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Abstract

In this paper we address the problem of learn-
ing relations in the biomedical domain. We
propose a representation which takes into ac-
count the syntactic information and allows
for using different machine learning methods.
The results we have obtained are comparable
to the performance of relation learning sys-
tems in the biomedical domain and in some
cases out-perform them. In addition, we have
studied the impact of ensemble methods on
learning relations using the representation we
proposed. Given that recall is very important
for relation learning, we have studied how it
can be improved. It has been shown that en-
semble methods techniques provide recall of
76,2% (with precision of 69,4%).

1. Introduction

Not only the number of publications in the biomedical
domain grows rapidly every year, there are also many
approaches proposed to how to handle such amount of
data.

These approaches primarily consider such tasks as text
mining, information extraction and information re-
trieval. Information retrieval focuses on the retrieval
of the full documents, while the goal of information
extraction is to find text fragments relevant to the
user need. On the other hand, it is often useful to
get more fine-grained information, for instance, the
list of biomedical instances or relations. Such infor-
mation might be especially important for the curation
of existing resources, such as databases of interactions
(Albert et al., 2003).

The paper is organized as follows. We first start with
a discussion of related work and a problem statement.

In the section 3, we present our approach and provide
motivation for it. Further, we test our approach on
two data sets for interaction extraction. We report
on our results and conclude with the discussion and
outlook for future work.

2. Problem Statement and Related
Work

The biggest collection of the medical documents is
Medline with its 2,000 citations added every week.
The large size of this collection makes it impossible to
annotate it all by humans. Consequently, there have
been several attempts to create smaller annotated cor-
pora based on Medline, such as Genetag used for the
gene/protein named entity recognition (NER) (Tanabe
et al., 2005), or MedTag, the corpus comprising Gene-
tag, MedPost and ABGene (Smith et al., 2005). There
have also been corpora created with a special purpose
to be used by the various challenges, e.g. corpus of the
annotated gene-protein relations for the ”Genic Inter-
action Extraction Challenge” (Nédellec, 2005).

In general, the relation learning problem can be seen
as a two-step process. First, the relation arguments
have to be identified. Further, it is necessary to check
whether the relation holds. This setting has also been
used for the relation discovery in other domains (Ze-
lenko et al., 2003), moreover, it is often assumed that
the arguments have already been found. In this case,
the relation learning is reduced to the second step
which involves procedures enabling such verification.
It has been shown by Bunescu et al. (2005) that pro-
vided the correct names of proteins are given, the ac-
curacy of relation discovery is much higher. An in-
teresting observation has been made by Cohen and
Hersh (2005) who considered binary biomedical rela-
tions. Although the accuracy of relation extraction for
many domains (such as news article extraction) cru-



cially depends on the accuracy of named entity recog-
nition and is equal to the cube! of the performance of
latter, it seems not to hold in the biomedical domain.
The conclusion can be drawn that the surrounding
context makes it easier to identify the arguments of
a relation in the biomedical domain.

The relation learning task can be formulated in the
following way:

Definition 1 (Relation learning) Given a data set
D 2 and an n-ary relation Rel with the arguments
XY ... Z find all instances v € X,y € Y,...,z € Z
(x,y,z € D), such that Rel(x,y,...,z) holds.

Below, we discuss the relation learning task from
the following perspectives: types of relations and ap-
proaches.

Relation learning has received much attention in the
past decade but it is nevertheless difficult to compare
the results obtained by different research groups. It
concerns not only the data sets being used but also
the types of relations in question. Often, a certain
relation is in focus, such as inhibition (Pustejovsky
et al., 2002) or a relation between genes and diseases.
The latter is a causal relation which can be formulated
as a question "Which gene(s) cause(s) a disease Y?”
which in turn can be used for question answering or
information retrieval (Hersh & et al., 2005). This type
of relation has been studied by Craven and Kumlien
(1999), Ray and Craven (2001). More recently, there
has been work on the gene-disease relations carried
out by Chun et al. (2006). Contrary to the approach
taken by Craven and Kumlien (1999) who have used
weakly labeled data, Chun et al. aimed at using a
corpus annotated by humans. However, it has been
shown that if a gene and a disease co-occur, they are
likely to be true positives for the relation extraction.
94% of the correctly identified and co-occurring genes
and diseases presented a gene-disease relation. We as-
sume, therefore, that in the discovery of a gene-disease
relation, it is necessary to study recall.

However, it is necessary to achieve high recall in other
relation learning tasks as well. Some of the relations,
such as interactions between genes or genes and pro-
teins are more complex. They can be further divided
into groups according to type of interaction, such as

1Since a relation in question is binary, one needs to iden-
tify two arguments and a term identifying a relation itself.
It is therefore assumed that the performance of the rela-
tion identification equals to the cube of the performance of
identifying each of the arguments and a link-word

2where a data set D can be text, semi-structured data,
etc.

interactions expressed by explicit action, binding of
the protein on the promoter of a gene, etc. Since the
arguments of such relations are genes or proteins, it
is important to know whether a given relation is sym-
metric. The asymmetry of a relation also rises the rate
of false positives.

Most approaches to relation learning fall in one of
two categories, either hand-written patterns or learn-
ing oriented approaches. The approaches based on
the hand-written (mostly pattern-oriented) are usually
time-consuming since they often assume use of rules
(patterns) written by an expert. Consequently, when
such rules are applied to unseen data, they fail to take
into account relations expressed in another way. Al-
though patterns provide a high precision, recall might
be much lower (Thomas et al., 2000). In the biomed-
ical domain, it has been proposed to use two types of
patterns. The first type is sequential and based on
the often occurring sequences of words in a sentence.
The second type (Khoo et al., 2000) attempts to ac-
count for a syntactic structure of a sentence. Taken the
dependency structure of a sentence, which is usually
represented as a tree, the patterns in the latter case
are subtrees. Such patterns are sometimes referred to
as graphical (Khoo et al., 2000). A simpler approach
is to consider not the dependency tree as a whole but
certain predefined syntactic functions. This idea has
been used by Hahn and Romacker (2000) and Rinaldi
et al. (2004) who have focused on the subject-verb-
object patterns.

The drawback of the approaches using hand-written
patterns is their low recall. Another way to construct
such patterns is to use a rule learning algorithm. The
performance of the rule learning methods has been
studied in detail by Bunescu et al. (2005). The au-
thors have addressed the problems of protein iden-
tification and extraction of the protein interactions.
For the relation extraction, two approaches have been
developed, based on the rule learning method Rapier
and on the longest common subsequences. It has been
shown that these two approaches outperform the hand-
written rules.

Contrary to the approaches discussed above, Puste-
jovsky et al. (2002) and Leroy and Chen (2005)
have employed finite state automata to learn relations.
When testing their approach on the inhibit-relation,
Pustejovsky et al. (2002) have received precision of
90,4% and recall of 58,9%. A particularly interesting
approach has been proposed by Bunescu and Mooney
(2005) who have studied subsequence kernels for re-
lation extraction. Comparative experiments on the
Almed corpus (Bunescu & Mooney, 2005) have re-



vealed that the relation kernel outperforms the ap-
proaches based on the longest common subsequences
and hand-written rules.

Approaches based on a pure co-occurrence of the
biomedical terms are also useful, however, their per-
formance depends on the type of a relation (Stephens
et al., 2001). As mentioned above, the co-occurrence of
terms denoting diseases and genes is likely to provide
evidence for the relation between them. In contrast
to a gene-disease relation, a relation between genes is
less predictable by the pure co-occurrence of genes in
a sentence.

Since there are many knowledge resources created in
the biomedical community over past years, it is es-
pecially valuable to test their impact on the biomed-
ical entity extraction task. Leroy and Chen (2005)
have presented a hybrid system integrating linguistic
parsing with the existing knowledge sources, such as
Gene Ontology, UMLS, and the HUGO nomenclature.
They have evaluated 549 relations from Medline ab-
stracts containing p53 gene. In comparison to the re-
lations extracted by parser, the relations provided by a
co-occurrence based semantic net Concept Space have
been less precise and relevant. However, when adding
relations containing terms found in GO and HUGO,
precision increases. By such approaches as Leroy’s one,
it has been demonstrated that the knowledge sources
can contribute to the protein identification or relation
extraction tasks.

3. Approach

Our approach makes use of the syntactic information,
though in a different way than the methods described
in (Khoo et al., 2000). In what follows, we present our
method and give a motivation from both, linguistic
and machine learning perspectives.

The approach we take follows the definition of relation
discovery as a two-step process, concentrating on the
second step only. We assume that we have already
identified the arguments of a relation.

In the grammatical tradition, a syntactic structure of a
sentence can be presented either by concordance rela-
tions or by dependency relations (Rastier et al., 2001).
Dependency is a hierarchical relation where every word
in a sentence is linked to a word dominating it. Graph-
ically, such dependency relations are presented as a
tree, moreover, a root of a tree is often a verb. As
shown by Sekimizu et al. (1998), a relation between
two or more arguments is also often expressed by verbs.
We can therefore conclude that a root of a dependency
tree conveys information crucial for the relation learn-

ing. Furthermore, by examining a parent and children
of a given node, one can notice that they constitute
a local context important for the argument identifi-
cation. The closest approach to ours has been taken
by Haciouglu (2004) who has used dependency trees,
in particular, information from the tree levels, for the
semantic role labeling. However, the task of semantic
labeling is different from the relation learning.

The dependency structure for the sentence (1) is pre-
sented on Fig.1. This sentence is part of the Almed
data set. In it, Cdc25 and Rafl are interacting pro-
teins. The root of the dependency tree depicted on
Fig.1 consists of the word activated.

(1) Cdc25 can be activated in vitro in a
Rafl-dependent manner.

activated
s mod
uxr
be
Cdc25 can be  vitro
lex—mod mod
in in
pcompfn‘
manner
a dependent
lewwod

Rafl -
Figure 1. Dependency structure

There are several advantages in considering the depen-
dency tree levels. First of all, it is possible to test our
hypothesis in order to discover which levels are the
most important for the relation learning. Selecting
tree levels can be considered as a feature engineering
step. Moreover, since the final representation is of the
attribute-value type, it is possible to test different ma-
chine learning methods. It is of considerable interest
to apply ensemble methods (Dietterich, 2000). The ex-
periments for the named entity recognition task have
already demonstrated that use of meta-learning im-
proves the accuracy of classification (Sang & Meulder,
2003).

As already mentioned, we divide all features into two
groups, local and global context. To reduce data
sparseness, we decided to use lemmata? instead of

3Lemmata are canonical forms of lexemes. For nouns



words. A parent of a given node (P) and its two chil-
dren form a local context. The features of a parent
and a child are lemmata and the syntactic function be-
tween a node in question and a parent (a child). Since
a tree is an acyclic graph, each node has at most one
parent but can have more than one child. We limited
ourselves to two children, C! and C?2.

A global context consists of a least common subsumer
(LCS) and a root of a tree (R).

Definition 2 (Least common subsumer (LCS))
Given two nodes A and B in a dependency tree T, a
least common subsumer LCS(A, B) is a node L, such
that L is ancestor for both, A and B, and there exist
no other node N being an ancestor for A and B, such
that L is ancestor of N. There is exactly one LCS
for any two nodes in a dependency tree.

For example, for words a and Raf! on Fig.1, the least
common subsumer is manner. Although such nodes,
as in, vitro, and activated are all ancestors of a and
Rafl1, they are not least common subsumers.

Some parsers treat a subordinate clause as separate
producing not a single tree for a sentence but two. We
decided therefore to define two features, one for a root
of the first argument (R') and a second for a root of
the second argument(R?). Table 1 illustrates how the
features have been grouped into feature sets given two
nodes X and Y and the relation Rel(X,Y). *.

Table 1. Feature sets

Feature set(FS) Features

FS1 Lcs

FS2 Cx, C%, Cy, C%, LCS

FS3 Px, Py, LCS

FS4 C%, Cy, Px, Py
LCS, Rx

FS5 C%,C}%,C%/,C?/./PX,PY
LCS, Rx, Ry

When considering the fifth data set (FS5), the example
on Fig.1 can be represented as on Fig.2.

Note that we incorporated the syntactic labels into
the parent-features P. Cdc25 is linked to the word
activated by the syntactic function s (standing for a

they usually are nouns in the singular, nominative case
(such as lemma dog for a word dogs), for verbs lemmata
represent verbs in the infinitive (e.g., the lemma go for the
word went)

4In Table 1, the lower indices correspond to two argu-
ments, X and Y

subject), while Raf1 is connected to dependent by lex-
mod function (standing for a modifier).

Table 2. Feature set for the example on Fig.1

Feature Cdc25 Rafl

ct - -

C? - -

P activate_.s dependent_lexmod
LCS activate activate

R activate activate

4. Experiments
4.1. Data sets

For our experiments, we have used two data sets. One
of them is ATmed (Bunescu et al., 2005) and the other
is a data set created within the ” Genic Interaction Ex-
traction” challenge(Nédellec, 2005) (from now, we re-
fer to it as LLL (Learning Language in Logic) data
set). The Almed data set consists of the examples
of protein-protein interactions. It has been compiled
from the 225 Medline abstracts and annotated by the
experts. The second data set, LLL, has been created
by extracting Medline abstracts on Bacillus subtilis.
It also includes annotations created by experts, with
the distinction that the focus is on the interactions be-
tween genes and proteins. The LLL data set consists
of 77 sentences and 161 annotated interactions.

4.2. Data Preprocessing

The LLL data set already consists of the tokenized
sentences accompanied by the syntactic analysis. For
parsing, the LLL organizers have used LinkParser
whose output has been verified by experts. Besides
this, the dictionary of genes and proteins have been
provided so we annotated all occurrences of the dic-
tionary items in the text as biological entities (in the
dictionary, no distinction between genes and proteins
has been made).

The second data set has been preprocessed by us. The
preprocessing steps included tokenization and parsing.
We have used a tokenizer based on the white spaces
and the parser Minipar. Minipar is a dependency
parser whose precision equals to 88% and whose recall
equals to 80% on the Susanne corpus®. We have also
found that the present annotation sometimes contains
protein tags surrounding the interaction tags as shown

SMinipar is available from
http://www.cs.ualberta.ca/ lindek /minipar.htm



in (2). Here, Ras is annotated as a protein being an
argument of an interaction with RINI. In addition,
Ras binding protein is also annotated as a protein.
As explained below, we have constructed false inter-
actions for the training purpose based on the entities
annotated as proteins and not being part of a relation.
We scanned Almed data set and found 14 cases where
annotation of a protein included annotation of inter-
actions as its part. While carrying out preprocessing,
the external protein tags have been removed.

(2) Human (pl pair="1")(prot)RIN1(/prot)(/pl)
was first characterized as a (prot)(p2
pair="1")(prot)Ras(/prot)(/p2) binding protein
(/prot) based on the properties of its
carboxyl-terminal domain.

The data sets we have used provide annotations of the
binary interaction relation. In order to obtain the neg-
ative interactions, we have followed the closed world
assumption. However, it has been used in a differ-
ent way for each of the data sets. The interactions
between proteins in Almed are considered to be sym-
metric. Therefore, the false positives are created as all
pairs of proteins being not arguments of the interac-
tion relation as well as pairs where one of the protein
is an argument of a relation in a given sentence. LLL
data set contains interactions between genes and pro-
teins which are treated as instances of an asymmetric
relation. Because of this, the false interactions are pro-
duced as pairs of biomolecular entities (i.e., proteins or
genes) which do not participate in a relation but also
those where the arguments of a relation are flipped
(e.g., a pair (X,Y) where X and Y are biomolecular
entities will be considered a false positive for the true
interaction (Y,X)).

After constructing a training set, we received 873
training instances for the LLL data set, 161 of which
were positive examples. For the Almed corpus, we ob-
tained 4,736 instances with 985 of them being positive
examples.

5. Results and Discussion

The results we present below have been received by
10-fold cross-validation for Almed data set and 5-fold
cross-validation for the LLL data set, respectively. We
have also used the implementation of the machine
learning methods from the Weka toolkit(Witten &
Frank, 2005).

We studied the impact of the feature sets mentioned
above on recall and precision. First, we started with
a feature set containing the least common subsumer

only (FS1). In our view, this feature set is similar
to the pattern approaches whose main objective is to
find a link (a so-called relation word) between two ar-
guments.

Table 3. Least common subsumer: Almed data set

Worbs (LCS) OCCURRENCE
OF 434
BE 341
PROTEIN 339
bind 139
interact 134
COMPLEX 59
inhibit 52
SHOW 49
DETECT 37
ASSOCIATE WITH 36
REVEAL 35
CONTAIN 34
induce 33
activate 31
REQUIRE 27
EXPRESS 27
ASSOCIATE 26
regulate 25

suppress 14

As the Table 3 suggests, the least common subsumer
often includes the words important for relation learn-
ing in the biomedical domain. In the list above, such
words are bold-faced. Comparing this list to list of
verbs identifying relations (Sekimizu et al., 1998), we
found that they significantly overlap. However, the

100 T T T T
Recall —+—
Precision ---x---
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Feature sets

Figure 2. Precision and recall for different feature sets
(BayesNet classifier, Almed data set)

use of this feature set results in a very low recall. This
supports our hypothesis about a precompiled list of
patterns used for relation extraction - in most cases,
they cannot cover unseen data very well. Our results



are in line with those reported by Ahmed et al. (2005).

The second feature set, FS2, consists of FS1 and the
children of two arguments. As the results on Fig.2
suggest, recall can be already improved by adding the
information about the children.

However, it is not satisfactory. Using the third data
set containing lemmas from the parent-level provides
much better results. We believe it is due to the fact
that in many cases proteins are leaves in a tree so the
information about the children is missing. The best
performance has been obtained by employing the fifth
feature set containing all features as defined in Section
3. The precision-recall curve for this experiment is
presented on Fig.3.

As we have mentioned above, in most cases the existing
approaches to relation extraction provide considerably
high precision but low recall. Our results suggest that
the approach we have taken also leads to higher pre-
cision and usually lower recall. It can be concluded
that although the information from the dependency
tree levels helps to find many true positives, the lo-
cal context is sometimes not sufficient to be able to
discriminate between true and false positives.

precision
1

0.6 |

0.21 T

0.0l 0.5
recall

Figure 3. Precision-recall curve for the F5 feature set
(BayesNet classifier)

To test the hypothesis that ensemble methods may
improve the overall performance, we have conducted
preliminary experiments with three ensemble methods,
stacking, bagging and AdaBoost. Ensemble of classi-
fiers provide better accuracy if the individual classi-
fiers are diverse and accurate. A classifier is said to
be accurate when its error rate is better then random
guessing (Dietterich, 2000). Bagging and AdaBoost
present the ensemble methods manipulating the train-
ing examples. The main idea behind such methods lies
in generating multiple hypotheses. In case of bagging,

a different subset from the training data is sampled
every time a learning algorithm is applied. Bagging
and AdaBoost work well for such algorithms as rule
learning or decision tree methods which are generally
considered to be unstable. Stacking belongs to the
method of combining different classification models.

Table 4. Results on Almed data set

METHOD PRrRECISION RECALL F-SCORE
NATVE BAYES 71,5% 57,6% 63,8%
BAYESNET 68,9% 64,5% 66,6%
B3 81,3% 51,6% 63,1%
IB1 77,4% 66,3% 71,4%
STACKING 69,4% 76,2% 72, 7%
BAGGING 68,2% 63,7% 65,8%
ADABOOSTM1 67% 68,7% 67,8%

We considered three classifiers of a different nature,
BayesNet, Naive Bayes method and K-nearest neigh-
bor classifier (IB1, IB3). Bagging and AdaBoost have
been applied with BayesNet classifier. The experiment
with stacking has been constructed in the following
way: BayesNet has been chosen as meta-classifier with
NaiveBayes and 1-nearest neighbour classifiers as indi-
vidual classifiers. As shown on Table. 4, stacking has
proven to provide much higher recall.

(Bunescu & Mooney, 2005) have also used 10-fold
cross-validation to test their methods on the Almed
corpus. They reported on the performance of their
approaches by presenting it as a precision-recall curve.
To compare our results on the Almed corpus with the
performance of the methods described in (Bunescu &
Mooney, 2005), we chose the highest recall received by
stacking (76,2%). It corresponds to the precision of
40% on the precision-recall curve which has been re-
ceived by the subsequence kernel method. We can con-
clude therefore that our method outperforms the sub-
sequence kernel method on Almed corpus by 29,4%.
The comparison of the results of the best individual
classifier (BayesNet) to the subsequence kernel method
also demonstrates that the first performs better than
the latter. The difference in the performance can be
explained by the features used in (Bunescu & Mooney,
2005). In particular, Bunescu and Mooney (2005) have
considered sequential information which consisted of
the words found between two entities, in front of them
and after them. After having defined such features,
the authors have restricted themselves to the subse-
quences of the types mentioned above, where a max-
imum word length equals 4. According to Bunescu
and Mooney (2005), such feature selection leads to less
overfitting. In our case, we considered not the common



subsequences but the levels from the dependency tree
instead. We believe that the selection of levels we have
made provides information sufficient for the relation
learning and constitues an alternative approach to the
method proposed by Bunescu and Mooney (2005).

Table 5. Results on LLL data set

METHOD PRECISION RECALL F-SCORE
NAIVE BAYES 56,7% 34,2% 42,6%
BAYESNET 64,7% 53,4% 58,5%
IB1 65,8% 32,3% 43,3%

Comparison of the results received on the Almed data
set with the performance on the LLL data set (Table
5) demonstrates that we have received much better
results on the first corpus. There are several distinc-
tions between two data sets. First, LLL data set is
much smaller, and, second, the underlying assump-
tion behind LLL data set is that all annotated rela-
tions are asymmetric. In contrast to this, it is as-
sumed that Almed data set presents symmetric rela-
tions. Some classification errors on the LLL data set
can be explained by the asymmetry of the relation be-
tween genes and proteins.

In general approaches making use of the syntactic
structure depend on the accuracy of the parser. For
example, precision of the parser we used is 88% and
it is likely that some errors in classification are due to
the incorrect parsing. While comparing the results on
Almed data set and on the LLL data set, we also dis-
covered that the output of Minipar and LinkParser,
which has been used by the organizers of LLL, dif-
fers. This also affects classification accuracy. For in-
stance, the phrases, such as activation in prespore are
treated differently by Minipar and LinkParser. While
the first introduces a special link pcomp-n between a
preposition in and a noun prespore, the latter incor-
porates preposition in the syntactic function and out-
puts the relation comp-in between activation and pre-
spore. The performance of current state-of-art parsers
on the biomedical data has been studied by Grover
et al. (2005). The evaluation of a parser has also been
done by Rinaldi et al. (2004) who used LT Chunk to
obtain verbal and nominal chunks. Nevertheless, the
results Rinaldi et al. (2004) have achieved with the
correct (verified) syntactic analysis do not differ much
from the results received by the parser.

6. Conclusions

In this paper, we have proposed a representation for
learning relations based on the dependency trees. We

have tested this representation on the data sets con-
taining interactions between genes and proteins (LLL
data set) and between proteins (Almed data set). The
results on the Almed data set are promising and bet-
ter than the results reported by Bunescu and Mooney
(2005). One of the directions in our future research
is to carry out a deeper comparison between our ap-
proach and the method proposed by Bunescu and
Mooney (2005). Since the feature sets in both ap-
proaches are different, we plan to explore whether
these two methods can complement each other. We
also conducted preliminary experiments using ensem-
ble methods whose main purpose is to combine the
decisions of individual classifiers. The performance of
some of the ensemble methods, such as stacking, sug-
gest that they provide higher recall. We plan to in-
vestigate the ensemble methods further in our future
research.
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