 2 R , whic h separates the training examples in to t w o classes. An example

x is classi�ed as p ositiv e when f ( x ) > 0, or negativ e when f ( x ) < 0. A

threshold function is optimal when the margin of separation b et w een the t w o

classes is maximal. It can b e pro v en that the margin is maximized when the

norm of w is minimized. This leads to a constrained quadratic optimization

problem whic h can b e exactly solv ed e�cien tly .

Since our tagged Medline abstracts do not con tain an y protein names that

directly abut eac h other, w e can reduce the NER problem to classi�cation of

individual w ords. First, an SVM classi�er determines if eac h w ord is part of a

protein name or not, b y lo oking at the w ord itself and its surrounding con text.

Next, protein names are extracted b y iden tifying the longest sequences of

w ords that ha v e b een classi�ed as parts of a protein name. Similar approac hes

ha v e b een applied successfully to the task of text chunking , whic h is iden tifying

simple phrases suc h as non-recursiv e noun and v erb phrases [45,49].

F or eac h tok en, w e built a feature v ector consisting of the curren t w ord, the

previous and the follo wing N w ords. W e also included POS tags generated

b y the Brill's tagger

8

and the output of the dictionary-based protein tagger

8
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(Section 3.1.1) for all 2 N + 1 w ords. W e ignored capitalization when preparing

the feature v ectors to a v oid sparsit y . T o capture morphological similarities and

alleviate the problem of unseen w ords, w e included as features the last one,

t w o, and three c haracters of eac h w ord in the feature v ector, whic h w e hence-

forth refer to as the su�x fe atur es . Inspired b y the text c h unking algorithm

presen ted in [28], w e included the class lab els of the t w o preceding w ords as

part of the feature v ector. Since the class lab els w ere not giv en in the test

data, they w ere decided dynamically during the tagging of previous w ords.

Because n umerical v alues w ere needed, eac h w ord or tag in eac h p osition w as

a separate binary feature. F or eac h extracted sequence of tok ens, w e used the

minimal distance from the h yp erplane f ( x ) = 0 as a quan titativ e measure of

con�dence. F or the inner pro duct h w ; x i , w e used w

T

x , whic h resulted in a

linear threshold function. It has b een argued that most text categorization

problems are linearly separable [26], so in our case a linear threshold function

should su�ce. W e used v ersion 5.0 of SVM

light

,

9

whic h is highly e�cien t in

dealing with sparse instances.

The training set for the tok en classi�cation problem is highly im balanced. Out

of the 209,022 tok ens in our corpus, only 10,175 of them (4.87%) are protein

names. As p oin ted out b y [27], the induced classi�ers tend to b e highly accu-

rate on negativ e examples but also pro duce man y false negativ es whic h lead

to lo w recall. By sampling the training set and feeding the learner with only

negativ e examples surrounding the p ositiv e ones, w e can shift the resulting

h yp erplane and p oten tially reduce the n um b er of false negativ es. Our exp eri-

men ts supp orted this claim and sho w ed that w e could attain v ery high recall

at the exp ense of precision.

3.1.5 Maximum Entr opy

Maxim um En trop y [1] is a widely used metho d for inducing probabilistic clas-

si�ers. The classi�cation problem is view ed in terms of a random pro cess that

pro duces an output v alue y from a �nite set Y , based on a con textual informa-

tion x , a mem b er of a �nite set X . In a tagging scenario, this means asso ciating

a tag y to eac h text tok en, whereas the con text x can b e deriv ed from the text

cen tered at the curren t tok en p osition. In maxim um en trop y mo deling w e are

lo oking for a probabilit y distribution p ( y j x ) expressed in terms of a set of user

sp eci�ed features f

i

( x; y ) 2 F :

p ( y j x ) =

1

Z ( x )

exp

 

X

i

�

i

f

i

( x; y )

!
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where Z ( x ) =

P

y

exp (

P

i

�

i

f

i

( x; y )) is a normalizing constan t. Eac h feature

f

i

is a binary function based on the curren t con text x and its prop osed clas-

si�cation y .

In the case of maxim um en trop y tagging (henceforth referred to as MaxEn t),

w e distinguish among �v e t yp es of tags in Y (as opp osed to using only t w o

tags, as w as the case with SVMs):

� S (-tart) - indicates the �rst tok en of a protein name

� E (-nd) - indicates the last tok en of a protein name

� C (-ontinue) - indicates a tok en strictly inside a protein name

� U (-nique) - indicates the unique tok en of a protein name

� O (-ther) - all other tok ens (outside protein names)

W e h yp othesize that the task of tagging the �rst, the last, or the unique tok en

of a protein name is sligh tly di�eren t from that of tagging other tok ens inside

a protein name, hence the extended set of tags

Name F e atur e Description F e atur e Bo dy

w curren t w ord w ( x

i

) = h w i & y

i

= h y i

pw previous w ord pw ( x

i

) = h w i & y

i

= h y i

nw next w ord nw ( x

i

) = h w i & y

i

= h y i

p os POS, curren t w ord pos ( x

i

) = h pos i & y

i

= h y i

pp os POS, previous w ord ppos ( x

i

) = h pos i & y

i

= h y i

np os POS, next w ord npos ( x

i

) = h pos i & y

i

= h y i

cf w ord class (full) cf ( x

i

) = h cf i & y

i

= h y i

cb w ord class (brief ) cb ( x

i

) = h cb i & y

i

= h y i

dict dictionary tag dict ( x

i

) = h dt i & y

i

= h y i

pt previous tag pt ( x

i

) = h y

0

i & y

i

= h y i

Fig. 4. F eature T emplates.

The abstracts are tok enized, segmen ted in sen tences, and annotated with part-

of-sp eec h tags using the same to ols as in Section 3.1.4. Then the mo del gen-

erates feature v ectors b y scanning eac h pair ( x

i

; y

i

) in the training data using

the feature templates giv en in Figure 4. W e use a threshold of 3 as the min-

im um n um b er of times that a feature should app ear in the training data in

order to b e considered. The w ord class features cf and cb are based on the

similar features in tro duced in [13]. Th us, for a c haracter x w e de�ne ty pe ( x )

as 'A' if x is a upp er-case letter, 'a' if x is a lo w er-case letter, '0' if x is a digit

and x otherwise. The cf feature then is the curren t w ord with eac h c haracter

mapp ed to its t yp e, while the brief v ersion bf results from cf b y remo ving

rep eating c haracter t yp es. F or example, if \F GF1" is the curren t w ord, then

cf='AAA0' , and bf = 'A0' . Another sp ecial feature is pt , based on the tag

assigned to the previous tok en. The dep endence of the curren t tagging deci-
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sion on the previous tag, unkno wn during testing, forces us to consider all

p ossible tags for the previous tok en when tagging unseen data. F or a particu-

lar tok en sequence (tok enized sen tence), this will result in a p oten tially v ery

large set of p ossible taggings. The classical approac h is to use a Viterbi-lik e

algorithm for �nding the most lik ely sequence of tags. T o eac h of the resulting

extractions w e asso ciate a con�dence measure. The exact calculation of the

t w o con�dence measures conf

av g

and conf

min

is describ ed in Figure 5. The

Viterbi and forw ard pro cedures used therein are similar with those used for

Hidden Mark o v Mo dels [44]. V arying the con�dence lev el will later allo w us

to trade o� b et w een precision and recall (see Section 3.2.2).

conf ( W ; u; v )

Input: W , a sequence of tok ens w

1

; w

2

; : : : ; w

T

[ u; v ], an extraction span with 1 � u � v � T

Use the forw ard pro cedure on W with p ( y j x ) to compute:

�

t

( y ) = p ( y

t

= y j W ) , where 1 � t � T and y 2 f S; C ; E ; U; O g

if u = v

conf

av g

( W ; u; v ) = conf

min

( W ; u; v ) = �

u

( U )

else

p

u

= �

u

( S )

p

u +1

= p ( y

u +1

= C j W ; y

u

= S )

. . .

p

v

= p ( y

v

= E j W ; y

v � 1

= C )

conf

av g

( W ; u; v ) =

1

v � u +1

P

v

t = u

p

t

conf

min

( W ; u; v ) = min

u � t � v

( p

t

)

Fig. 5. Extraction Con�dence.

W e c hose to tak e either the minim um or the a v erage as w e w ere targeting a

length-indep enden t measure. Also, when using the a v erage function, or the

minim um function, one has to ensure that the quan tities in v olv ed ha v e a sim-

ilar in terpretation and consequen tly can b e safely com bined. In our case, w e

can view the v alue �

t

( y ) as another transition probabilit y , namely the prob-

abilit y of reac hing state y at time step t from a sp ecial state enco ding the

b eginning of the sen tence.

One dra wbac k of using the Viterbi algorithm is that b y fo cusing on the most

lik ely sequence of tags, the program is missing man y lo w con�dence extrac-

tions that migh t help in extending the recall endp oin t. When applied on test

data, the Viterbi algorithm, augmen ted with the con�dence measure conf

min

,

results in a maxim um recall of 47 : 76%. T o further extend it, w e use the greedy

algorithm from Figure 6 on all tok en sequences app earing b et w een t w o con-

secutiv e Viterbi extractions, th us obtaining additional extractions compatible

with the set of proteins already extracted through the Viterbi pro cedure (t w o

extractions are compatible if they do not o v erlap). All the results that presup-

p ose using a con�dence measure are based on conf

min

, whic h do es a b etter

12



job at extending the recall endp oin t.

g r eedy extr act ( W ; u; v )

Input: W , a sequence of tok ens w

1

; w

2

; : : : ; w

T

[ u; v ], an extraction domain with 1 � u � v � T

if u > v

return ;

else

[ l ; r ] = ar g max

[ l ;r ] � [ u;v ]

conf ( W ; l ; r )

LE = g r eedy extr act ( W ; u; l � 1)

R E = g r eedy extr act ( W ; r + 1 ; v )

return LE [ f [ l ; r ] g [ R E

Fig. 6. Greedy Extraction.

W e base our Maxim um En trop y approac h on the op ennlp.maxen t pac k age,

10

v ersion 2.1.0, whic h uses the Generalized Iterativ e Scaling algorithm [16] for

estimating the parameters of the log-linear mo del.

3.1.6 Existing Pr otein Name Identi�c ation Systems

W e also tested t w o existing protein name iden ti�cation systems. The �rst one

is KEX v ersion 1.21, whic h is based on the PR OPER algorithm describ ed in

[22]. It consists of a set of hand-built pattern matc hing rules whic h mak es use

of part-of-sp eec h information giv en b y the Brill's tagger. Without dep ending

on an y protein-name dictionaries, KEX has b een rep orted to ac hiev e 94.70%

precision and 98.84% recall on a corpus of 80 abstracts on SH3 and signal

transduction domains.

The second system is Abgene , in tro duced in [50]. Abgene uses a transformation-

based tagger to pro duce an initial tagging. Then it emplo ys a n um b er of dic-

tionaries and con textual rules to w eed out false p ositiv e and reco v er false

negativ e. It w as tested on a corpus consisting of the complete set of abstracts

in tro duced in to Medline b et w een June 15 and Septem b er 24, 2001, and w as

rep orted to giv e go o d results.

3.2 Exp erimental R esults

W e b egin this section b y explaining the metho dology follo w ed in our exp er-

imen ts. W e presen t next the quan titativ e results of the IE metho ds used for

extracting protein names. The section ends with a comparativ e analysis of the

results.

10

URL: http://maxent.sourceforge. net/
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3.2.1 Exp erimental Metho dolo gy

The 750 Medline abstracts annotated with protein tags w ere tok enized using

simple pattern rules dev elop ed for the P enn T reebank pro ject [35]. F or pro-

grams requiring sen tence-segmen ted input, w e used the sen tence segmen ter

from the KEX tagger with additional rules for bulleted lists. F or those learn-

ing algorithms requiring POS tags, w e used Brill's POS tagger, whic h w e

trained b y using 10,000 un tagged Medline abstracts as the training set. Those

abstracts w ere obtained the same w a y w e did for the 750 abstracts. No stem-

ming or stop w ord �ltering w as p erformed during the exp erimen ts. Capitaliza-

tion w as retained unless otherwise sp eci�ed.

W e p erformed ten-fold cross v alidation on eac h learning algorithm with a par-

ticular parameter setting. This pro vides a v erage p erformance o v er ten random

trials, eac h training on 90% of the data and testing on the remaining 10%.

Eac h extracted protein name in the test data w as compared to the h uman-

tagged data, with the p ositions tak en in to accoun t. Since Abgene pro vides no

p ositional information, w e assume that all o ccurrences of its extracted strings

are recognized as protein names. Tw o protein names are considered a matc h if

they consist of the same c haracter sequence in the same p osition in the text.

This detects circumstances where common English w ords are incorrectly rec-

ognized as protein names (e.g. \ligh t", \at"), and ensures that all references to

eac h protein are recognized. W e measured precision (p ercen tage of extracted

names that are correct), recall (p ercen tage of correct names that are found),

and F-measure (harmonic mean of precision and recall) [14].

3.2.2 Quantitative R esults

T able 1 summarizes results for the protein taggers presen ted in Section 3.1,

along with an y additional sources of information used. W e also include results

obtained with t w o additional taggers: one using transformation-based learning

(TBL) [5], and another based on the k -nearest neigh b or ( k -NN) metho d in

whic h classi�cation is done b y extrap olation from the k most similar training

examples. F or systems that output con�dences that allo w trading-o� precision

and recall (i.e. BWI, k -NN, SVM and MaxEn t), results are presen ted for the

maxim um ac hiev able recall or the b est F-measure.

F or ease of comparison, w e sho w recall-precision curv es in Figure 7, using

the v ersion of eac h system that ga v e the b est F-measure (as sho wn in b old

in Figure 1). F or those IE metho ds that output extraction con�dences, w e

sho w curv es indicating the precision for eac h ac hiev able lev el of recall. Single

recall-precision p oin ts are sho wn for all other metho ds.

Giv en that the MaxEn t approac h ac hiev es the b est results on the 750 abstracts

dataset, w e applied it on the 230 abstracts from the in teractions dataset,
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IE Metho ds and A dditional Information Use d Pr e cision R e c al l F-me asur e

Dictionary-based

original dictionary 56.70% 27.24% 36.80%

plus generalized dictionary 62.27% 45.85% 52.81%

plus canonical dictionary 41.88% 54.42% 47.33%

Rapier

w ords only 76.11% 9.97% 17.63%

part-of-sp eec h 70.84% 11.05% 19.12%

dictionary-based tagger 74.49% 12.22% 21.00%

BWI (300 iterations, 2 lo ok aheads, max. recall)

w ords only 70.67% 11.52% 19.81%

dictionary-based tagger 71.01% 24.06% 35.94%

k -NN ( k = 1 ; N = 2)

part-of-sp eec h 34.66% 40.66% 37.42%

dictionary-based tagger 47.30% 47.82% 47.56%

TBL

w ords only 47.08% 36.65% 41.22%

dictionary-based tagger 56.80% 34.62% 43.02%

SVM ( N = 2, full training set, max. recall)

preceding class lab els 69.16% 19.74% 30.72%

preceding class lab els and part-of-sp eec h 70.18% 19.72% 30.79%

preceding class lab els and dictionary-based

tagger

65.00% 45.43% 53.48%

with additional su�x features 70.38% 44.49% 54.42%

MaxEn t ( N = 1, Viterbi w/o greedy extraction, max. recall)

w/o dictionary 71.10% 42.31% 53.05%

with dictionary 73.37% 47.76% 57.86%

with dictionary , t w o tags only (I,O) 66.41% 44.74% 53.46%

KEX 14.68% 31.83% 20.09%

Abgene 32.39% 45.87% 37.97%

T able 1

P erformance of protein taggers in v arious settings.

our aim b eing to feed these automatically tagged abstracts to the in terac-

tion extraction program (see Section 4.2.2 for o v erall results of the com bined

approac h). The tagging p erformance on the in teraction dataset is sho wn in

Figure 8 (a).

3.2.3 Discussion of R esults

Ov erall, the results sho w limited utilit y of POS tags. The use of POS tags in

Rapier , k -NN, and SVM do es not impro v e F-measure signi�can tly according

to a paired t -test ( p > 0 : 05). While the dictionary-based tagger barely im-
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Fig. 7. Precision-recall curv es for protein taggers on the 750 abstracts dataset.

pro v es F-measure for Rapier and TBL, it is useful for the rest of the learning

metho ds to di�eren t exten ts. It impro v es b oth precision and recall for BWI,

k -NN and MaxEn t, while for SVM it h urts the precision sligh tly , but this is

out w eighed b y a larger gain in recall.
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(a) In teraction dataset (230 abstracts) (b) Y APEX dataset (200 abstracts)

Fig. 8. P erformance of MaxEn t protein tagger on t w o other datasets.

Out of all the learning metho ds tested here, SVM and MaxEn t ac hiev e a sig-

ni�can t impro v emen t o v er the dictionary-based tagger in terms of F-measure.

Another adv an tage is that b oth are able to ac hiev e arbitrarily high preci-

sion b y adjusting the con�dence lev el. This is p ossible b ecause the extraction
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con�dence is highly correlated with the probabilit y of correctness. Since high

precision is needed to extract accurate kno wledge from text, this is a signi�can t

con tribution.

W e ha v e also included results for MaxEn t with a tagging sc heme based on

t w o tags only . The di�erence in p erformance v alidates our initial h yp othesis

suggesting the use of more than one tag for tok ens inside a protein name.

All of our IE metho ds p erform signi�can tly b etter than t w o existing protein

taggers, KEX and Abgene . Giv en that these systems w ere dev elop ed for dif-

feren t distributions of proteins, this is not surprising; ho w ev er it do es illustrate

the relativ e di�cult y of iden tifying h uman proteins. The hand-built rules used

in KEX w ere dev elop ed and tested on a rather con�ned set of proteins dif-

feren t from the h uman proteins in our data. Abgene uses a v ersion of TBL

to learn a protein tagger; ho w ev er, the sp eci�c tagger w e obtained w as not

trained sp eci�cally for h uman proteins. Our o wn TBL system is more indica-

tiv e of the p erformance of this approac h when sp eci�cally trained for h uman

proteins; ho w ev er, note that man y of the other learning approac hes p erform

b etter than TBL.

As sho wn in Figure 8 (a), the p erformance on the in teraction dataset is a lot

b etter than on the protein dataset, and this is also re
ected in the results of

the dictionary-based tagger. There are t w o main reasons for this signi�can t

di�erence:

(1) The protein dataset has b een man ually tagged b y 9 p eople, in just one

pass. After analyzing the results, w e ha v e disco v ered signi�can t tagging

inconsistencies whic h clearly a�ected the learning p erformance. On the

other hand, the in teraction dataset has b een tagged b y one p erson only ,

resulting in a more consisten t tagging.

(2) Eac h of the 230 in teraction abstracts con tains at least t w o proteins, due

to the particular selection pro cess describ ed in Section 2.1. This results

in a signi�can t bias whic h is captured b y the learning algorithm. Com-

parativ ely , 38 : 7% of the 750 abstracts dataset con tain no proteins, while

man y of the same abstracts include v arious names for cell lines, or amino

acids, names whic h are v ery similar with protein names, making the task

of recognizing proteins more realistic, but at the same time harder.

W e ha v e also tried our protein name extraction systems on the Y ap ex

11

dataset (200 Medline abstracts) and the results (Figure 8 (b)) are comparable

with those obtained on our corpus of 750 abstracts (Figure 7).

11

URL: http://www.sics.se/humle/p roje cts /pro tha lt/
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SHPTP2

inter actor

[interacts with another signaling protein ,]

inter f iller

Grb7

inter actee

.

Fig. 9. In teractor, in teractee and in ter�ller

4 Protein In teraction Extraction

Iden tifying r elations b et w een named en tities stated in text is a more di�-

cult IE problem that only recen tly has attracted signi�can t atten tion in re-

searc h on extraction from new articles. The curren t A CE (Automated Con ten t

Extraction) program at the National Institute of Standards and T ec hnology

(NIST) [37] is fo cused on iden tifying v arious so cial, action-role, part-of, and

lo cational relations b et w een named en tities. Sev eral pro jects ha v e fo cused on

extracting relations from biomedical text, suc h as iden tifying gene-disease rela-

tions, sub cellular lo calizations, or protein in teractions [15,46,18,25,3,41,48,51,34].

This section discusses our w ork on iden tifying h uman-protein in teractions as-

suming that the proteins themselv es ha v e already b een tagged, and sho ws

that mac hine-learning systems out-p erform h uman-written extraction rules

with resp ect to pro viding a wider range of precision and recall.

4.1 IE Metho ds

4.1.1 Rapier and Bo oste d Wr app er Induction

In order to adapt slot-�lling IE systems that extract individual en tities (lik e

Rapier and BWI) to the problem of extracting r elations , w e dev elop ed t w o

approac hes. The �rst approac h w e call the Inter�l ler approac h. Giv en t w o

tagged en tities participating in a relationship, the text fragmen t b et w een them

is called the in ter�ller (see Figure 9). If a slot-�lling IE system extracts an in-

ter�ller, the tagged en tities b efore and after it can b e extracted as participating

in the targeted relation.

The second approac h w e call the R ole-�l ler approac h. In this approac h, w e

extract the t w o related en tities indep enden tly in to di�eren t role-sp eci�c slots.

F or protein in teractions, w e named the roles inter actor and inter acte e (see

Figure 9). There migh t b e man y in teractors and in teractees extracted in one

sen tence, w e then decide whic h of them participate in a relationship using the

follo wing heuristics, assuming that all in teracting proteins app ear in the same

sen tence. (1) The in teractors and in teractees app earing in the same sen tence

form a sequence of role �llers. This sequence is separated in to segmen ts at the

p oin ts where an in teractee is immediately follo w ed b y an in teractor. In terac-

tors and in teractees can only b e paired within the same segmen t. (2) Eac h

in teractor is asso ciated with the next o ccurring in teractee in the segmen t. (3)
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[These j Here j ha v e j ,] (4) [data j w e j previously j the j wild] (1)

[suggest j sho w j rep orted j transcription j -] (2) [that j factor j t yp e j of ]

(15) PR OT (14) [surface j of j - j with j b ound j activ ate] (0) PR OT

(27) .

Fig. 10. Sample protein-extraction rule learned b y ELCS. T ok en PR OT stands for

protein name.

If there are few er in teractors (in teractees) than in teractees (in teractors) in

the segmen t, use the last in teractor (in teractee) in constructing the remaining

pairs. In our h uman-tagged in teraction corpus, assuming in teractors and in-

teractees are prop erly tagged, this approac h iden ti�es all the in teracting pairs

with 99.2% accuracy .

Both of these approac hes ha v e b een used to train BWI (Section 3.1.3) to ex-

tract in teracting proteins, and the Role-�ller approac h has b een used to train

Rapier (Section 3.1.2) to extract in teractions. Rapier could not learn to

extract in ter�llers successfully , since, in the w orst case, the time complexit y

of its generalization algorithm can gro w exp onen tially in the length of a �ller.

Since extracted en tities are usually fairly short, this is t ypically not a prob-

lem in standard slot-�lling IE. Ho w ev er, the long in ter�llers in man y protein

in teractions prev en ted us from running Rapier with the In ter�ller approac h.

4.1.2 Extr action using L ongest Common Subse quenc es (ELCS)

W e ha v e also dev elop ed a new metho d for directly learning patterns for ex-

tracting relations b et w een previously tagged en tities. Blasc hk e et al. [3,4] man-

ually dev elop ed rules for extracting in teracting proteins. Eac h of their rules

(or frames) is a sequence of w ords (or POS tags) and t w o protein-name to-

k ens. Bet w een ev ery t w o adjacen t w ords is a n um b er indicating the maxim um

n um b er of in terv ening w ords allo w ed when matc hing the rule to a sen tence.

Here w e describ e a new metho d ELCS (Extraction using Longest Common

Subsequences) that automatically learns suc h rules.

ELCS' rule represen tation is similar to that in [3,4], except that it curren tly

do es not use POS tags, but allo ws disjunctions of w ords. Figure 10 sho ws an

example of a rule learned b y ELCS. W ords in square brac k ets separated b y

` j ' indicate disjunctiv e lexical constrain ts, i.e. one of the giv en w ords m ust

matc h the sen tence at that p osition. The n um b ers in paren theses b et w een

adjacen t constrain ts indicate the maxim um n um b er of unconstrained w ords

allo w ed b et w een the t w o (called a wor d gap ). A sen tence matc hes the rule if

and only if it satis�es the w ord constrain ts in the giv en order and resp ects the

resp ectiv e w ord gaps.

A sen tence in the training data ma y con tain more than t w o proteins and more
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than one pair of in teracting proteins. In order to extract the in teracting pairs,

the rules should b e trained to pic k out exactly the in teracting proteins from

the sen tences. T o do this w e replicate the sen tences ha ving n proteins ( n > 2)

in to C

n

2

sen tences suc h that eac h one has exactly t w o of the proteins tagged,

with the rest of the protein tags omitted. If the tagged proteins in teract, then

the replicated sen tence is added to the set of p ositiv e sen tences, otherwise it

is added to the set of negativ e sen tences. During testing, a sen tence ha ving n

proteins ( n > 2) is again replicated in to C

n

2

sen tences in a similar w a y . If suc h

a replicated sen tence matc hes one of the rules, then the system extracts the

t w o proteins tagged in that sen tence as in teracting proteins.

ELCS induces rules using a b ottom-up approac h. Rule induction starts with

maximally sp eci�c rules for eac h p ositiv e sen tence whic h con tain all the w ords

in the sen tence with zero-length w ord gaps. These are then rep eatedly general-

ized to form more general rules un til the rules b ecome o v erly general and start

matc hing negativ e sen tences. W e ha v e dev elop ed three metho ds for generaliz-

ing rules. The �rst simple metho d to pro duce a generalization of t w o rules is to

�nd the longest c ommon subse quenc e (LCS) of w ords b et w een them. E�cien t

algorithms for computing an LCS are presen ted in [10,23]. After �nding the

LCS b et w een t w o rules, w e determine the size of w ord gaps b et w een ev ery t w o

adjacen t w ords in their LCS as the larger of the n um b er of w ords plus the

sum of existing w ord gaps b et w een the t w o LCS w ords where they are found

in the original t w o rules.

Our second approac h to generalization uses e dit distanc e (ED) [23] and creates

more sp eci�c rules that con tain disjunctiv e constrain ts. The most common edit

distance is Lev ensh tein distance [33], de�ned as the minim um n um b er of edit

op erations (adding, deleting, or replacing an item) required to con v ert one

sequence in to another. W e use the minimal edit-op eration sequence obtained

when computing Lev ensh tein distance to generalize t w o rules. W e preserv e the

common w ord constrain ts b et w een the rules, mak e disjunctions of constrain ts

when one item is replaced b y another in the edit sequence, and drop constrain ts

that are added or deleted in the edit sequence. Finally , w e in tro duce w ord gaps

using the metho d describ ed for the LCS-based generalization.

The third generalization metho d �nds all common sequences b et w een the t w o

rules and considers their c onjunction (CJ) as the generalization. Unlik e the

previous t w o metho ds, this metho d is asso ciativ e, i.e. w e get the same gener-

alization of a set of rules irresp ectiv e of the order in whic h w e generalize t w o

of them at a time. If there is an y common pattern among the base rules then

this prop ert y guaran tees that the pattern will also app ear in the generalization

(note that it is p ossible to lose suc h a common pattern while taking LCS of

t w o rules at a time). W ord gaps are then in tro duced as in the previous t w o

metho ds. Figure 11 sho ws generalization of t w o sen tences obtained b y eac h of

these metho ds.
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Sentenc e 1: The self - asso ciation site app ears to b e formed b y in teractions

b et w een helices 1 and 2 of b eta sp ectrin

1

rep eat 17 of one dimer with helix 3

of alpha sp ectrin

1

rep eat 1 of the other dimer to form t w o com bined alpha -

b eta triple - helical segmen ts .

Sentenc e 2: Title - Ph ysical and functional in teractions b et w een the tran-

scriptional inhibitors Id3

2

and ITF - 2b

2

.

Gener alization using longest c ommon se quenc e (LCS):

- (7) in teractions (0) b et w een (5) PR OT (9) PR OT (17) .

Gener alization using e dit-distanc e (ED):

[self j Title] (0) - (4) [b e j Ph ysical] (0) [formed j and] (0) [b y j functional] (0)

in teractions (0) b et w een (2) [and j the] (0) [2 j transcriptional] (0) [of j inhibitors]

(0) PR OT (8) [of j and] (0) PR OT (17) .

Gener alization using c onjunctions (CJ):

f - (7) in teractions (0) b et w een (5) PR OT (9) PR OT (17) . g

V

f - (11) and

(6) PR OT (9) PR OT (17) . g

Fig. 11. Generalizations of t w o sen tences using di�eren t metho ds. Protein names

ha v e b een underlined and same sub-script n um b ers indicate in teractions b et w een

them. T ok en `PR OT' stands for protein name.

Using one of these generalization metho ds, a greedy-co v ering, b ottom-up rule-

induction metho d is used to learn a small set of rules that co v er all the p ositiv e

sen tences without co v ering man y negativ e ones. W e use an algorithm similar

to b eam searc h and consider only the r b est rules for generalization at an y

time. W e start with r randomly selected p ositiv e examples. These r rules are

generalized with one of the remaining p ositiv e examples to obtain r more

rules. Out of these 2 r rules w e select r rules with the highest con�dence lev el

and allo w further generalization with the remaining p ositiv e examples. After

iterating o v er the remaining p ositiv e examples in this w a y , the r b est rules are

�nally included in the set of learned rules and the p ositiv e examples co v ered

b y them are remo v ed. The en tire pro cess is rep eated till w e exhaust the set of

p ositiv e examples.

W e measure the con�dence lev els of our rules using m -estimate [9] whic h is a

measure of exp ected accuracy of a rule. It is de�ned as: c on�denc e level ( rule ) =

p + m:p

+

p + n + m

, where p and n are the n um b er of p ositiv e and negativ e examples

co v ered b y the rule, p

+

is the prior probabilit y of p ositiv e examples and m is

a parameter whic h should b e set according to the amoun t of noise in the data.

W e set p

+

as the fraction of examples in the training data whic h are p ositiv e

and set m based on pilot studies.

The generalizations obtained using an y of the metho ds ma y result in rules that
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in teractions (0) b et w een (4) PR OT (0) and (4) PR OT (16) .

PR OT (0) / (0) PR OT (10) hetero dimers (36) .

[binding j substitution j AB j addition j In terestingly j TI j in teractions] (0)

[of j - j ,] (3) PR OT (19) [to j for j : j same j with] (10) PR OT (30)

[nM j binding j 1 j CDK6 j CCR8 j death] (9) .

[link er j TI j armadillo j b558 j of ] (0) [- j , j a] (5) PR OT (13) [and

j / j with j to j con taining] (0) PR OT (2) .

f , (11) PR OT (25) and (8) to (9) PR OT (66) . g

V

f , (11) PR OT (16) bind

(18) PR OT (66) . g

f , (10) PR OT (5) for (7) PR OT (9) . g

V

f , (10) PR OT (4) binding (6) PR OT

(9) . g

Fig. 12. Some example rules learned b y ELCS; the �rst t w o w ere learned using LCS

generalization, the next t w o using ED generalization and the last t w o using CJ

generalization.

do not con tain t w o protein-name tok ens. This is �ne for extracting protein

in teractions b ecause w e alw a ys apply the rules to sen tences con taining exactly

t w o protein names (if they con tain more than t w o protein names then w e

replicate the sen tence as describ ed earlier). Ho w ev er, constraining learned rules

to con tain t w o protein names is a useful bias. Therefore, w e divide eac h of the

training sen tences in three parts: the p ortion of the sen tence b efore the �rst

protein name, the p ortion b et w een the t w o protein names, and the p ortion

after the second protein name. When w e generalize t w o rules, w e generalize

these three parts separately . This ensures the rule will alw a ys con tain t w o

protein-name tok ens. Figure 12 sho ws some sample rules learned b y ELCS.

4.2 Exp erimental R esults

4.2.1 Exp erimental Metho dolo gy

Medline abstracts w ere pre-pro cessed as describ ed in Section 3.2.1. All our sys-

tems for extracting in teractions require sen tence segmen tation since only the

proteins within a sen tence are considered when iden tifying in teractions. This

constrain t is satis�ed b y all in teractions in our corpus b ecause while man ually

tagging the corpus with in teractions w e did not �nd a single instance where

the t w o in teracting proteins w ere in di�eren t sen tences. W e also compared

our systems with Blasc hk e et al. 's man ually-written rules [4]. Since these rules

require POS tags, w e used Brill's POS tagger. W e also tested a v ersion of

the h uman-written rules in whic h the POS tags are replaced b y t ypical w ords
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indicating in teractions suc h as activation , phosphorylation or inter action for

nouns and activates , binds or phosphorylates for v erbs, similar to the approac h

in [3]. These man ually-written rules w ere dev elop ed to capture the common

w a ys of expressing protein in teractions in natural language, lik e \protein A

binds/in teracts ... (with) protein B" (see the SUISEKI system o v erview in [4]).

Suc h natural language constructions are general enough and not sensitiv e to

an y particular dataset. Hence w e applied these rules on our dataset to mak e

a direct comparison with our systems.

W e did t w o exp erimen ts to ev aluate the p erformance of protein in teraction

extraction. In b oth exp erimen ts the mac hine learning systems w ere trained

using the man ually tagged abstracts (see Section 2.1) with proteins and their

in teractions. The t w o exp erimen ts di�er in the w a y w e tested the systems. In

the �rst exp erimen t w e pro vide man ually tagged protein names to our systems

and extract in teractions among these proteins. This w a y w e get a measure of

ho w the protein in teraction extraction systems alone p erform indep enden t

of the protein name extraction systems. In the second exp erimen t w e �rst

�nd protein names in the abstracts using our b est system for protein name

extraction, MaxEn t (see Section 3.2.2), and then extract in teractions among

these proteins. This giv es a true measure of ho w our systems can p erform at

extracting protein in teractions from completely un tagged abstracts. Blasc hk e

et al. 's man ually-written rules also require protein names, in this exp erimen t

w e also test those rules b y pro viding them with our extracted protein names.

F or this exp erimen t w e c hose the p oin t on the MaxEn t's precision-recall curv e

(Figure 8 (a)) whic h giv es 70% precision and ab out 90% recall for protein

name extraction.

As in Section 3.2.1, p erformance is ev aluated using ten-fold cross v alidation

and measuring recall and precision. W e consider an extracted in teraction from

an abstract correct only if b oth its proteins ha v e b een h uman-tagged as in-

teracting with eac h other somewhere in that abstract. As the task of in terest

is only to extract in teracting protein-pairs, in our ev aluation w e don't con-

sider matc hing exact p ositions and ev ery o ccurrence of in teracting protein-

pairs within the abstract. F or those IE metho ds whic h output extraction

con�dences, if w e extract more than one o ccurrence of in teraction b et w een

t w o proteins then w e com bine their extraction con�dences using the standard

Noisy-Or metho d [39].

4.2.2 Quantitative R esults

Figure 13 sho ws recall-precision results for protein-in teraction extraction when

tested on abstracts that ha v e b een man ually tagged for protein names and

Figure 14 sho ws the results when tested on abstracts in whic h protein names

w ere tagged using our b est protein name extractor. W e plotted a precision-
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Fig. 13. Precision-recall graphs for protein in teraction extraction using correct pro-

tein names.

recall curv e for BWI b y utilizing its extraction con�dence, and for ELCS

using the con�dence lev els of the rules whic h extract the in teractions. Since

Rapier and h uman-written rules do not pro duce con�dences, only a single

recall-precision p oin t is sho wn for eac h of them.

4.2.3 Discussion of R esults

F rom Figure 13 it can b e seen that BWI giv es v arying degrees of high pre-

cision, but its recall is generally quite lo w. Rapier also giv es relativ ely high

precision but lo w recall. ELCS tends to giv e higher recall with only a mo dest

decrease in precision compared to BWI and Rapier . When w e use the pro-

tein names extracted from our protein name extractor instead of the correct

protein names, not surprisingly the p erformance of all the systems degrade

but they still o�er reasonable ranges of precisions and recalls (Figure 14).

These results demonstrate that mac hine learning systems can pro vide higher

precisions than the h uman-written rules. In order to a v oid o v er-loading h uman

curators with to o man y false p ositiv es when extracting kno wledge from large

v olumes of text, a general emphasis to w ards higher precision seems appropri-

ate. The mac hine learning systems also o�er a wide range of precision-recall

trade-o� whic h can b e suitably utilized b y a user dep ending on the needs of
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Fig. 14. Precision-recall graphs for protein in teraction extraction using extracted

protein names.

the application. The mac hine learning systems can also pro vide recalls higher

than the b est recall the h uman-written rules could pro vide. Hence the mac hine

learning systems out-p erform the man ually-written rules in sev eral w a ys.

5 Conclusions and F uture Researc h

After comparing a n um b er of metho ds for extracting h uman protein names

and in teractions, w e obtained the b est p erformance for protein tagging with a

maxim um en trop y learning metho d that exploits a generalized protein-name

dictionary . F or extracting protein in teractions, w e found that sev eral metho ds

for learning extraction rules out-p erform the hand-written rules in pro viding

higher precisions and in o�ering a wider range along precision-recall trade-

o�. T ok en classi�cation metho ds lik e k -NN, TBL, SVM, and MaxEn t are not

directly applicable to extracting in teractions; ho w ev er, w e plan to test HMMs

on extracting in teractions in the near future.

Clearly , the abilit y to extract h uman proteins and their in teractions still needs

signi�can t impro v emen t. W e foresee impro v emen t in three general areas: b etter

training data, b etter learning metho ds, and b etter use of external kno wledge.
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Larger training sets are alw a ys b ene�cial to learning systems; ho w ev er, man-

ually tagging data is v ery time consuming. One alternativ e approac h is to use

existing kno wledge to automatically pro duce we akly lab ele d training data [15].

Another approac h is to use activ e learning to select only the b est training

examples for h uman lab eling [52]. A third approac h is to utilize a mixture of

b oth lab eled and unlab eled data during training [12].

Impro v ed learning algorithms for information extraction con tin ue to b e de-

v elop ed. Recen tly , a n um b er of metho ds for impro ving HMMs ha v e b een pro-

p osed, including linear in terp olating HMMs [11], maxim um-en trop y Mark o v

mo dels [36], and conditional random �elds [30].

Existing biological kno wledge can also b e used to impro v e extraction p erfor-

mance. Curren tly w e ha v e only exploited dictionaries of kno wn protein names.

Using learning to revise initial h uman-written extraction rules has also b een

sho wn to impro v e p erformance [18]. One can imagine man y other sources of

external kno wledge: global statistical prop erties of abstracts, existing in terac-

tion or path w a y data, prior exp ectations for �nding protein names, and dic-

tionaries of near-miss negativ e examples of protein names. Filtering prop osed

in teracting proteins b y comparing their gene-expression data or examining

their co-o ccurrences in other abstracts or w eb pages could also pro v e useful.

In the future, it will also b e in teresting to dev elop IE systems for extracting

other asso ciations with genes. A few examples include extracting informa-

tion ab out p ost-translational mo di�cations of proteins, iden tifying genes that

are sp eci�cally in v olv ed with diseases, iden tifying genes that are co-regulated,

extracting protein-drug in teractions, protein-metab olite in teractions and in-

formation ab out the dynamics and dep endencies of these pro cesses.
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