
Active learning for ontological event extraction

Xu Han
School of Computer Engineering

Nanyang Technological University
Singapore 639798

HANX0017@e.ntu.edu.sg

Jung-jae Kim
School of Computer Engineering

Nanyang Technological University
Singapore 639798

jungjae.kim@ntu.edu.sg

Abstract

Text mining community in the biomedical do-
main are targeting more event types, but the
cost of manual annotation for each new event
type, which is required for supervised learning
systems, hinders the progress. To reduce the
amount of required annotations, we propose
a novel active learning method for ontological
event extraction. Our method can significantly
reduce the amount of annotated corpora to sat-
urate event extraction performance, compared
to random selection of corpora for annotation,
which is the common practice, and previous
active learning methods for corpus selection.
We tested the methods using the TEES event
extraction system against the BioNLP Shared
Tasks datasets, showing that our method can
help the system achieve its previously reported
performance only with 60%-70% of the origi-
nal training data.

1 Introduction

The most common framework of information ex-
traction systems is supervised learning, which re-
quires training data that are annotated with infor-
mation to be extracted. In the biomedical informa-
tion extraction, such training data are usually manu-
ally annotated, where the annotation process is time-
consuming and expensive. On the other hand, recent
research efforts are extending from protein-protein
interactions (PPI) (Hirschman et al., 2005) to more
complicated biological events, which are defined in
ontologies (Kim et al., 2011a). However, the manual
annotation cost hinders the progress. There is thus
the need of reducing the amount of training data that

is required for event extraction systems to reach per-
formance saturation point. To address this need, we
propose a novel active learning method that selects
‘informative’ data to maximise system performance.

Active learning (Settles, 2012) is to choose ‘most
informative’ documents for manual annotation. It
has been studied in many research areas in natu-
ral language processing, such as word sense disam-
biguation (Chen et al., 2013), named entity recog-
nition (Tomanek and Hahn, 2009a; Tomanek and
Hahn, 2009b; Tomanek and Hahn, 2010), speech
summarization (Zhang and Yuan, 2014) and senti-
ment classification . In the biomedical information
extraction, it has been applied to the task of extract-
ing PPIs (Cui et al., 2009; Zhang et al., 2012), where
the ‘informativity’ of a document is measured based
on whether the document contains any expression of
PPI or not.

In our work, the goal is to find documents that
‘most informatively’ express event concepts of a
given ontology, which involves the following issues:

1. An ontology may have multiple event concepts,
and a sentence may express multiple concepts
in different parts. We thus consider the ‘infor-
mativity’ of a document as collective likelihood
of containing individual concepts, ignoring the
locations of the concept expressions in the doc-
ument.

2. The manual annotation process can be progres-
sive, and if an event extraction system trained
on earlier annotations can extract an event con-
cept from a new document, the document is no
longer ‘informative’ about that concept. The
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‘informativity’ is thus limited to those events
unrecognizable by the event extraction system
of our interest, in order to avoid overfitting.

3. An ontology has a hierarchical structure. We
also propose a method that considers the hier-
archical structure.

This paper is organized as follows: Section 2 de-
scribes the related work. In Section 3 we discuss the
method and algorithm, followed by the experiment
results and discussions in Section 4. Finally, Section
5 concludes this paper.

2 Related Work

2.1 Active Learning

In biomedical information extraction, some re-
searchers have applied active learning to the extrac-
tion of PPIs. For instance, (Cui et al., 2009) pro-
posed an uncertainty sampling-based approach of
active learning, and (Zhang et al., 2012) proposed
maximum uncertainty based and density based sam-
ple selection strategies. However, the extraction of
PPI is a simple task, while recent biomedical event
and relation extraction tasks (Kim et al., 2009) are
much more complicated. In this paper, we propose
an active learning method for extracting complex
events.

As for the sample selection in active learning,
its existing works can be roughly classified into
two approaches: committee-based approach (Seung
et al., 1992) and certainty-based approach (Lewis
and Catlett, 1994). In committee-based approach,
a committee of classifiers are maintained and doc-
uments whose classifications have the greatest dis-
agreements among the classifiers are selected out
and passed to external human experts for annotation.
The certainty-based approach is to label the most un-
certain samples by using uncertainty schemes such
as entropy (Fu et al., 2013).

Due to the lack of many classifiers for the event
extraction tasks of our interests, we follow the
certainty-based approach. Our approach is based on
an event extraction system and a language model for
predicting ontology concepts, and considers a docu-
ment as uncertain about an event concept if the sys-
tem and the model disagree on the presence of the

concept in the document. Particularly, when the lan-
guage model predicts that a document expresses an
event concept, but the system cannot extract any in-
stance of the concept from the document possibly
due to the lack of training data about the concept,
we pass this document to human experts to check if
the document expresses the concept or not.

2.2 BioNLP-ST datasets and event extraction
system

The BioNLP shared tasks (BioNLP-ST) were orga-
nized to track the progress of information extraction
in the biomedical text mining. In this paper, we used
the datasets of two tasks, namely GRO’13 (Gene
Regulation Ontology) and CG’13 (Cancer Genet-
ics). Each corpus was manually annotated with an
underlying ontology, whose number of concepts and
hierarchy are different from the others. Those differ-
ences in the underlying ontologies bring about dif-
ference in the results of our experiments as shown in
Section 4. A comparison between the two is given
in Table 1.

Task Number
of on-
tology
concepts

Ontology
depth

Corpus
size (ab-
stracts)

GRO’13 507 7 300
CG’13 18 2 400

Table 1: Summary of task datasets

In this study, we propose a novel active learning
method and test it against the two datasets above,
using the state of the art biomedical event extraction
system, namely the Turku Event Extraction System
(TEES) (Björne et al., 2011). The TEES is based
on SVM and was the only system that participated
in all the tasks of BioNLP-ST’13, showing the best
performance in many tasks (Björne et al., 2012).

3 Method

The tasks of our interests are to annotate all relevant
concepts and relations from given ontologies on spe-
cific spans of text (Kim et al., 2011b). To simplify
the problem, our proposed method of active learning
does not locate the exact text spans that express on-
tology concepts/relations, but checks if a document
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as a whole expresses any concept/relation.
As explained above, our approach is based on a

language model, which measures the probability of
the presence of an ontology concept in a document,
and an event extraction system (i.e. TEES), which
automatically extracts events of ontology concepts
from a document. We assume that if the TEES can
annotate a concept on a document, the document is
not informative for the system to be further trained
about the concept. Our method thus ignores the con-
cepts that the TEES can annotate on a document,
even if the document is likely to express the con-
cepts according to the language model. Figure 1 de-
picts the workflow of the proposed method.

DocumentN(D) Concept/relationN(C)

DoesNTEESN
annotateNCNonND?

DNisNinformativeN
forNC

UnlabeledNcorpus Ontology

No Yes

IsNDNlikelyNtoN
expressNC?

Yes No

DNisNnotN
informativeNforNC

Figure 1: Overview of proposed active learning method

Our method works iteratively as follows: We train
the TEES and build a language model based on an
initial training dataset. We measure the informativ-
ity of each unlabelled document for an ontology and
choose the top documents as feed for manual anno-
tation and for retraining the TEES and rebuilding the
language model. We then update the informativity
of unlabelled documents using the retrained systems
and continue to increase the training data size until

the system performance is saturated.
During each iteration of active learning, we mea-

sure the informativity score of a document at the
sentence level, that is, the sum of the informativity
scores of all the sentences in the document. For each
sentence (Sk), we measure its informativity score
I(Sk) in two dimensions: the ontology event con-
cepts (Ei) and relations (Rj), as expressed in (1).

I(Sk) =

Ei∈Sk∑
P (Ei|Sk) +

Rj∈Sk∑
P (Rj |Sk) (1)

The conditional probability in (1) is estimated us-
ing the Bayes’ theorem as shown in formula (2) and
(3).

P (Ei|Sk) =
P (Ei)P (Sk|Ei)

P (Sk)
(2)

P (Rj |Sk) =
P (Rj)P (Sk|Rj)

P (Sk)
(3)

We decompose a sentence in two ways: n-grams
(NG) and predicate-argument relations (PAS) pro-
duced by the Enju parser (Sagae et al., 2007). Equa-
tions (4, 5) show the conditional probabilities of
event concept based on the two decomposition meth-
ods, respectively. The conditional probabilities of
relation are calculated likewise.

P (Sk|Ei) =
∑

l;NGl∈Sk

W (NGl, Ei) (4)

P (Sk|Ei) =
∑

l;PASl∈Sk

W (PASl, Ei) (5)

The weight score W (NGl, Ei) (similarly for
PASl and Rj) is dependent on co-occurrences be-
tween the n-gram (NGI ) and the ontology event
concept (Ei). The score is thus calculated in three
ways: 1) Yates’ chi-square test, 2) relative risk, and
3) odds ratio (Corder and Foreman, 2009).

In addition, we incorporate the hierarchy structure
of ontology into the statistical active learning frame-
work as follows: Given an event concept Ei and a
sentence Sk, we replace P (Ei|Sk) with the sum of
P (Em|Sk) for all the ancestor concepts of Ei, as
shown in Equation (6).
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P (Ei|Sk) =
∑

m;Ei⊆Em

P (Em|Sk) (6)

Table 2 summarises the calculation of informativ-
ity scores in pseudo codes.

4 Results and discussion

The experiments are carried out in two phases: 1)
Parameter optimization and 2) evaluation against the
BioNLP-ST datasets.

4.1 Experiment 1: Parameter optimization

We first take a separate parameter optimization step,
in order to determine the most appropriate measure
for the calculation of the aforementioned weight
score and the most effective n-gram size. A simu-
lation of ontology concept prediction is carried out
at the sentence level. In this task, for a sentence Si

that contains N manually annotated ontology con-
cepts, only the original string of Si and the number
N are given to the informativity calculator. The cal-
culator predicts top N candidate ontology concepts
for this given sentence.

Using 10-fold cross validation, the average pre-
diction rate is calculated and reported in Table 3.
Each column corresponds to a n-gram size, and each
row to one of the three co-occurrence analysis meth-
ods used for the prediction. Note that when N=2
(i.e. bi-grams), it does not include unigrams for the
calculation. This experiment is carried out using the
GRO’13 dataset.

Calculation
Method

N-gram
N=1 N=2 N=3 N=4 N=5

chi-
square

0.507 0.413 0.159 0.036 0.009

relative
ratio

0.341 0.395 0.307 0.128 0.038

odds 0.420 0.395 0.274 0.117 0.035

Table 3: Paremeter optimization results

As shown in Table 3, for all weight score calcu-
lation methods, the average accuracy mostly drops
as the length of N-grams increases. This may hap-
pen due to the data sparseness problem for large N-
grams. We choose to use chi-square test and uni-

grams for the following experiments based on the
results.

4.2 Experiment 2: Evaluation of application of
active learning

In this section, we compare the proposed active
learning method with other sample selection strate-
gies, including random selection (i.e. baseline) and
entropy-based active learning (Zhang et al., 2012).
Each experiment has ten rounds, where in each
round, 10% of the original training data are added
for training the TEES system. The followings are
considered for the selection of additional 10% train-
ing data in each round:

– Random selection: We randomly split the la-
beled documents into 10 bins in advance, and
in each round during the training phase, one
bin is randomly chosen. By using 10-fold
cross validation, we report the averaged perfor-
mance of random selection (hereafter referred
as RS Average).

– Entropy-based active learning: We calculate
the maximum entropy of each document re-
gardless of the given ontology, sort documents
by their entropy values and feed from docu-
ments with top values to those with bottom val-
ues as training data. Note that the sorting will
be done only once. (designated as Entropy)

– Proposed active learning: We vary the method
in two orthogonal dimensions: 1) Using either
unigrams (Unigram) or predicate-argument re-
lations (PAS), and 2) the weight scores for
events only (Event), relations only (Relation),
and both events and relations (Event + Rela-
tion). In each round, we re-calculate the in-
formativity of all remaining documents in the
training data and feed those with top scores as
training data.

Note that all the datasets were already annotated
by the shared task organisers, and so there is no need
to annotate them again. In the cases of real applica-
tion to unlabelled data, after selecting a subset of the
data as training data in a round, the documents in
the subset should be annotated by domain experts.
In the testing phase, the F-score will be measured as
the performance of the methods.
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Input: labeled document pool L, unlabeled document pool U , batch size b

// Initialization
ER0 = the set of events/relations annotated on L
Learn a TEES model M0 from ER0

// Active Learning Loop
while U is not empty:

for each document Dij in U :
Document informativity score I(Dij) = 0
for each sentence Sk in Dij :

Apply Mi−1 to Sk and collect the resultant events/relations set ERSk

for each event/relation er s.t. er ∈ ERi−1 and er /∈ ERsk:
I(Dij) += informativity score I(Sk, er)

I(Dij) = I(Dij) / sizeOf(Dij)
Rank Dij in U based on I(Dij) and select the top b documents, designated as B
Remove B from U , add B to L, and add the annotations on B to ERi−1, designated as ERi

Learn a new model Mi from ERi

Table 2: Proposed algorithm of active learning with TEES

We first applied those methods to the dataset of
GRO’13 (Kim et al., 2013) and measured the per-
formance change with incremental feed of the train-
ing data by using the TEES system. The evaluation
results are plotted in Figures 2 and 3. As shown in
the figures, the PAS models generally perform better
than the unigram models. In Figure 2, the method
using AL(Event PAS + Relation PAS) reaches the
saturated performance only with 60% of the original
training data and does not drop as more training data
are added for the system training. Saturated perfor-
mance indicates the performance of a system when
it is trained with 100% of the training data. Note that
the proposed active learning models perform better
than the random selection and the entropy-based ac-
tive learning in most cases.

At the point of using 30% of training data in Fig-
ure 2, the performance of the active learning meth-
ods all fall significantly, though quickly restored af-
terwards. We examined the results at the point and
found that the performance of relation identification
was relatively low. It may mean that the relation
identification is unstable with small amount of train-
ing data.

We then carried out a similar experiment using
the CG’13 dataset. Figures 4 and 5 plot the re-
sults of the experiments. In these experiments, we
can again confirm that the PAS models outperform
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Figure 2: Comparison of active learning with PAS,
entropy-based method and random selection in GRO’13

the unigram models and that the proposed active
learning methods outperform the random selection
and the entropy-based active learning. In Figure 4,
the method using AL(Event PAS + Relation PAS)
reaches the saturated performance only with 70% of
the original training data.

However, the performance improvement is less
significant compared to that of the GRO’13. Note
that the ontology of CG’13 is much smaller than that
of GRO’13, and thus that the CG’13 task would re-
quire less training data for performance saturation
and so there is less room for contribution from ac-
tive learning. This claim can be supported by com-
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Figure 3: Comparison of active learning with n-grams,
entropy-based method and random selection in GRO’13

paring the performance changes for the random se-
lection models against the two datasets. As shown
in Figures 3 and 5, the performance of the random
selection model for the CG’13 is getting saturated,
while that for the GRO’13 is not.
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Figure 4: Comparison of active learning with PAS,
entropy-based method and random selection in CG’13
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Figure 5: Comparison of active learning with n-grams,
entropy-based method and random selection in CG’13

4.3 Incorporation of ontology hierarchy

Apart from the previous comparisons, we incor-
porate ontology hierarchies into the active learn-
ing method. We carried out experiments using the
GRO’13 dataset, as its ontology depth is bigger than
that of CG’13. Note that in this experiment, only the
extraction of events but not relations is evaluated,
since only event concepts have a hierarchy structure
in the GRO. We use PAS models for this experiment
as they show better performance than unigram mod-
els in the previous comparisons.

The results of the ontology hierarchy incorpora-
tion is plotted in Figure 6. The incorporation helps
system performance reach the reported performance
of the TEES system from the point of using 60%
of training data and not fall below the reported one,
while the active learning method of AL(Event PAS)
without the ontology hierarchy information shows
unstable performance. Additionally, we have also
tried to use descendants, but the performance is
worse than using ancestors.
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Figure 6: Incorporation of ontology hierarchy into active
learning

5 Conclusion

In this study, we propose a novel active learning
method for ontological event extraction, which is
more complicated than the simple PPI extraction.
Our method measures the collective ‘informativity’
for unrecognizable biological events expressed in
documents. We found that the proposed method us-
ing the predicate-argument structure and the ontol-
ogy hierarchy is able to make the underlying event
extraction system reach saturated performance with
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significantly less documents and hence reduce the
amount of needed documents for manual annotation.
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