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Abstract—With the progress of research on structural analysis effective for learning and classification[4]. We call this type
of proteins, a large number of studies have been conducted on of feature a “key feature” in this study.

extracting the protein interaction information from literature. In the machine learnina aporoach. althouah bpreparin
For automatic extraction of interaction information, the machine ' Ing app ) ugh preparing

learning approach is useful. Generally, linguistic features ob- €nough training instances to train the classifier is important,
tained directly from the literature are used for learning, but a making a large amount of training instances often requires
non-linguistic feature such as the atomic distance calculated from too much cost. In such a situation, transfer learning, in which
the protein structure data is often very effective for learning and knowledge in one or more source domains is transferred and

classification. We call this type of feature a “key feature” in this - . . S
study. used to improve learning tasks in a target domain, is one of

In the machine learning approach, preparing enough training the better approaches[5]-[8]. However, it is difficult to apply
instances to train the classifier is important, but this often the simple transfer learning algorithm to a task in which the
requires great cost. In such a situation, transfer learning is one key feature cannot be prepared in the source domain.

of the better approaches. However, itis difficult to apply asimple | yis gtudy, for effective extraction of the sentences
transfer learning algorithm to a task in which the key feature . . - . .
cannot be prepared in the source domain. including protein interaction from the literature, we propose a

In this Study, we propose a new transfer |earning method called new transfer |earn|ng method called STEK (SeleCtlve Transfer
STEK (Selective Transfer learning based on Effectiveness of a learning based on Effectiveness of a Key feature). In this
Key feature). In this method, we focus on the effectiveness of method, we focus on the change of the classification results
the key feature, and divide a set of instances into two categories. with or without the key feature (that is, the effectiveness of the

One is a set of instances applying transfer learning and the other kev feat d divid t of inst into t i e
is a set of instances avoiding the use of transfer learning. The ey feature), and divide a set of instances into two categories;

proposed method with the InstPrune algorithm showed stably One is a set of instances applying transfer learning and the

high precision, recall and F-measure on average. other is a set of instances avoiding the use of transfer learning.
Index Terms—Protein interaction imformation extraction, Ma-

chine learning, Transfer learning

II. METHODS

|. INTRODUCTION
) ) A protein binds to its interaction partners at the interaction
The research on the structual analysis of proteins has p&ge and then expresses various functions. Information about

gressed at rapid speed, and the relation between structures @agein interaction, e.g. which site on the protein contributes to
functions of proteins and their interaction mechanisms haygs interaction, what the interaction partner is, and what kind
been clarified. Such knowlegde has been stored in the fogpinteraction is observed, is important for protein function
of documents in many scientific articles. To m:_;\ke effect|v§na|ysis_ These types of information are described in much
use of such knowledge, a large number of studies have bgggrature of protein structure analysis from the PDB database
conducteq on extracting the protein interaction informaﬂo@)rotein structure database). We call a sentence including
from the literature[1] . interaction informatiorinteraction sentencand in this paper,

For. automat_ic extraction o_f the interaction i.nformation, th@e propose a method of extracting interaction sentences from
machine learning approach is useful[2]. In this approach, th&e Jiteratures.

classifier is trained from training instances based on featuresr,o following sentence is an example of an interaction
provided from the literature to decide whether each Se”te@@ntence[g]:

has interaction information or not[3]. Linguistic features are

used in general, but a non-linguistic feature such as the atomie “In addition, a histidine residue interacts with the phos-
distance calculated from the protein structure data is often very Phonate oxygen atoms in each of the structures.”
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A. Features used in this paragraph but are rarely used in other
paragraphs. Therefore, whether or not such important
words are included in the sentence is used as a
feature.w; ;, the importance of word in paragraph

j is defined as the following expression based on

popular TF-IDF-like measure.

To extract interaction sentences, we use the machine learn-
ing approach, in which positive instances (namely interaction
sentences) and negative ones are used for the classifier to
learn to distinguish between positive and negative. A set of
the literature, in which each sentence is given a positive or
negative label and named entity tags are attached to the words
in the sentence, is used as a corpus for the learning. Table |
shows the list of named entity tag3ubstanceneans a material
such as a protein or residue, asiluation means a situation
such as the place where the reaction happens or the kind of

N
w;j = 1f; ; X IOg(E)
wheretf; ;(term frequency) ithe number of occur-
rence of wordi in the paragraphpf, is the number

reaction. of paragraphs in which word appears in a target
TABLE | article, andN is the number of all paragraphs in the
LIST OF NAMED ENTITY TAGS target article. o .
(4) Frequently observed patterns in interaction sentences
While the phrases introduced in feature (2) are
category | named entity tag contents examples predefined fixed patterns, we consider more flex-
<pf°F§'"> name OIBPTOFg'” W{Dgfé ible patterns generated automatically that are fre-
<residue> name of a residue p. - .
Zohains chain hformation e same A chan guently (emplrllcally over five occurrences) observeq
<ion> name of an ion the calcium jon in the target interaction sentences. The pattern is
<d°m,fﬂ”> name O;adomf'ﬂ” tﬁf CDRr']OfﬁS Hz enumarated by using a meta-pattern “(<tagor
<peptide> name of a peptide chioromethyT ketone - "
substance <group> name of a group the cyclohegne ring [VERB]) (*) (<tag>, or [VERB]) (*) (<tag>, or
<atom> name of an atom oXygen [VERB]) ” as a template. Whether or not these
<tertstructure> | name of a tertiangtructure | the y-autolysis loop patterns are included in the sentence is used as a
<sec structure> | name of a secondarstructure B-strand feat
<chemica}> name of substate progesterone ea ur.e' .
<molecule> name of a molecule a water molecule (5) Atomic distance
<interaction> interaction information hydrogen bonds Other than the four kinds of features based on NLP
<function> function information the immune system . .
situation <status> status information the standard orientation S_tate_d _above' We_ also consider an m_wpo_rtant (n(_)n'
<misc> misciblility information membranes linguistic) feature in terms of the atomic distance in
<reaction> reaction information proteolysis the protein structure as useful information peculiar

The following featuredor representing each instance (sen-
tence) are often used to train classifiers.

to protein structure analysis articles. When a residue
of a protein interacts with its interaction partner

(residue, compounds, etc.) the distance between the
residue and the target is closed. The names of

(1)  Frequently observed words in interaction sentences residues or other compounds that perhaps interact
Words that are directly related to the interaction with each other are often described in the interaction
(e.g.;"bind" “interact”,"active site”,"salt bridge”) are sentences. Therefore if the atomic distance between
frequently observed in the interaction sentences. residues and partners can be calculated, whether the
Therefore, whether or not these words are included distance is smaller than the threshold is used as a
in the sentence is used as a feature. feature. The distance can be calculated in advance

(2)  Frequently observed phrases in interaction sentences from three-dimensional coordinate data of atoms in
The phrase “between A and B” is often used to PDB files.
indicate interaction between the residue and the inter-_l_he atomic distance feature is much more effective in
action target in interaction sentences. In addition, tqe ) d classification i . ith other feat
following is also often used:<residue (*) [VERB] earning and classification in comparison with other ea“ures
" - . i . based on NLP, and we call this type of feature a “key
(*) <tag> | <tag> (*) [VERB] (*)<residue>", feature” in this study. Th ber of feat d d th
where <tag> is any named entity tag, [VERB] is eature” in this study. The number of features depends on the
any verb, and (¥) is a wild card. Therefore, Whethe?\utomatlcally generated patterns, but is usually about 300.
or not such important phrases are included in trE Transfer learnin
sentence is used as a feature. ' 9

(3) Important words in a paragraph Training instances of sufficient quantity are required for

If the interaction sentence is considered an impoa good classification result in learning. However, it requires
tant sentence in a paragraph, the important wordsuch time and cost because the training instances need to be
extracted from every paragraph are often observetbsely checked by an expert. To solve this problem, transfer
in the interaction sentence. The important words ilearning is one of the better approaches. Transfer learning
a paragraph means the words that are frequentiyeans using some knowledge from another domain (called
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a source domain) tget a better classification result with theTo solve the first problem, we prepare a feature mapping table
target domain. The following methods are often used. by considering category of the tags (substance or situation) and

Augment method occurrence frequency of the tags, in which the features in the
Daune |Il proposed a very simple method for transsource and the target domains representing similar concepts
fer learning based on the augmentation of the featu®e related to each other[12]. To cope with the second problem,
space[10]0 The augmentation depends on whether te propose a new framework for the effective extraction of
instance is from the source or from the target domain. he protein interaction information from the literature, called
this method, for a feature vector x in the original featur8 TEK (Selective Transfer learning based on Effectiveness of
space, mapping®® and®! are defined for the source and? Key feature).

target domains respectively, and the classifier is trained

on these mapped feature spaces: C. Selective transfer learning based on effectiveness of a key
feature
o%(x) = <xXx,0> . )
¢ The key feature is very useful for the extraction of the
P'(x) = <x,0,x> : . S .
interaction sentence, but it is impossible to use for transfer
whereO is a zero vector of lengtx|. learning because other domain corpora do not include the
Instance pruning protein structure data. In the STEK approach, the instances

Jiang proposed a method using a part of instances in that the key feature has a significant effect on are classified by
source domain that are suitable for learning in the targatclassifier trained with the key feature, and the other instances
domain[11]. The algorithm of this method is shown aare classified by a classifier using transfer learning without the

follows. key feature. The following is the general flow of STEK.

1) Train a classifier using training instances of the 1) Divide a set of target instances (namely, previously un-
target domain. seen instances in the target domain) into two categories;

2) Classify all training instances of the source domain  one is a set of instances for which the key feature
using this classifier. works effectively (denoted bys4) and the other is a

3) Calculate the predictive reliability for the instances set of instances for which the key feature has little
whose class label was misestimated. effect (denoted bySp) by using a classifier with the

4) Delete instances that have the highigpredictive key feature.

reliability from the source domainV is a cutoff  2) Classify the instances ifi4 by using a classifier that is
parameter whose value is usually determined by a  trained from training instances in only the target domain
preliminary experiment. using the key feature (classifié¥,).

5) Train a classifier using training instances of the 3) Classify the instances ifiz by using a classifier that is
target domain and all instances of the source domain  trained from training instances of both domains without
except for the deleted instances. the key feature (classifier'p).

6) Classify instances of the target domain using this 4) Merge the classification results in steps 3) and 4).

classifier. One of these classifiers is selected based on effectiveness
This method, deleting misclassified instances that haye the key feature for each target instance. The proposed
high predictive reliability, can use only instances to helgethod focuses on the difference of the classification results,
learning of the target domain. This method depends @Rsuming the key feature value is inverted in order to evaluate
parameteN, and the experiment by Jiang shows the befi effectiveness. First, by using the key feature, we classify
case is deleting all misclassified instances of the sourgf target instances by the classifier trained using training

domain. instances in only the target domain without transfer learning.

When applying the transfer learning to extraction of interffhen, we invert the value of the key feature of the target
action sentences, there are two problems. instances (0—1, 1—0) and classify them again by the same

1)

2)

As to the target domain, the interaction informatioelassifier. Finally, we divide the set of the target instances
at the residue or the atom levels is described amgto eight categories (1PP, 1PN, and so on) based on the
corresponding named entity tags (such-<azsidue>, following three attributes: the value of the original key feature,
<atont>, and <group>) are used. However, as to théhe classification result before inversion of the key feature
other domain (source), the interaction information at thend the result after inversion of the key feature. Table II
protein level may be described. Therefore, we cannstmmarizes the definition of the eight categories of divided
assume the identical feature vector from these domaimsstances. Figure 1 shows the flow of dividing target instances.
The key feature is very useful for learning and classi- Next, for the classification, the proposed method focuses on
fying. However, we cannot be provided the key featurthe difference of the classifiers with or without the key feature
for the instances in the source domain if the interacticso that the target instance can be classified using a more useful
at the protein level is treated or there is no structuassifier. In other words, we classify each set of instances by
information in the source domain. using a more suited classifier selected from classifiefsor

48



TABLE I - )
DEFINITION OF EIGHT CATEGORIES OF DIVIDED INSTANCES Target Domain Source Domain
Corpus Corpus
l ltrain
Key features value| Classify result | Classify result A classifier Cy
Group name| "y fore changing | before changing after changing ==l traln — k(e’;°fte:::‘ri)
1PP 1 positive positive Gusdify
1PN 1 positive negatie w
INP 1 negatie positive e, |
INN 1 negati\e negati\e | positive->positive alj([ﬁ
O0PP 0 positive positive TR _ g
OPN 0 positive negatie | positive->negative LG
ONP 0 negatie positive classify
ONN 0 negatie negatie : classifier C,
test ;
> (using key
key feature: 0>1 feature)
negatlve%negatlve )
Target Domain
Corpus ) o )
l Fig. 2. Flowof STEK framework of dividing and merging
test train
the classification result has been changed, is classified using
train ) } classifierCgbecause this instance is given large effectiveness
Bl of the key feature and the classification result may be wrong.
PN fest r———— Also an instance, which has the value “0” for the key feature
KSR classifier C,  classify | |_positive->negative and the classification result has not been changed, is classified
150 (::S":E k*-;v > . © using classifierC' 4 because it has small effectiveness of the
- / b : key feature and the classification result may be correct.
testp” test TS, In consideration of the above, we select a suitable classifier
|| _negative->negative | as follows for each divided category.

1PP Use classifie€’4 because the key feature has large
Fig. 1. Flowof dividing target instances effectiveness and its value is “1”.
1PN Use classifie’s because the key feature has large
effectiveness and its value is “1”.
Cp, then merge both results into the final output. Figure 2 INP  Use classifieC’s because the key feature has little
shows the framework of dividing and merging. effectiveness and its value is “1”".
We explain the property of the key feature. Because thelNN Use classifielCz because the key feature has little
value of the key feature is “1”, the atom distance can be effectiveness and its value is “1".
calculated and is smaller than the threshold, and this is stron@PP  Use classifie€’s because the key feature has little
ground for classifying the instances into positive. In addition, effectiveness and its value is “0”.
it is desirable that the instance that has large effectiveness 0fPN Use classifieCz because the key feature has large
the key feature is classified by classifi€t. Therefore, an effectiveness and its value is “0".
instance, which has the value “1” for the key feature and theONP Use classifieCz because the key feature has large
classification result is positive, should be classified using the effectiveness and its value is “0”.
classifierC'4 because it has large effectiveness and the keyONN Use classifielC’s because the key feature has little
feature is useful. Also, an instance, which has the value “1” effectiveness and its value is “0”.
for the key feature and the classification result is negative, isin summary, instances that belong to 1PP, 1PN, OPP and
classified using classifigr's because it has little effectivenesONN are classified by classifi&r 4 with the key feature, and
and the key feature is not useful. instances that belong to INP, 1NN, OPN and ONP are classified
In contrast, because a the key feature value of “0” givd®y classifierC'z using the transfer learning algorithm without
various interpretations, e.g. the atom distance cannot be calttie key feature. Finally, these results are merged.
lated, the distance between atoms is not close, or the sentendeigure 3 shows the STEK algorithm, whelg is a target
has no interaction information, it is not very strong ground fatomain andD, is a source domain.
classifying the instance as negative or positive. For this reason,
it is not desirable that the instance that has large effectiveness
of the key feature is classified by classifi€fy because of To evaluate the proposed method, the target corpus in the
overestimation of the ambiguous key feature. Therefore, target domain was constructed from manually curated fourteen
instance, which has the value “0” for the key feature aratticles taken from the Protein Data Bank entry of the PIIB

Ill. RESULTS ANDDISCUSSION
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Procedure : classification usingsTEK
1 Cy.trained(training instances ;) with key feature.
Cy.classify(target instances &;).
Cy.classify(target instances &, where key feature value is inverse) .
Divide target instances db; into 8 categories

(key feature, 2's result, 3's result]):(e.g.[LPP],[ONP]...).
('p.trained(instances db, andD,) without key feature. o
(C'p.classify(instances ifiLPP],[INN],[0PN],[ONP]).
(C'.classify(instances ifLPN],[LINP],[0PP],[ONN]).
Merge (6's result, 7's resulf.

= o N

Qo -3 S ot

Fig. 3. STEK algorithm

shavn in Table lll. The named entity tags and the class

labels are attached to all of the sentences in the target corpus
manually. Table 11l also shows the number of sentences and,
the number of interaction sentences (namely the sentences
with positive labels) out of all sentences. Additionally, we use ,

To confirm the effectiveness of STEK for the domain
including the key feature, we compare the accuracy of the
following five methods.

Method 1: Target domain only (TargetOnly) The
conventional method without the source domain. The key
feature is available.

Method 2: Transfer learning (Augment) Transfer
learning method without STEK. The augment method is
used for the transfer learning. The key feature in the target
domain is available, but in the source domain the key
feature value is assumed to be “0”.

Method 3: Transfer learning (InstPrune) Transfer
learning method without STEK. Instance pruning is used
for the transfer learning. The key feature in the target
domain is available, but is unavailable in the source
domain.

Method 4: STEK (STEKAugment) The proposed
method with the augment methodO

Method 5: STEK (STEKInstPrune) The proposed

the BioEvent corpus containing 800 Medline abstracts, which  method with the instance pruning.
was introduced aBioNLP'09 Shared Taskto apply transfer |n 4l five methods, the decision tree algorithm implemented

learning as the corpus in the source domain[13].

TABLE Il
THE LITERATURE USED IN EXPERIMENTS

[ PDB ID | num of sentence$ num of interaction sentences

1a0h 359 26
1a0q 295 23
1la3l 272 23
1la3r 299 21
ladj 190 13
laba 113 10
1a5h 296 39
1abi 324 73
labv 277 20
laby 291 33
1labz 428 8

1a26 243 13
2a2g 365 13
2a39 312 4

Bio-event meansa specific kind of interaction between
biological entities, especially proteins or genes and the tag
<proteir> is attached to each of the entities. Table IV shows

the difference of corpora.

TABLE IV
DIFFERENCE OF CORPORA

Target Corpus| BioEvent Corpus
Number of the literature 14 800
Number of sentences 4064 7566
Number of positie sentences 319 2450
Interaction level mainly residue| mainly protein
Named entity tag 12 types <protein>only

Ihttp://www-tsuijii.is.s.u-tokyo.ac.jp/GENIA/Shared Task/index.shtml
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in Wek& is utilized for constructing classifiers. Our experi-
mental envioronment is a single PC with a 3.4GHz Core i7
2600 processor (quad cores), 16GB memory and Microsoft
Windows 7 Professional operationg system. All algorithms are
implemented in Java. The average calculation time for training
classifiers in STEK is several minutes. The threshold value of
minimal distance in feature (5) is 5.0[4], and the value of
cutoff parameterV in instance pruning is 3,000.

One of fourteen articles shown in Table Il is selected for
the test, and the rest are used for training in the target domain.
In addition, all of the sentences in The BioEvent corpus are
regarded as training instances in the source domain. Precision,
recall and F-measure for the test set, namely the selected
article in the target domain, are calculated, and the average
value of the fourteen trials is evaluated as the final result.

TABLE V
EXPERIMENT RESULTS

[ Method ][ Precision] Recalld | F-measure]
TargetOnly 0.8154 0.7618 0.7877
Augment 0.8369 0.7398 0.7854
InstPrune 0.8511 0.7524 0.7987
STEKAugment|| 0.7033 0.8621 0.7746
STEKInstPrune|| 0.8119 0.8094 0.8106

Table V shavs the results of the evaluation of the five
methods. STEKInstPrune shows high recall and F-measure
values; in particular, F-measure is the best score among the five
methods. STEKAugument shows a better result than others in
recall, which means that many more interaction sentences are
extracted.

We focus on the instances for which the classifigy has
been selected in STEK, in other words, the instances for

2http://www.cs.waikato.ac.nz/ml/weka/



which the kg feature does not work effectively. Comparingsentences, and so on) on the proposed method, and apply other
the classification results for these instances by classifigrs classification algorithms, such as Supprt Vector Machines.
and Cg, we clarify the significance of the transfer learninghdditionally, we plan to apply the proposed method to much
for such instances.

CLASSIFICATION RESULTS FOR INSTANCES FOR WHICH THE CLASSIFIER

TABLE VI

C'p HAS BEEN SELECTED

CLASSIFICATION ACCURACY FOR INSTANCES FOR WHICH THE CLASSIFIER

CB HAS BEEN SELECTED

larger scale data (e.g. the set of articles referred from all entries
in PDB). In our experiments, tags were manually and carefully
attached in order to evaluated the effectiveness of the proposed
method itself. However, automatically tagging schema may be
required for the large scale experiment, which is one of other

Method | True positie | False positie | False negtive | True negtive remaining works.
TargetOnly 1 2 75 3574
Augment 33 62 43 3514 ACKNOWLEDGMENT
InstPrune 7 7 60 3568 This work was partly supported by Grant-in-Aid for Scien-
tific Research (B) (24300056) from MEXT.
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IV. CONCLUSION

In this paper, we proposed a novel method for extractir{bl]
interaction sentences from the literature using transfer learn-
ing based on effectiveness of a key feature. STEK has the
following notable features. (12]

o STEK divides instances into two sets; one has effective-

ness of the key feature, the other does not. (13]
o STEK selects two classifiers for each set; one uses only

the target domain with the key feature, the other uses

both target and source domains for transfer learning.

As a result of the interaction sentence extraction experiment,
using STEK with the InstPrune algorithm shows stably high
precision, recall and F-measure on the average, in particular
F-measure. The result is much better than other conventional
methods.

For future works, we will explore the effect of bias (e.g.
texts of difference length, the size of positive and negative

51





