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ABSTRACT

Motivation: Although there are several databases storing
protein—protein interactions, most such data still exist only in
the scientific literature. They are scattered in scientific literat-
ure written in natural languages, defying data mining efforts.
Much time and labor have to be spent on extracting pro-
tein pathways from literature. Our aim is to develop a robust
and powerful methodology to mine protein—protein interactions
from biomedical texts.

Results: We present a novel and robust approach for extract-
ing protein—protein interactions from literature. Our method
uses a dynamic programming algorithm to compute distin-
guishing patterns by aligning relevant sentences and key
verbs that describe protein interactions. A matching algorithm
is designed to extract the interactions between proteins.
Equipped only with a dictionary of protein names, our system
achieves a recall rate of 80.0% and precision rate of 80.5%.
Availability: The program is available on request from the
authors.

Contact: zxy-dcs@tsinghua.edu.cn; mli@uwaterloo.ca

INTRODUCTION

protein interactions still exist only in the scientific literature,
written in natural languages and hard to be processed with
computers.

How to extract protein interaction information has been an
active research subject. Among all methods, natural language
processing (NLP) techniques are preferred and have been
widely applied. These methods can be regarded as parsing-
based methods. Both full and partial (or shallow) parsing
strategies have been attempted. For example, a general full
parser with grammars for biomedical domain was used to
extract interaction events by filling sentences into argument
structures (Yakushijgt al., 2001). No recall or precision rate
using this approach was given. Another full parsing method,
using bidirectional incremental parsing with combinatory cat-
egorialgrammar (CCG), was proposed (Ragt., 2001). This
method first localizes target verbs, and then scans the left and
right neighborhood of the verb respectively. The lexical and
grammatical rules of CCG are more complicated than those of
ageneral CFG. The recall and precision rate of the system were
reported to be 48% and 80%, respectively. Another full parser
utilized a lexical analyzer and context-free grammar (CFG),
to extract protein, gene and small molecule interactions with

Recently, there have been many accomplishments in literatui@ recall rate of 63.9% and precision rate of 70.2% (Temkin
data mining for biology applications, many of which focus and Gilder, 2003). Similar methods such as preposition-based
on extracting protein—protein interactions that are scatteregarsing to generate templates were proposed (Leroy and Chen,
throughout the scientific literature. Many research project2002), processing abstracts with a template precision of 70%.
have been devised to collect information on protein interacA partial parsing example is the relational parsing for the inhib-
tions. Several databases have been constructed to store suidan relation (Pustejovskgt al., 2002), with a comparatively
data, for exampleDatabase of Interacting Proteins (Xenarios  low recall rate of 57%. In conclusion, the above methods
et al., 2000; Salwinskgt al., 2004). However, most data in are inherently complicated, requiring many resources, and
these databases were accumulated manually and inadequatgigrformances are not satisfactory.

at high costs. Yet, scientists continue to publish their dis- Another popular approach uses pattern matching. As an
coveries on protein interactions in scientific journals, withoutexample, a set of simple word patterns and part-of-speech
submitting their data to specific databases. As a result, mostles are manually coded for each verb in order to extract
special kind of interactions from abstracts (Gal., 2001).
Ono’s method outperforms parsing-based methods in that it

*To whom correspondence should be addressed.
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Discovering patterns to extract protein—protein interactions from full texts

is based on simple rules. It is able to handle long sentencek(i, j) is recursively calculated as follows:
and achieves high performances with a recall rate of 85% and ) i
precision rate of 94% for yeast arfscherichia coli. How- F@i,00=0,F(0,j)=0x,y; € X (1a)
ever, manually writing patterns for every verb is not practical 0
for general purpose applications. In GENIES, more complic- . ;

g purp pp P FGi—1,j—1+sxiy)

ated patterns with syntactic and semantic constraints are used F(i, j) = max i ) O (1b)
(Friedmaret al., 2001). GENIES even uses semantic inform- F@i—1,7) +s(xi," =)
ation. However, GENIES’ recall rate is low. In the above FG,j—1D+sC-, y))
methods, patterns are hand-coded without exception. Becaus% by is defined as foll )
there are many verbs and their variants describing proteiW eres(a, b) Is defined as follows:
interactions, manually coding patterns for every verb and its p(a,b)
- : 0o : ot s(a,b) =log| —————— 2)
variants is not feasible in practical applications. (p(a) * p(b))

Most of the above methods process MEDLINE abstracts
(Ng and Wong, 1999; Thomas al., 2000; Parlet al., 2001; Here, p(a) denotes the appearance probability of character
Yakushiji et al., 2001; Wong, 2001; Leroy and Chen, 2002). @ndp(a, b) denotes the probability thatandb appear at the
Because there is neither an accurate task definition on th&Mme position in two aligned sequences. Probabilities),
problem nor a standard benchmark, it is hard to compare th&(a, b) can be estimated by formulad2) with pre-aligned
results from various methods fairly (Hirschmetral., 2002). ~ training data:

Furthermore, as MEDLINE has become a standard resource
for researchers, the results on the more difficult task of mining ~ p(a) =[C(a) + 1]/Z[C(X) + 1] (3a)
full text have been largely ignored. all x
In this paper, we propose a novel and robust method to
discover patterns to extract protein interactions. It is based 7@ b) =[C(a,b) + 1]/ Y. [Cxy»+1 (3D

on dynamic programming (DP). In the realm of homology all pairs(x,y)

search between protein or DNA sequences, a global and IOCWhereC(a) denotes the count of characteappearing in the
alignment algorithm has been_ thoroughly researched(NeedIQr—aining corpus, and’(a, b) denotes the number of aligned
man and Wunsch, 1970; Smith and Waterman, 1981). In 0Us4ir (;, ) being observed in the training set. Note th@at§ +
method, by aligning sentences using dynamic programming}y jnstead of”(-) is used since characters or pairs are possibly
similar parts in sentences could be extracted as patterns. CoRayer observed in the training data because of data sparseness.
pared with the previous methods, our proposal is different i”l'hus, formula (3-b) is a smoothed estimation.

the following ways: first, it processes full biomedical texts, owever, the calculation of scores for a gap will be different.
rather than only abstracts; second, it automatically mines, formula (2), wheru or b is a gap, the scores cannot be
verbs for describing protein interactions; third, this methOddirectly estimated by formula (3+) because of two reasons:
automatically discovers patterns from a set of sentences Wh0$ﬁst, the case thata gap aligns to another gap will never happen
protein names are identified, rather than manually creating, ne alignment algorithm since it is not optimal, therefore,
patterns as the previous methods do; last, our method hfi’ﬁhats(‘—',‘—’) exactly means is unclear; second, gap penalty
low time complexity and it is able to process very 10ng shoyld be negative, but it is unclear what—") should be.

sentences. In DNA sequence alignment, these gap penalties are simply
assigned with negative constants. Similarly, we tune each gap
METHOD penalty for every character with some fixed negatives. Then a

In thi i first di th i I{near gap model is used.
r; !tsh SeCT'r?”’ t\a’e 'rft ISCUsS t'e S(alqugphce angnment iven a sequence of gaps with lengthwhich aligns to
algorithm. Then the patlern generating aigonthm 1S pre.senéequenca = (x1,x2,...,X%;) Withno gaps, the linear penalty
ted. At last, the matching algorithm for extracting interactions. i
L . is as follows:

between proteins is described. n

_ _ y(n) =Y s, x). (4)
Alignment algorithm i1
Suppose we have two sequencés= (x1,x2,...,x,) and  For sequenceX of length » and sequence& of length
Y = (y1,¥2,...,ym). They are defined over the alphabet m, totally (n + 1)x(m + 1) scores will be calculated by
Y = {ay,a2,...,a;—1,"—"} where eachy; is called a char- applying formula (&-b) recursively. Store the scores in
acter, and ‘~’ denotes a white-space or a gap. We assigna matrix F = F(x;,y;). Through back-tracing inF, the
score to measure how similarandY are. DefineF (i, j) as  optimal local alignment can be found. The local align-
the score of the optimal alignment between the initial segmentnent algorithm can be found at http://learn.tsinghua.edu.
from x1 to x; of X and the initial segment fromy to y; of Y. cn/homepage/2000315648/local_align.pdf.
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Table 1. Main tags used in the method Input: an integer d, a sequence set g — (5,8,,00,8.)
Output: pattern set P
Tag name Tag description 1. Remove useless tags from each s;in S
2. Forany (5,5, )e S(i= j) do
PTN Special tag for protein name ©.Do alignment for s; and s with formula (1a-b).
GAP(—) Tag for the gap Suppose aligned output is X; and Y};
NN Noun, singular or mass @.Extract the identical characters at the same
NNS Noun, plural positions in X; and Y}, as pattern p. Add word indices
o - —— to pattern structure;
IN Preposition, subordinating conjunction i ) _— )
cc Coordinating conjunction -©;;Jsumgega\7h;;htir£;2 I;_gal, using the filtering rules. If it
I/g \t/?arb base form @.If p exists in P, increase the count of p with 1. If not,
' add p to P with a count of 1;
VBD Verb, past tense 3. Forevery pin P, do
VBG Verb, gerund or present participle " Ifthe count of p is less than d, discard p;
VBN Verb, past participle 4. Output P. ' '
VBP Verb, non-third person singular present
VBZ Verb, 3rd person singular present
RB Adverb Fig. 1. Pattern generating algorithm. It has a time complexity of
JJ Adjective

O (n?) in the corpus size.

Table 3. Filtering rules

Table 2. Gap penalties for main tags

1. If a pattern has neither verb tag nor noun tag, reject it.
2. If the last tag of a pattern is IN or TO, reject it.

Tag Penalty Tag Penalty Tag Penalty 3. If the left neighborhood of a CC tag is not equal the right one in a pattern,
reject the pattern.

PTN -10 IN -6 VB -7

NN ;) ccC -6 VBD -7

NNS -7 TO -1 VBG -7 . . . .

VBN _7 VBP _7 VBZ _7 sentence; h.enc_e, if patterns include such kind oftags,_they lose

RB 1 33 _1 the generalization power. Some tags sucBagdeterminer)

only play a functional role in a sentence and they are useless
for pattern generation. Therefore, as illustrated in the first
step of Figure 1, we remove directly useless tags sucld,as

In our method, the alphabet consists of three kinds of tagsiJS (superlative adjective)]lJR (comparative adjectiveRB,
part-of-speech tags, as those used by Brill's tagger (BrillRBS (superlative adverbRBR (comparative adverb) aridT
1995); tagPTN for protein names; and ta@AP for a gap. from the sequences. Furthermore, to control the form of a
The main tags are listed in Table 1. Gap penalties for thespattern, filtering rules shown in Table 3 are adapted. Verb
tags are shown in Table 2. or noun tags define the action type of interactions, thus they

] ) are indispensable, as the first rule shows. The second rule

Pattern generating algorithm guarantees the integrality of a pattern because tagd Mke
In our method, a data structure called sequence structure @81dTO must be followed by an object. The last one requires
used. It consists of a sequence of tags (includigy and  symmetry between the left and right neighborhoo@@6ftag.
GAP) and word indices in the original sentence for each tagCertainly more rigid or looser filtering rules can be applied to
(for tagPTN andGAP, word indices are settel). Through  meet special demands.
the structure, we are able to trace which words align together. Furthermore, we use a threshaldn the algorithm. If a

A pattern structure is also devised, which is made up ofpattern appears less thdrimes, it will be discarded; other-
three parts: a sequence of tags; an array of word index lists favise they will cause many matching errors. Through tuning
each tag, where each list defines a set of words for a tag thée threshold, the generalization and usability of patterns can
can appear at the corresponding position of a pattern; a coube controlled. The larger the threshold is, the more accurate
of how many times the pattern has been extracted out frorpatterns are.
the training corpus. With the structure, the pattern generatin]% ] )
algorithm is shown in Figure 1. The filtering rules used in Pattern matching algorithm
Figure 1 are listed in Table 3. To evaluate patterns generated previously, a matching

In the first step of the algorithnuseless tags are removed algorithm is explored. Because one pattern possibly matches a
from each sequence. Tags lik& (adjective) andRB (adverb)  sentence at different positions, the algorithm must be capable
are too common and can appear at almost every position in@f finding out multiple matches. Here if we think a pattern as

3606

Downl oaded from https://academ c. oup. com bi oi nformatics/articl e-abstract/20/18/ 3604/ 202574
by Tsinghua University Library user
on 23 April 2018



Discovering patterns to extract protein—protein interactions from full texts

a mlotif, aqd sentence as a_prc_)tein sequence, then our task il |nput: a pattern set P=(py, ps»...s p,)» @ SEQUENCE X
similar to finding out all motifs in the sequence. Output: aligned result set R

First of all, matches scoring less than a threshold are use- 1. For every pattern p;in P, do
less because there is always short local alignment with asmall ~ ©.Set threshold T for pattern p;, using formula (6);
score even between entirely unrelated sequences. An align{ ~@For X' and the sequence of pattern p;; build score
ment is short if the length of aligned segments is less than matrix F using formula (5a-b);

e h . ®.Trace back to find multiple matches. Suppose the

three, because a protein interaction requires at least three tag resultsare 4 = (X . Y 1
(a subject, an action word and an object). We would look for | e

T » ar¥ !
@.For every result X5 in A,

multiple matches in a tag sequente= (x1,xz, .. .,x,) and (a) Check whether every word in X aligned to p;
Y = (y1,y2,..., ) IS a pattern. The recurrence defined by appears in the corresponding position of p;, if not, go
formulae (5a-b), is different from that of the pattern generat- tostep @; _
ing algorithm. Formula (5a) only allows matches to end when (b) Fill all the data in mVector as Formula (7);
(c) Decide to accept or reject the match according to
they score at leadt. . ;
decision rules. If reject, goto step @;
_ (d) Add X to the result set R;
F©0,0=0 2. Output R.
F(Gi—1,
FG,0=max{ 10 (5a) _ o |
FG-1,))-T,j=1,2,...m Fig. 2. Pattern matching algorithm. Its time complexity(g| P| *
. (IX] = | p])) in pattern set sizeP|, sequence lengttX | and average
F(i,0), length of patternp|.
FGi-1,j-1 i Vi
Fi,j)=maxd L@ =17 =D +s@iyg) (5b) g
F(i—1,j)+sx,“) Table 4. Decision rules
FG,j—D+s(=, yj)

) ) ) Input: two parameter® andV
The total score of all matches is obtained by adding an extra. if cMatch cLen, reject the match;

cell F(n + 1,0) to the score matri¥’, using (5a). By tra- 2.ifcPtn> P, reject the match;
cing back from cell £ + 1, 0) to (0,0), the individual match 3-if ¢Vb > V. reject the match;
alignment will be obtained.

Because each pattern has different length, thresfioiial , i
formula (5a) should not be identical for different patterns.” = 2. The first rule shows that the deletion of elements

Assume the sequence for a pattgfris Y = (y1, y2,- .., Ym), ina pattern is inhibited. 'I_'he second and third rules limit the
then threshold’ is calculated as follows: maximum numbers of skipped t&JN andVB.
T=n) sy 6) SYSTEM OVERVIEW
i=1 Our system uses the frameworkRethwayFinder (Yaoetal.,

2004). Its architecture is shown in Figure 3.
score when a pattern matches a sentence perfectly (Fig. 2) The e_xternal resource required in our method is a dictionary
From the algorithm, a match is accepted only when t'hre'ofprotem names, where a_bout60,000 items are collected from
' %)oth databases #hthwayFinder and several web databases,

conditions are satisfied: first, a pattern has a local optlmaSuch asSITEMBL, SMSSPROT (O’Donovanet al., 2002) and

mat(_:h \.’gth thhe sen;ence, ?eﬁond, Worc.js r?.f (tjhedma_\t(_:hlng ?agGD (Cherryet al., 1997), including many synonyms. The
::2 .l,r:;ilsf?e:j e word set of the pattern; third, decision ru e%raining corpus contains about 1200 sentences. It is explained
To iIIustrat.e the matching details, a measurement daté\n detail " the section on rgsults. —
structurem Vector is defined as foIIowé' For an input sentence, first some filtering r'uIe.s are adap-
' ted to remove useless expressions such as citations (‘[1]') at
mVector = (cLen,cMatch,cPtn,cVb), @ the _pre-p_rpcessing phase. Then prgtein nam_es_in the sentence
are identified according to the protein name dictionary and the
wherecLen is the length of the patterrgMatch is the num-  names are replaced with a unique label. Subsequently, the sen-
ber of matched taggPtn is the number of protein name tag tence is part-of-speech tagged by Brill's tagger (Brill, 1995),
(PTN) skipped by the alignment; araV/b is the number of and thenthe tag of protein names is changed t@Tag There
skipped verbs. Based on the structure, decision rules showare about 36 tags in the original Brill's tagger, the majority
in Table 4 are used. There are two paramefeendV used  of which have been listed in Table 1. Last, the tag sequence
in the decision rules, which can be adjusted according to thes added into the corpus at the training phase or processed by
performance of the experiments. Here, we tdke= 0 and  the matching algorithm at the testing phase.

Here, we take the factgr= 0.5x >_ s(y;, y;) isthe maximum
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N ______JI Table 5. Features used in morphology-based tagging
Protein Name Corpus |
Database P — Da_t_ai)a_s:e__/

Pattern —

E,')* A Feature Tag Examples
l E
Protein Name @ Generating | AllCaps NN  CSN, APC/C
Identification = Algorithm | FirstLowRestCaps NN  mHOS, rMGMT
? v o ContainCapsAndGreek NN TNF-alpha
= ContainCapsAndRoman NN  TbR-l, CaMKII
| Preprocessing | [ Matching algorithm <« ContainCapsDigit NN E3, Mdm2
T ¢ FirstLowRestDigit NN p22, p24
— - ContainCapsSymbols NN ARR, UbL[R23], p42/44, (H)Mdm2
Sentence | _Protein interactions] TwoMoreCaps NN  DHFRts, RNAi
Last_s_and_prev_Caps NNS SnRKs, AlIPs
x-VBD_or_VBG_or_ JJ IIbeta-binding, B-bound, ubiquitin-like

Fig. 3. System architecture. VBN_or_IN_or 374

means any word)
Because the pattern generating algorithm is aligning tag
sequences, the accuracy of part-of-speech tagging is cru-
cial. However, Brill's tagger only got overall 83% accuracy Table6. Part-of-speech tagging accuracy
for biomedical texts because biomedical texts contain many

unknown words. Here we propose a simple and effectiver,g Without With Total
approach called pre-tagging strategy to improve the accuracy. pre-tagging (%) pre-tagging (%) count
It is described in the section on results at length.

We do not include the parameter estimation module irnN 68.3 92.4 139883
Figure 3. About 200 aligned sentence pairs are collected ifN 98.8 99.7 60523
advance, and formula (3a—b) and (4) are simply applied tg” 80.1 84.2 47988
estimate the scores. NS 4.7 9.9 32930

cc 91.9 92.3 17496

VBN 93.0 93.7 14664

RESULTS RB 95.4 94.4 10464
) VBD 85.4 85.5 10350

The corpus consists of about 1200 sentences. They are calo 99.5 99.5 7417
lected by the following steps: first a web crawler programvs 96.9 97.1 5495
is used to download biomedical papers of interest from thé/BG 90.6 90.6 4750
internet with the keyword ‘protein—protein interaction’, and VB4 3‘;‘; 3‘;‘? %faﬁ
the papers are sorted automatically according to their relevy ¢ . 828 928 368016

ance to the query; then the first 50 papers are selected, and full
texts are segmented into sentences, where the number of sen-

tences is about 65,536; then protein names in these sentencef ber of taqai our idea is- first .
are identified; finally, sentences with fewer than two proteina arge number ortagging errors. Our igea is: Tirst recognize

names are discarded. Note that the sentences which contain®t unlfr-\own word usmq morphologlcal features. and assign a
least two protein names may include no protein interaction ag to it; then apply Brill's tagger with a pre-tagging strategy.

at all. Our corpus does not exclude such kind of sentences. able 5 shows features used in the morphology-based tagging.
The last feature of Table 5 indicates that if a word is hyphen-

Our evaluation experiments include four tests: part-of- ted b | q dthe last word be ta0aWBR
speech tagging, mining verbs, extracting patterns and eva@e y severalwords and the last word can be tagg »
: L BG, VBN, IN andJJ, it will be tagged adJ. If an unknown
uating the precision and recall rate. L . : .
word satisfies feature listed in the first column of Table 5, the
Part-of-speech tagging corresponding tag in the second column is assigned to it. We

As mentioned before, the accuracy of part-of-speech tagging?! the tag a pre-tag. Then the following pre-tagging strategy

is crucial for our method. Thus, high accuracy of tagging is'> aPpPlied:

necessary. Brill's tagger consists of three parts: a lexicon, a (1) Do not apply lexical rules or contextual rules on pre-
lexical rule set and a contextual rule set. To tag a sentence,  tagged words;

first of all each word is assigned an initial tag according to the
lexicon for known words. For unknown words, lexical rules

are applied and each rule gives atag. Then contextual rules are
used to tune the initial tags. However, most lexical rules are The tagging results are shown in Table 6. The experi-
not suitable for unknown words in biomedical texts, causingment is performed on GENIA corpus which is the largest

(2) For the neighborhoods of pre-tagged word, apply
contextual rules according to the pre-tagged word.
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Table 7. Mined verbs describing protein interactions Extracting patterns

The pattern generating algorithm is performed on the whole
activate conjugate mediate corpus withFWL. The threshold! is 5 here. The rules in
abolish down-regulate modify Table 3, plus the following rule, are applied.
accelerate _enhance prevent If the action word of a patternisnot in FWL, reject it.
affect inactivate phosphorylate

This rule guarantees that the main verb or noun in each

alter induce regulate . .. .

amplify infect stimulate pattern exactly describe protein interactions. The exper-
assemble inhibit suppress iment runs on about 1200 sentences, with threshold

associate interact transactivate ¢ = 5, and 134 patterns are obtained (Fig. 4). Some

bind ligate ubiquitinate  of them are listed in Figure 3. More patterns can be

block localize upregulate  found at http:/learn.tsinghua.edu.cn/homepage/2000315648/

pattern.htm.
Evaluating precision and recall rate

annotated corpus in molecular biology domain available tdn this part, three tests are performed. The first test uses 383
public (Ohtaet al., 2000). We use the file GENIAcorpus- sentences that include keywoimteract or its variants. 293

3.02.pos.txt in GENIA-v3.02. The pre-tagging strategy with ©f them are used to extract patterns and the rest are tested.
m.orhholégy-based taggiﬁg .improves the accuracyNdE The second one uses 329 sentences that contain the key word

13 and NNS remarkably, while the accuracy of other tags bind or its variants. 250 of them are used to generate patterns
is not affected much. The overall accuracy is improvedar_‘d the rest are tested. The third one uses 1205 sentences
t0 92.8%. with all the keywords. 1020 are used to generate patterns, and
the rest are tested. As described before, we do not exclude
verbs such as ‘prevent’, ‘affect’, ‘infect’ and so on, there-
o fore, relations between proteins defined by these verbs or
Mining verbs nouns are thought to be interactions. Note that the testing
First, we will mine as many verbs as possible from the cor-and training sentences are randomly partitioned, and they
pus. The algorithm shown in Figure 1 is performed on thedo not overlap in all these tests. The results are shown in
whole corpus and one more filtering rule is used, besides thoskable 8.TP is the number of correctly extracted interactions,
in Table 3: (TP + TN) is the number of all interactions in test sentences,
If the pattern has no verb tag, reject it. and TP+ FP) is the number of all extracted interactions.
With this rule, only patterns that have verbs are extractedFg—; is defined as:
Here the thresholdis 10. Itis comparatively high because we
want to obtain very accurate verbs for the subsequent experi-  Fp=1 = 2 * recallx precision/(recall- precision)

ments. Totally 94 verbs are extracted as action words defining . o )
interactions, out of 367 different verbs in the sentences. Difs>0Me matching examples are shown in Figure 5. Simple sen-

ferent tense verbs that have the same base form are counted@8ces asen 1-3 are matched by only one pattern. But it is
different ones. Among the extracted verbs, there are false pog20re common that several patterns may match one sentence
itives which do not define interactions at all, such as ‘prevent &t different positions, as isen4 andsen5. In the examples
‘affect’, ‘infect’, ‘localize’. Such words describe a relation Sen6 andsen?, the same pattern matches repeatedly at differ-
between proteins, but do not semantically define the interac@nt Positions since we used a ‘multiple matches’ algorithm.
tions. Our algorithm cannot perceive the difference. There ardore examples can be found at http://learn.tsinghua.edu.cn/
16 such false positives. Hence the accuracy is 83.0%. Amongome-page/2000315648/examples.htm.
the 273 eliminated words, there are no false negatives which
still define interactions but are not extracted. DISCUSSION

Table 7 shows some verbs obtained. These verbs and thalve have proposed a new method for automatically generat-
variants, particularly the gerund and noun form (obtainedng patterns and extracting protein interactions. In contrast,
from an English lexicon), are added into a filtering wordsour method outperforms the previous methods in two main
list (FWL for short). For example, for verhirhibit’, its aspects: first, it automatically mines patterns from a set of
variants including inhibition’, ‘inhibiting’, ‘inhibited’ and  sentences whose protein names are identified. In the state of
‘inhibitor’ are added intoFWL. At the current phase, we the art methods, patterns play an important role in extracting
add all mined verbs intd=WL, including false positives pathways. However, writing patterns for each verb one by one
because these verbs are also helpful in understanding pr& impractical. Our method provides an approach to generate
tein interaction networks. More verbs are listed at http://such patterns. A pattern can be extracted with certainty as long
learn.tsinghua.edu.cn/homepage/2000315648/verbs.htm. as it appears a sufficient number of times in the training set.
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Pattern  Pattern Word lists of

Count Form pattern

1914 PTN VBZ PTN * :modifies promotes inhibits activates mediates blocks enhances forms ;* ;

758 PTN VBZ IN PTN * ;interacts associates ;with within ;* ;

199 PTN VBZ TO PTN *;binds ;to ;*;

99 PTN VBZ IN PTN CC PTN * ;assembles interacts associates ;of in with from ;* ;and but ;* ;

94 PTN VBN PTN * ;linked modified promoted activated stimulated regulated enhanced ;* ;

84 PTN VBZ PTN CC PTN * ;assembles activates phosphorylates ubiquitinates prevents ;* ;and but ;* ;
* ;phosphorylated modified promoted ubiquitinated regulated activated

52 PTN VBN IN PTN induced mediated expressed stimulated localized ;with on by of upon ;* ;

26 PTN VB IN PTN * sinteract associate stimulate catalyze ;with in of ;* ;

24 NNS IN PTN CC PTN interactions activations ;with of between through from ;* ;and ;*;

21 PTN VBP PTN * :modify activate recognize catalyze ;* ;

20 PTN CC PTN VBP IN PTN *;and ;* ;regulate interact associate ;of with ;* ;

16 NN IN PTN TO PTN conjugation binding activation ;of ;* ;to ;*;

13 PTN VBD IN PTN * ;interacted associated co-localized ;with via by of ;* ;

6 PTN VBZ PTN PTN CC PTN * ;assembles binds disrupts ubiquitinates activates ;* ;* ;and;* ;

5 NN IN PTN IN PTN association interaction binding ;of ;* ;with within via through ;* ;

Fig. 4. Pattern examples extracted from about 1200 sentences. The star symbol denotes a protein name. Words for each component of
pattern are separated by a semicolon. Action words are not completely listed.

such as PTN NN PTN’ because there are never such seg-
ment ‘protein interaction proteiy’ defining a real interaction
between proteipand proteig. Some patterns, such a@&TN

Table 8. The recall and precision experiments

Keyword TP TR-TN  TP+FP  Recall Precision Fpg_1 .
(%) (%) (%) VBZ IN CCIN PTN’ which should be PTN VBZ IN PTN CC
IN PTN’ (protein, interacts with proteipand with protein),
Interact 66 82 78 80.5 84.6 825 are not precise because the last decision rule in Table 3
Bind 58 71 70 81.7 82.8 822 jsused.
Allverbs 183 229 228 79.9 80.3 80.2

Nevertheless, these patterns can be filtered out by a small
threshold. However, how to evaluate and maintain patterns
becomes a real problem. For example, when the pattern gen-
erating algorithm is applied on about 1200 sentences, with a
Given a small threshold, even infrequent patterns could be thresholdd = 0, about 800 patterns are generated, most of
extracted. The more the data, the better the patterns are. Which appeared only once. It is necessary to reduce such a
essence, our method is a data-driven method. large number of patterns. A MDL-based algorithm that meas-

Second, it is competent to process long and complicatedres the confidence of each pattern is under development. The
sentences from full texts. The performance of most parsersatterns which cause many errors will be deleted. Further-
falls sharply when processing long sentences. Some can onigyore, some similar patterns can be merged and those patterns
process a limited number of words in a sentence. In contraghat are not observed can potentially be generated from similar
to the previous methods (except Ono’s method), our methogatterns.
based on dynamic programming is able to process such long Because our matching algorithm utilizes part-of-speech
sentences fast and efficiently. tags, and our patterns exclude adjectivéd),(interactions

In our method, a threshold is used to control both the defined by adjectives, such asducible’ and ‘inhibitable’,
number and the generalization of patterns. It is meaningful t@annot be extracted correctly by our method currently. This
probe into the infrequent patterns filtered by a small thresholdcan be illustrated by the example below, where the words in
For example, on the 293 sentences containing keyword ‘intetaold are protein names.
act’ or its variants, patterns whose count equals one are “The class |l proteins are expressed constitutively on
shown in Figure 6. Some patterns are reasonable, such &scells and EBV-transformed B-cells, and are inducible by
‘PTN VBZ IN PTN IN PTN’ (protein, interacts with protein ~ |FN-gamma on a wide variety of cell types.”
through proteig). Such patterns are rejected either because In the sentence, interaction betwedass Il proteins and
of insufficient training data or infrequently used expressiond FN-gamma that is defined by adjectivieducible (tagged as
in natural language texts. Some are not accurate, such d3) does not match any pattern.

‘NNSIN PTN PTN PTN’, because there must be a coordinat- To solve this problem, we are considering using word stem-
ing conjunction between the three continuous protein namesning and morpheme recognition to convert adjectives into
otherwise it will cause many errors. Some are even wrongtheir corresponding verbs with context.
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Discovering patterns to extract protein—protein interactions from full texts

Sen1: Here, we show that HIPK2 is regulated by a ubiquitin-like protein, SUMO-1.

Pattern. PTN VBN IN PTN result; HIPK2 regulated by SUMO-1
Sen2: Our studies show that UBC9 binds to TEL exclusively through the HLH domain of TEL.
Pattern: PTN VBZ TO PTN result: UBCY binds to TEL
Sen3: In the absence of Mad2, BubR1 inhibits the activity of APC by blocking the binding of Cdec20 to APC.
Pattern: PTN VBZ PTN result: BubR1 inhibits APC
Pattern: NN IN PTN TO PTN result: binding of Cdc20 to APC

Sen4: All proteins of this family have Cdk-binding and anion-binding sites, but only mammalian Cks1 binds to Skp2 and
promotes the association of Skp2 with p27 phosphorylated on Thr-187.

Pattern: PTN VBZ TO PTN result: Cks1 binds to Skp2
Pattern: NN IN PTN IN PTN result: association of Skp2 with p27
Senb: In the nucleus, A1Up co-localized with mutant ataxin-1, further demonstrating that A1Up interacts with ataxin-1.
Pattern: PTN VBD IN PTN result: A1Up co-localized with ataxin-1
Pattern: PTN VBZ IN PTN result: A1Up interacts with ataxin-1

Sen6: MUL interacts with USP7 in vitro via their TDs to all of the previously identified TRAF family proteins, whereas the TD
of SPOP interacts with TRAF1.

Pattern: PTN VBZ IN PTN result: MUL interacts with USP7

Pattern: PTN VBZ IN PTN result: TD of SPOP interacts with TRAF1
Sen7: Evidence is also provided that, in vivo, E6 can interact with p53 in the absence of E6-AP and that E6-AP can interact
with p53 in the absence of E6.

Pattern: PTN VB IN PTN result: E6 interact with p53

Pattern: PTN VB IN PTN result: E6-AP interact with p53

Fig. 5. Examples of protein interactions extracted from sentences. Words in bold are protein names. For every sentence, the matched pattern
are listed, followed by the corresponding results.

Pattern Pattern Word lists of

Count Form pattern

1 NNS IN PTN PTN interactions ;with between ;* ;* ;

1 PTN VB IN PTN IN PTN * .interact ;with ;* ; through ;* ;

1 PTN VBD IN PTN CC PTN * interacted ;with ;* ;and ;* ;

1 PTN VBZ IN CC IN PTN * interacts ;with ;and ;with ;*;

1 PTN VBZ IN PTN IN PTN * ;interacts ;with ;* ;through;* ;

1 PTN NN PTN * .interaction ;* ;

1 NNS IN PTN PTN CC PTN interactions ;between ;* ;* ;and or ;* ;

1 NNS IN PTN PTN PTN interactions interaction ;with between ;* ;* ;* ;

Fig. 6. Some patterns whose count equals one are generated by our algorithm. More examples can be found at http:/
learn.tsinghua.edu.cn/nomepage/2000315648/pattern_1.htm.

By analyzing the results, errors in the experiments can b@atterns in biomedical texts. The algorithm is fast and able to
classified into three categories: (1) protein name identificatioprocess long sentences. Experiments show that a recall rate
error. Although we use a dictionary-based tagging methodof about 80% and precision rate of about 80% are obtained.
there are also errors because of wrong lexical items and lack dthe approach is powerful, robust, and applicable to real and
correct ones. (2) part-of-speech tagging errors. Incorrect tagarge-scale full texts.
directly cause a failure in extracting interactions. (3) match Our future work will focus on pattern maintenance, and new
errors from the matching algorithm itself. We find that the matching algorithms.
current matching algorithm is not optimal and causes approx-
imately one-third of total errors. This partially derives fromthe ACKNOWLEDGEMENTS
simple decision rules used in the matching algorithm. Thes
rules may work well for some texts but partially fail for others
because the natural language texts are multifarious. With the
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