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a b s t r a c t
Extracting drug-drug interaction (DDI) relations is one of the most typical tasks in the field of biomedical
relation extraction. Automatic DDI extraction from the biomedical corpus is central to the mining of
knowledge hidden in the biomedical literature. Existing approaches for DDI extraction primarily focus
on either the contextual or the structural information of the sentence, despite their complementary role.
Also, previous studies do not even exploit the entire knowledge of the input sentence, which could lead to
a loss of crucial clues. In this paper, we propose an Attention-based Graph Convolutional Networks
(AGCN) to address these issues. In contrast to the existing DDI extraction methods, the AGCN is designed
to leverage contextual and structural knowledge together, where GCN is employed in combination with
encoders based on recurrent networks. Additionally, we apply a novel attention-based pruning strategy
to optimally use syntactic information while ignoring irrelevant information, in contrast to previous rulebased pruning methods. Therefore, AGCN can take advantage of the context and structure of the input
sentence as efficiently as possible. We evaluate our model using a dominant DDI extraction corpus.
The experimental results demonstrate the effectiveness of our model, which outperforms existing
approaches.
Ó 2020 Elsevier Ltd. All rights reserved.

1. Introduction
Drug-drug interaction (DDI) extraction—one of the most typical
tasks in biomedical relation extraction—aims to extract the interactions among two or more drug entities from the biomedical literature. DDI may occur when drugs are co-administered. It can
increase or reduce the effects of the combined drugs and can be
harmful to the human body. To prevent severe adverse drug reactions (ADRs) in advance, several databases, such as DrugBank
(Wishart et al., 2018) and Drugs.com, have been created by domain
experts. However, in spite of the rapid growth of biomedical literature, the majority of information is still buried in articles. Also, it
is time-consuming and expensive to manually collect DDI information from natural language. Therefore, the development of a system to automatically extract DDI information from the
biomedical literature has become particularly significant, especially with respect to efficiency.
Traditional relation extraction approaches based on machine
learning have predominantly employed the method of feature representation or kernel design. Feature-based approaches usually
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exploit a diverse set of features and feed them into classifiers such
as support vector machines (SVM) (Giuliano, Lavelli, Pighin, &
Romano, 2007; Kim, Liu, Yeganova, & Wilbur, 2015). Thus, it is necessary to select a suitable feature set acquired through experience.
Kernel-based approaches leverage syntactic information to measure the similarity between training and test sets without explicit
feature representations (Airola et al., 2008; Giuliano, Lavelli, &
Romano, 2006). This method also utilizes suitable kernel functions
requiring careful crafting. Consequently, the performance of traditional machine learning-based methods depends on the chosen
feature set or the designed kernel function.
In recent years, with the emergence of deep learning, neural
network-based methods for automatic feature representation have
become highly influential in DDI extraction tasks. Existing neural
network-based methods can be roughly classified into two categories: sequence-based and dependency-based. Sequence-based
models encode the sentence sequences into the contextualized
latent features with recurrent neural networks (RNN) or convolutional neural networks (CNN) (Huang, Jiang, Zou, & Li, 2017; Liu,
Tang, Chen, & Wang, 2016a). Dependency-based models incorporate dependency trees of the given sentences into neural models;
this approach has proven to be very effective for relation extraction
(Xu, Feng, Huang, & Zhao, 2015). Because the dependency trees
involve rich structural information, dependency-based models
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can capture long-range syntactic relations that are ambiguous on
the surface, particularly for sentences with complex or long
clauses.
Although a considerable amount of research has been performed on DDI extraction, there are still a few challenging issues
to be addressed to improve performance. First, previous studies
have mostly focused on only one of the contextual or structural
information of the sentence (Zhao, Yang, Luo, Lin, & Wang, 2016;
Zhou, Miao, & He, 2018). These approaches would lack the other
type of information. For instance, the dependency-based models
would not be sufficient for representing the semantic meaning of
the sentence, and vice versa. Additionally, existing dependencybased neural architectures (e.g., Tree-LSTM) are usually inefficient
because of the difficulty of parallelism, and the models constrain
the inputs to a tree structure. Second, most of the existing models
do not exploit the entire knowledge of the input sentence, which
could cause a major loss of information. In sequence-based models,
the length of the input sentence is practically limited to the chosen
maximum length. In dependency-based models, rule-based pruning strategies, such as the shortest dependency paths (SDP) and a
subtree of the lowest common ancestor (LCA), are generally
employed. Fig. 1 shows a real case where decisive information is
ignored when the model is restricted to only considering the SDP
or the LCA subtree.
To resolve the aforementioned issues, we propose a novel
Attention-based Graph Convolution Networks (AGCN) for DDI
extraction, which is inspired by previous work (Zhang, Qi, &
Manning, 2018b). We adopt GCN (Kipf & Welling, 2017) to encode
the syntactic dependency graphs, producing latent feature representations of nodes (e.g., words in our case). By stacking the convolution layer, the model can capture richer neighborhood information
of the graph. The model differs from other tree-based models such as
Tree-LSTM, in that the GCN can be effectively applied over a dependency graph in parallel and do not constrain the input structure
which can be any linguistic feature represented as a graph. We also
consider contextualized information as well as syntactic knowledge
by incorporating the GCN with recurrent networks such as bidirectional long short-term memory (bi-LSTM) networks.
In addition, we utilize full dependency trees as inputs to avoid
the loss of crucial information. Our objective is to optimally use
the relevant information while ignoring irrelevant information, in
contrast to rule-based pruning. Thus, we can alleviate the loss of
important clues in the full trees. Specifically, we developed an
attention-based pruning strategy that assigns attention weights
to each edge via a self-attention mechanism (Vaswani et al.,
2017) to represent the strength of relatedness between nodes. This
allows the model to learn whether to include or exclude information from the full tree. Consequently, the AGCN can exploit the
context and structure of the input sentence as efficiently as
possible.
We trained and evaluated our AGCN model on the dominant
DDI extraction dataset of the DDIExtraction 2013 shared task
(SemEval-2013 Task 9) (Segura-Bedmar, Martínez, & HerreroZazo, 2013), which consists of a corpus from the DrugBank
database and MEDLINE abstracts. The proposed model achieved a

micro F-score of 76.86%, outperforming the state-of-the-art model
for DDI extraction by 1.38%. We also evaluated our model components with regard to their effectiveness and contribution to the
performance improvement.
The main contributions of this paper can be summarized as
follows:
 We propose a neural framework AGCN, which is the first graph
convolution-based architecture for DDI extraction, to the best of
our knowledge. We leverage both contextual and syntactic
information regarding the sentence, which have complementary characteristics, by incorporating the GCN with recurrent
networks.
 We introduce a novel attention-based pruning strategy to efficiently utilize syntactic information while ignoring irrelevant
information, in contrast to previous rule-based pruning
methods.
 The proposed framework achieved state-of-the-art results for
DDI extraction with a micro F-score of 76.86% for the DDIExtraction 2013 dataset, outperforming the existing approaches. Furthermore, we conducted experiments using several types of
RNN modules, pruning strategies, and linguistic features for
comparison.
The remainder of this paper is organized as follows. In Section 2,
we review existing approaches. In Section 3, we describe our AGCN
model in detail. Sections 4 and 5 present the experimental setup
and results, respectively. Finally, we present our conclusions in
Section 6.
2. Related works
The existing approaches for DDI extraction can primarily be
divided into three main categories: feature-based, kernel-based,
and neural network-based. Feature-based approaches concentrate
on finding distinctive features representing characteristics of the
data. Various linguistic features are extracted and fed to classifiers
trained on these features. For instance, Björne, Kaewphan, and
Salakoski (2013) exploited shortest path features and domain
knowledge features, and (Chowdhury & Lavelli, 2013a) utilized
heterogeneous features consisting of semantic, lexical, syntactic,
and negation features derived from parse trees. Similarly, Kim
et al. (2015) combined word, parse tree and dependency graph features, and (Raihani & Laachfoubi, 2016) integrated lexical, phrase
and phrase auxiliary features to extract DDI from the biomedical
literature. In these methods, the major challenge is to identify
the informative and suitable features, and the feature extraction
process is also time-consuming and dependent on domain experts.
Kernel-based approaches depend largely on the designed kernels, which summarize the data instances and calculate their similarity. In general, these methods are known to take advantage of
syntactic information, including dependency graphs and parse
trees, compared with feature-based methods. Zhang, Lin, Yang,
Wang, and Li (2012) proposed a single kernel-based method to
effectively utilize syntactic information with a dependency graph.

Fig. 1. Example of a dependency tree for a sample sentence in DDI extraction task. The edges represent neighbor tokens K = 1 away. The shortest dependency path between
drug entities is highlighted in bold. The root node of the LCA subtree of the entities is ‘‘taken”. Note that a negative ‘‘not” and ‘‘recommended”, which are crucial clues for DDI
extraction, are excluded from both the shortest dependency path and the LCA subtree.
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(Chowdhury & Lavelli, 2013b) introduced a hybrid kernel method
that employed three different kernels and used contextual and
shallow linguistic features, and they ranked at the top of the DDI
extraction 2013 challenge. Thomas, Neves, Rocktäschel, and Leser
(2013) achieved second place in this competition; they developed
an ensemble-based model applying multiple kernel methods.
However, a potential disadvantage of kernel methods is that all
data structures are comprehensively represented by the kernel;
thus, designing elaborate kernel functions is essential.
In contrast, deep neural networks have emerged for automatic
representation learning methods and have exhibited remarkable
performance in a wide range of fields, such as image processing,
natural language processing, and information retrieval. In DDI
extraction, neural network-based models have become the dominant method. Features for DDI prediction can be learned and
extracted automatically using neural networks, without laborious
feature engineering. There are two ways to extract relations
between entities using neural networks, according to the input
structure: sequence-based and dependency-based.
Sequence-based models primarily exploit diverse neural architectures, including CNN and RNN. Liu, Tang, Chen, & Wang,
(2016a) introduced CNN model to predict DDI and combined word
embeddings with position embeddings. The position embeddings
were used to encode the relative distances between two entities
and were widely employed in subsequent studies. Quan, Hua, Sun,
and Bai (2016) developed a multichannel CNN model, where different versions of word embeddings were integrated to better represent the input sequences. RNN-based methods have been
successfully employed to extract DDI as well. LSTM and gated recurrent units (GRU)—a kind of RNN-based architecture—have been used
by Zhou et al. (2018), Yi et al. (2017) and Sahu and Anand (2018), and
they achieved better performance than CNN-based methods. Furthermore, Sun et al. (2019) proposed a recurrent hybrid CNN to
exploit both semantic and sentence-level representations. This
approach yielded an F-score of 75.48%, which is the best performance achieved thus far for the DDIExtraction 2013 corpus.
Dependency-based approaches focus on incorporating structural information of given sentences into the neural architectures.
The DDI extraction corpus is composed of several long and complex sentences. The longest sentence contains more than 150
words, presenting a significant challenge. Therefore, structural
knowledge, e.g., dependency trees, is useful for DDI prediction.
Zhao et al. (2016) showed that dependency paths are effective in
neural models for identifying DDI, and (Liu, Chen, Chen, & Tang,
2016b) introduced dependency-based CNN. In particular, Zhang
et al., (2018a) exploited both sentence sequences and dependency
paths via hierarchical RNN. This approach is along the same lines of
ours, in that it integrates semantic and syntactic information. However, all previous studies on DDI extraction, including those mentioned above, have focused only on the SDP.
A variety of dependency pruning techniques have been
employed to reduce computational costs and improve the performance of natural language processing. One common pruning strategy involves the SDP between two entities in the full path
described above (Xu et al., 2015), and another common approach
is to exploit the subtree below the LCA of the entities (Miwa &
Bansal, 2016). Zhang, Qi, & Manning, (2018b) proposed a pathcentric pruning method that includes tokens up to a distance K
away from the dependency path in the LCA subtree. However,
these rule-based pruning techniques risk excluding valuable information from the original tree for relation extraction. In contrast to
previously reported methods in which rule-based preprocessing is
adopted to eliminate edges, our approach can automatically learn
and assign different weights to each edge according to its relative
importance.

3

Graph convolutional networks (GCN) (Kipf & Welling, 2017)
have been successfully employed to generalize neural networks
that operate on arbitrarily structured graphs, including knowledge
graphs, social networks, and dependency graphs. We can obtain
insight regarding the relationships between the entities (i.e.,
nodes) by representing data as a graph structure. In early works
(Gori, Monfardini, & Scarselli, 2005; Scarselli, Gori, Tsoi,
Hagenbuchner, & Monfardini, 2009), researchers proposed a type
of graph neural networks (GNN) to address more general graphs,
such as cyclic, undirected, and directed graphs. To improve the
computational efficiency, Duvenaud et al. (2015) introduced CNN
that operate directly on graphs of arbitrary size and shape for
graph classification. Kipf and Welling (2017) simplified this
approach by restricting the filters to operate on a first-order neighborhood around each node, producing representations that encode
both the local graph structure and the features of nodes.
In detail, a number of recent studies for the general GNN architectures that also exploit RNN have been conducted, similar to our
approaches incorporating GCN with RNN. Li, Zemel, Brockschmidt,
and Tarlow (2016) addressed the problem of predicting the
sequence of outputs such as paths on a graph from a single input
graph. In this approach, the model extended the GNN model
through the use of GRU to generate multiple sequences. Seo,
Defferrard, Vandergheynst, and Bresson (2018) introduced graph
convolutional recurrent networks that also predict the sequences
of graph-based data. They merged GCN and RNN to simultaneously
exploit both the spatial structures of graphs and dynamic information about the data. Manessi, Rozza, and Manzo (2020) presented
dynamic graph convolutional networks to deal with dynamic
graph-structured data that may change over time in the real world.
This model combined LSTM and GCN to capture long short-term
dependencies together with the graph structure. These approaches
exploited GNN in conjunction with RNN architecture similarly to
ours, but they differ in their purpose and combination method.
All of them employed RNN to extract temporal information from
graphs, which can be composed of multiple sequences or appear
dynamic, and our model handles contextual information from sentences. Additionally, we focus on feature representation for static
graph-structured inputs by leveraging an attention-based pruning
technique and produce a single output such as DDI information.
Consequently, the proposed approach is capable of effectively generating the representation suitable for the task.
The attention mechanism has recently achieved remarkable
success in natural language processing tasks such as machine
translation (Bahdanau, Cho, & Bengio, 2015; Luong, Pham, &
Manning, 2015) and question answering (Seo, Kembhavi, Farhadi,
& Hajishirzi, 2017). The basic concept of the attention mechanism
is to pay more attention to context that is the most relevant at a
specific point when models need to make decisions. For DDI
extraction, RNN model with multiple attention layers for wordand sentence-level attention has been proposed (Yi et al., 2017).
Zhou et al. (2018) demonstrated that a position-aware attention
mechanism combining position embeddings with the hidden
states of bi-LSTM is effective for predicting the interaction between
drugs. Our method differs from previously reported ones in that
our attention mechanism operates on GCN architecture, leveraging
the self-attention mechanism relating different nodes of a single
dependency graph to automatically exploit the important tokens
among all the tokens.

3. Proposed method
Consider the problem of each sentence X ¼ ½x1 ;    ; xn , where
xi 2 Rd represents the d-dimensional ith embedded token. Drug
entities, which are denoted as DRUG-A and DRUG-B, are identified

4

C. Park et al. / Expert Systems with Applications 159 (2020) 113538

and correspond to the words xa and xb (a; b 2 ½1; n; a–bÞ in the sentence. Given X, xa , and xb , the proposed model (AGCN) predicts a
relation r 2 R (a predefined relation set) that holds between the
drug entities, or ‘‘no-relation” otherwise. Fig. 2 illustrates an overview of the proposed framework. First, each word is represented as
an embedded token that contains a word embedding, dependency
embedding, part of speech (POS) embedding, and distance embedding. These representations are sequentially fed into the bi-LSTM
and GCN to capture both contextual and syntactic features. Then,
our framework prunes irrelevant information while making optimal use of the meaningful information via the proposed
attention-based pruning method. In the pooling layer, a sentence
representation and two drug representations are obtained, and
these representations are concatenated. Finally, the classifier
extracts the types of interactions between drug entities.
In this section, we first describe basic graph convolutional networks (GCN) for DDI relation extraction, and then describe our
Attention-based Graph Convolution Networks (AGCN) in detail.

ReLU). The initial state hi takes xi as an input. In our AGCN, hi takes
contextualized features obtained from the bi-LSTM model. We add
a self-loop to each node in order to incorporate the node itself by
adding the identity matrix I to the adjacent matrix. Additionally,
we assume that the dependency graph is undirected, which means
P
Aij ¼ 1 and Aji ¼ 1. A normalization term di ¼ nj¼1 Aij represents the
degree of the token. Note that A is reconstructed to the weight of
each edge for attention-based pruning in our method.

3.1. Graph convolutional networks

3.2. Context-sensitive representations

Graph convolutional networks (GCN) (Kipf & Welling, 2017) is a
type of convolutional neural networks that operate directly on
graphs. We adopt the GCN to model the dependency tree converted into the graph structure. The GCN model encodes information about the neighborhood of each node as a feature vector,
sharing filter parameters over all locations in the graph. The convolution operation in the GCN is similar to that in the CNN in that the
model shares parameters in kernels. In each layer, each node gathers and summarizes information from its all immediate neighbors;
thus, information is conveyed along the edges of the graph.
Depending on the number of convolution layers, the model can
encode rich neighborhood information of the graph. For instance,
K layers GCN can capture information about neighbors a maximum
of K hops away.
Formally, consider an undirected graph G ¼ ðV; EÞ, where V
represents a set of n nodes, and E represents a set of edges. The
objective is to learn a function of features on the graph that takes

The introduced GCN model is capable of effectively capturing
dependencies between nodes for various tasks (Zhang, Qi, &
Manning, 2018b; Bastings et al., 2017). However, the network
considers only syntactic features, which leads to a lack of lexical
and contextual features from the original sentence. The same word
may have diverse meanings in different contexts, making it difficult for the word vector to accurately express contextual meaning.
Because the pre-trained word embeddings that are widely used
only allow a single context-independent representation for each
word, polysemy is challenging. We hypothesize that contextsensitive vectors will facilitate the extraction of the semantic relations from the sentences. Therefore, we expect the contextual and
syntactic information to play complementary roles, enriching their
states.
To resolve these issues, we employ bi-directional LSTM
(bi-LSTM). For word token xi , the two LSTM layers capture contextual information along the sentence, both forward and backward.
The networks read the previous and future context of the current
time step. Thus, the bi-LSTM model identifies the contextdependent meaning of the word better than does the one-way

ðlÞ

as input: an adjacent matrix A and an input feature hi . The adjacent matrix A represents the graph structure with n  n nodes,
where Aij ¼ 1 if there is an edge going from node i to node j. The

convolution operation for node i at the l

th

ðl1Þ

layer takes hi

as an

ðlÞ

input. The node representation hi about its neighbors is computed
as:
ðlÞ
hi

¼r

n
X

!
ðl1Þ
Aij W ðlÞ hj =di

ðlÞ

þb

;

ð1Þ

j¼1
ðlÞ

where W ðlÞ and b represent a kernel weight matrix and a bias term,
respectively, and r represents a nonlinear activation function (e.g.,
0

Fig. 2. Overview of the proposed Attention-based Graph Convolutional Networks architecture.

0
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network. In our model, the input word vectors are first fed into the
!
bi-LSTM, and the outputs hi and hi of the bi-LSTM at the last time
step i are then concatenated into hi , as follows:

 !
!
hi ¼ LSTM xi ; hi1

ð2Þ



hi ¼ LSTM xi ; hi1

ð3Þ



Each soft matrix is employed for a convolution operation.
n oH
ðlÞ
Hence, we have H node representations hik
, which are conk¼1

catenated and linearly transformed. This leads to the integration
of various meanings of multi-head attention into one vector, which
has the same dimension as the input feature through the projection layer. In summary, we calculate each layer as follows:
ðlÞ
hik

¼r

n
X

!

b ij W ðlÞ hðl1Þ =di þ bðlÞ
A
k
k
k jk

ð6Þ

j¼1



!
hi ¼ hi ; hi :

ð4Þ

The output hi , i.e., the context-sensitive features, are employed
0

as the initial state hi in the AGCN.
3.3. Attention-based pruning
Dependency trees convey syntactic information about the sentence, which is valuable for relation extraction (Fundel, Küffner,
& Zimmer, 2007). However, most existing dependency-based networks do not take the full dependency trees. The dependency trees
are directly pruned by eliminating irrelevant information from the
original tree, because of the equivalent weights of the binary adjacent matrix. As discussed in Section 2, such pruning strategies are
generally predefined in rule-based preprocessing and can cause a
loss of crucial information and performance degradation. Motivated by these observations, we propose attention-based pruning,
where all of the edges in the full dependency graph are assigned
to the weights.
Therefore, we reconstruct the adjacent matrix A into a soft adjab with a self-attention mechanism (Vaswani et al.,
cent matrix A
2017). The self-attention mechanism captures the relation
between different positions of a single sequence, which has led
to successful results in a variety of tasks including reading comprehension and summarization (Lin, Sun, Ma, & Su, 2018; Yu et al.,
2018). We thus employ the self-attention mechanism to determine
the relatedness between nodes, even if they are connected indirectly. The existing pruning methods are regarded to assign zero
weights to each edge if the two nodes are not connected directly.
In contrast, we assign the weights to all the edges, which is viewed
as a soft-attention approach.
We compute the attention function on query and key pairs of ddimensional vectors representing tokens. The output weights are
calculated using a compatibility function of the query with the corresponding key, and then assigned to the values. To capture a different context from multiple aspects, we found it more beneficial
to employ multi-head attention, similar to Vaswani et al. (2017).
Specifically, H independent attention mechanisms are executed,
and their output features are concatenated, which allows the
model to jointly attend to information from different representation subspaces. We compute the soft adjacent matrix as:

0

T 1
Q
K
QW
h  KW h
C
b h ¼ softmaxB
pﬃﬃﬃ
A
@
A;
d

ð5Þ

ðl1Þ

where Q and Kare equal to h
vious convolutional layer.

, i.e., the representation at the preThe projection parameters are

W h Q 2 Rdd and W h K 2 Rdd , where h refers to the hth head in H
b h represents the hth soft adjacent
attention layers. Accordingly, A
matrix and we can obtain H soft adjacent matrices from the binary
adjacent matrix. In practice, the binary adjacent matrix is firstly
used for the initial node representation
matrices from later convolutional layers.

0
hi ,

and we apply the soft

ðlÞ

hi ¼ Linear

h

ðlÞ

ðlÞ

hi1 ;    ; hiH

i
;

ð7Þ
ðlÞ

ðlÞ

where k ¼ 1;    ; H, and the weight matrix W k and bias term bk
depend on k. Linear refers to a linear projection layer. The procedure
thus far for attention-based pruning is summarized in Fig. 3.
Because we have a dimensional representation of the original input
feature, the corresponding representation is fed into the next layer
as the input feature. After the last layer, we apply a one simple convolutional layer to induce the final representation of each node. This
layer leaves the adjacent matrix out because the input features
already contain the structure information from the previous process. We calculate the final representation as:

!
n
X
ð LÞ
ðLÞ
ðLÞ ðLÞ
:
hi ¼ r
W hj þ b

ð8Þ

j¼1

3.4. Extracting DDI with AGCN
Given a sentence X ¼ ½x1 ;    ; xn  in which xa = ‘‘DRUG-A” and xb =
‘‘DRUG-B”, each word xi is represented as four linguistic features:
the word itself, part of speech (POS) tag, dependency and distance.
Each input word is mapped to a pre-trained word embedding. We
exploit the POS and dependency feature of the word to extend its
representation ability. As the dependency relation between a head
word and a child can lead to a difference in meaning, the dependency feature is equipped to capture such grammatical relations
(Xu et al., 2015). In particular, the POS feature is informative for
distinguishing different semantic meanings in sentences (Zhang
et al., 2018a; Zhao, Yang, Luo, Lin, & Wang, 2016). The distance feature proposed by Zeng, Liu, Lai, Zhou, and Zhao (2014) represents
the relative distance between xi and the target drugs xa and xb ,
respectively. It is helpful to specify which input words are the
two target nouns in the sentence. Thus, two distance measures
are defined for each word xi . Indeed, we compare the effects of
these features through an ablation study in Section 5.4. Let Eword ,
Epos , Edep , Edis1 , and Edis2 denote the word embedding matrix, POS
embedding matrix, dependency embedding matrix and two distance embedding matrices, respectively. We randomly initialize
and fine-tune Epos , Edep , Edis1 , and Edis2 during training. The final word
representation is given by xi ¼ eword ; epos ; edep ; edis1 ; edis2 , where ‘;’
represents the concatenation operator.
After applying our AGCN model over the input dependency
graph, we obtain hidden representations of each token, which is
affected by its neighbor nodes K hops away. Our objective is to
extract the interaction between the drug pair using these representations. We produce a sentence representation and two drug representations, respectively, as follows:


 



L
ð0 Þ
hsent ¼ f masksent hð Þ
;
¼ f AGCN h
ðlÞ

ð9Þ

where h denotes the collective representations in the lth layer of
the AGCN, and f :2 Rdn ! Rd is a max pooling function that maps
n output vectors to one sentence vector. The function masksent selects
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Fig. 3. Diagram of the attention-based pruning strategy.

only sentence representations except for the entity tokens. We also
obtain two drug representations hdrugA and hdrugB in a similar way.
Finally, we obtain the final representation for DDI prediction by
concatenating these representations and feeding them to a fully
connected layer with the activation function, following (Lee, He,
Lewis, & Zettlemoyer, 2018; Santoro et al., 2017):

hfinal ¼ FClayer hsent ; hdrugA ; hdrugB :

ð10Þ

Here, hfinal is taken as the input into a linear layer, followed by a
softmax classifier to generate a probability distribution over the
DDI relations.
4. Experiments
4.1. Dataset
In our experiments, we evaluated the proposed model for the
DDIExtraction 2013 dataset (Segura-Bedmar et al., 2013), which
is the most widely known dataset for evaluating the performance
of DDI extraction. The DDIExtraction 2013 corpus is manually
annotated and is composed of the DrugBank and MEDLINE
abstracts. The main purpose of this task is to detect the drugdrug interactions and classify each DDI into one of five distinguishable DDI types: Advice, Mechanism, Effect, Int, and Negative. We
briefly describe each type with an example.
 Advice: Advice is assigned when the text provides a recommendation or advice regarding the concomitant use of two drugs;
e.g., ‘‘Concomitant use of bromocriptine mesylate with other ergot
alkaloids is not recommended.”
 Effect: Effect is assigned when the text mentions a pharmacodynamic mechanism such as a clinical finding, increased toxicity,
or therapeutic failure; e.g., ‘‘Therefore, a slower onset can be
anticipated if STADOL NS is administered concomitantly with, or
immediately following, a nasal vasoconstrictor.”
 Mechanism: Mechanism is assigned when the text mentions a
pharmacokinetic mechanism such as changes in the levels or
concentrations of the drugs; e.g., ‘‘Probenecid competes with
meropenem for active tubular secretion and thus inhibits the renal
excretion of meropenem.”
 Int: Int is assigned when the text mentions an interaction but
does not provide any additional information about the interaction; e.g., ‘‘A two-way interaction between the hydantoin
antiepileptic, phenytoin, and the coumarin anticoagulants has been
suggested.”
 Negative: Negative is assigned when the text mentions no interaction between the two drugs; e.g., ‘‘The safety and efficacy of
PROLEUKIN in combination with any antineoplastic agents have
not been established.”
The dataset is split into two parts: training data for development, and testing data for evaluation. We first performed standard

preprocessing steps, such as tokenizing and normalizing on both
the training and test data. These steps help to reduce the size of
the vocabulary and improve the performance. For tokenizing, we
employed the GENIA tagger (Tsuruoka et al., 2005), which was
specifically tuned for the biomedical corpus such as MEDLINE
abstracts. We did not eliminate little distinctive words such as
prepositions and conjunctions because we needed to obtain the
dependency graph from complete sentences. We also changed each
digit that was not a substring of a drug entity to a special tag ‘#’. In
particular, we anonymized target drugs to generalize our approach,
following a previously reported method (Zhao et al., 2016). In their
study, the drug names did not play a major role in extracting DDI.
Thus, for sentences with more than two drugs, we replaced the two
target drug entities with the symbols ‘‘DRUG-A” and ‘‘DRUG-B”,
while all other drug entities were represented as ‘‘DRUG-N”. However, such a simple preprocessing strategy may produce an imbalanced dataset, degrading the performance. For instance, the
sentence ‘‘If replacing drug 1 by drug 2 therapy, the introduction of
drug 3 should be delayed for several days after drug 4 administration
has stopped.” contains one positive instance (drug 3 , drug 4 ) and five
negative instances. The number of negative instances is significantly larger than the number of positive instances.
To reduce the number of negative instances, rule-based negative instance filtering is generally employed. We used data to
which negative instance filtering was applied in a previous study
(Zhao et al., 2016), for comparison. We briefly describe the filtering
rules applied to the data, as follows. The first rule is to remove the
instances with two target drugs referring to the same drug. The
second rule is to filter instances with two target drugs connected
with a coordinate structure (e.g., ‘‘and”, ‘‘or” and a comma). The
detailed statistics of the preprocessed DDI extraction dataset are
listed in Table 1.
4.2. Experimental setting
In our experiments, we implemented our AGCN model with the
PyTorch library. We used the biomedical word embeddings
(Pyysalo, Ginter, Moen, Salakoski, & Ananiadou, 2013), which were
pre-trained using unlabeled biomedical texts from PubMed and
PubMed Central (PMC). We used the Stanford parser to obtain
the dependency tree, dependency label, and POS tag of each word
in the candidate sentence. The dimensions of the word, depen-

Table 1
Statistics of the datasets used in the experiments.

Positive

Negative
Total

Relation type

Training

Test

Advice
Effect
Mechanism
Int

814
1592
1260
188
8987
12,841

221
357
301
92
2049
3020
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dency, POS, and distance embeddings are set at 200, 20, 20, and 15,
respectively. The dimensions of the bi-LSTM and attention were
300. All models were trained with a batch size of 32 instances
and the neural networks were optimized with stochastic gradient
descent. To alleviate the overfitting problem, the L2 regularization
weight was set to 0.003 in the output layer. Dropout, in which
units and their connections are randomly dropped from the networks during training, was applied to 0.5 in the bi-LSTM, convolution, and attention layers. Additionally, we experimentally
employed a two-layer architecture with which we achieved the
optimal performance.
4.3. Evaluation metric
To evaluate the performance of the proposed model, we use the
micro-precision (micro-P), micro-recall (micro-R) and micro-F score
(micro-F), which have been employed for existing models. The
micro-averaged metrics aggregate the contributions of all classes
to calculate the average metric, which is appropriate for imbalanced data. The metrics are defined as follows:

micro  P ¼

TP
TP þ FP

ð11Þ

micro  R ¼

TP
TP þ FN

ð12Þ

micro  F ¼

2  micro  P  micro  R
micro  P þ micro  R

ð13Þ

where TP, FP, and FN denote the average scores calculated across
different classes of true positives, false positives, and false negatives, respectively. Suppose that a dataset has A positive relation
samples, and a relation extraction system can extract B positive
relation samples. TP represents the case in which only some
instances of predicted B instances are correctly predicted as positive. FP represents the case in which the system may incorrectly
extract some relation instances as positive. Similarly, FN represents
the case in which some relation instances in A are not extracted by
the system. The precision is the ratio of the number of correctly predicted DDI to the total number of identified DDI. The recall is the
ratio of the number of correctly predicted DDI to the total number
of DDI that exist. The F-score is a harmonic mean of the precision
and recall which indicates the overall performance of the DDI
extraction system. Hence, micro-F is the harmonic mean of microP and micro-R, where micro-P and micro-R represent the precision
and the recall, respectively, averaged over all samples and label
pairs.
5. Results and discussions
We evaluated the proposed model in comparison with four conventional techniques and eight deep learning models for relation
extraction. We first investigated the detailed performance of each
DDI type for all methods and overall performance score. Additionally, we conducted an extensive experiment to examine the effectiveness of each component of the proposed method, including the
contextualized representations and the pruning strategies. Furthermore, we investigated various embedding features to analyze
the effects of each exploited feature.
5.1. Overall comparison
We selected four feature-based methods as traditional
approaches that are not neural methods. Our feature-based baselines are widely used machine learning approaches for DDI relation
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extraction. These methods commonly utilize carefully handcrafted
features and conventional classifiers such as SVM. The characteristics of the approaches are as follows:
 UTurku (Björne et al., 2013) uses features from dependency
parsing and domain resources such as DrugBank.
 FBK-irst (Chowdhury & Lavelli, 2013b) combines linear features,
path-enclosed tree kernels, and shallow linguistic features.
 Kim et al. (2015) use lexical, semantic, contextual, and treestructured features all together.
 Raihani and Laachfoubi (2016) use diverse features and rules
that are elaborately designed for the SVM classifier of each
subtype.
Additionally, we compared our method with other neural
network-based approaches, including state-of-the-art models for
DDI relation extraction. Neural methods automatically learn the
high-level feature representations based on the different
architectures:
 CNN (Liu, Tang, Chen, & Wang, 2016a) is a basic convolutional
neural network with the word and position embeddings.
 SCNN (Zhao et al., 2016) is a syntax convolutional neural network with a word embedding that contains the syntactic information based on the shortest dependency path.
 MCCNN (Quan et al., 2016) is a multichannel convolutional neural network, where different versions of word embeddings are
integrated to better represent each word.
 Joint-LSTM (Sahu & Anand, 2018) is an ensemble model comprising classical LSTM and attention-based LSTM.
 GRU (Yi et al., 2017) is a recurrent neural network model with
word-level and sentence-level attention layers.
 Hierarchical RNN (Zhang et al., 2018a) is a hierarchical LSTM
network that exploits the shortest dependency path and the
sentence sequence.
 PM-BLSTM (Zhou et al., 2018) is an attention-based LSTM network with a position-aware attention layer.
 RHCNN (Sun et al., 2019) is a joint model of the recurrent network and hybrid convolutional network with a focal loss.
Table 2 presents the experimental results for the baselines and
our method. We cite experiment results from the original paper for
each model. We did not report the scores if the original paper did
not contain detailed or overall results. The entire methods were
evaluated with the same training and test datasets used for our
proposed model. As indicated by the table, we computed the Fscore for four DDI types, as well as the overall precision, recall,
and F-score. The neural network-based models, including the proposed method, exhibited significantly better performance than the
traditional approaches with a large margin. Because the traditional
methods depend strongly on the input features, feature engineering to retrieve information from the input sentence is crucial. However, manually generated features are not sufficient compared with
the neural methods for determining the interaction between drugs,
because of the structural complexity of natural language.
The AGCN achieved scores of 78.17%, 75.59%, and 76.86% with
respect to the precision, recall, and F-score, respectively, and the
best scores are emphasized in bold. Our model resulted in the highest overall performance scores among all the neural networkbased models, including the previous state-of-the-art model,
except for the Int type. In the case of the Int type, there is a severe
data imbalance in the DDIExtraction 2013 dataset, as shown in
Table 1, which led to poor performance for all the models. Nevertheless, our model consistently exhibited higher results than the
existing methods, with regard to the overall scores and the detailed
scores, except for the Int type. To address the problem of data
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Table 2
Performance comparison with other state-of-the-art methods.
Methods

Traditional methods

Neural network-based methods

UTurku
FBK-irst
Kim et al.
Raihani et al.
CNN
SCNN
MCCNN
Joint-LSTM
GRU
Hierarchical RNN
PM-BLSTM
RHCNN

Our method

F-score for each DDI type (%)

Overall (%)

Advice

Effect

Mechanism

Int

Precision

Recall

F-score

63.00
69.20
72.50
77.40
77.72
–
78.00
79.41
–
80.30
81.60
80.54
86.22

60.00
62.80
66.20
69.60
69.32
–
68.20
67.57
–
71.80
71.28
73.49
74.18

58.20
67.90
69.30
73.60
70.23
–
72.20
76.32
–
74.00
74.42
78.25
78.74

50.70
54.70
48.30
52.40
46.37
–
51.00
43.07
–
54.30
48.57
58.90
52.55

73.20
64.60
–
73.70
75.70
72.50
75.99
73.41
73.67
74.10
75.80
77.30
78.17

49.90
65.60
–
68.70
64.66
65.10
65.25
69.66
70.79
71.80
70.38
73.75
75.59

59.40
65.10
67.00
71.10
69.75
68.60
70.21
71.48
72.20
72.90
72.99
75.48
76.86

imbalance, we attempted to experiment with the Adjusted
F-measure reported by Maratea, Petrosino, and Manzo (2014),
which is a measure for the classification performance in the case
of data imbalance that provides more weight to patterns correctly
classified in the minority class. Using the Adjusted F-measure, we
achieved scores of 87.17%, 86.38%, 85.15%, and 83.06% with respect
to the AGCN, RHCNN, PM-BLSTM, and CNN, respectively. As the
result of the experiment, we found that the experimental results
based on the Adjusted F-measure show similar aspects to those
based on the F-score, and the AGCN also demonstrated the best
performance.
These results indicate that the graph structure of sentences can
be helpful for inferencing the relations in sentences. Because the
AGCN effectively encodes the dependency structures of sentences
through GCN using attention-based pruning, our model explicitly
detects relations between two drugs for a given sentence. The
baselines primarily employ CNN or RNN variants to encode the
sentence information implicitly, which limits the path between
entities. On top of that, our model learns to optimize the path,
i.e., the adjacent matrix, via the trainable attention matrix. To minimize the loss of information in the graph, the soft adjacent matrix
plays an important role in the AGCN.
Additionally, we fuse contextual representations from the biLSTM, similar to RHCNN whereas the other methods use only the
word embeddings. As the semantic meaning of a word depends
on the context of the sentence as well as the word itself, the model
takes informative knowledge from the contextualized representation. The detailed contribution of each component is discussed in
the following section.
5.2. Effect of contextualized representations
We conducted an additional experiment to demonstrate the
effectiveness of the contextualized information and the different
RNN models. Table 3 presents the experimental results. To investigate the impact of the contextualized representations, we first utilized a basic GCN that removes the RNN layers for contextsensitive features in the AGCN. The attention-based pruning strategy was applied in all the experiments reported in Table 3. Without
the RNN layers, the F-score decreased by 3.00%, as shown in the
first row of the table. As previously discussed, the meaning of
words depends on their context of use. If we use only word embeddings, the semantics of words can be incorrectly represented.
Therefore, by combining contextual information passed through
RNN layers, we can obtain richer representations that reflect the
contextual information of words.
Next, we compared different RNN architectures, including GRU
and LSTM. The GRU model employs the gating mechanism in the

Table 3
Experimental results for different RNN models with respect to contextualized
representations.
Strategy

Precision

Recall

F-score

Basic GCN
+ GRU
+ LSTM
+ bi-LSTM

74.84
75.66
77.50
78.17

72.91
73.33
74.15
75.59

73.86
74.48
75.79
76.86

RNN to allow each recurrent unit to capture dependencies over different time scales. The LSTM model exploits memory cells as well
as the gating mechanism to alleviate the long-term dependency
problem. The performances of GRU, LSTM, and bi-LSTM for our
model are listed in Table 3. When we used GRU and LSTM, we
achieved the F-scores of 74.48% and 75.79%, respectively. When
we applied the bi-directional LSTM layer, we achieved the highest
F-score, 76.86%. This result suggests that simultaneously obtaining
information from the backward and forward states is more useful
than a one-way network for representing the context-dependent
meaning of words.
5.3. Effect of attention-based pruning
To evaluate the effectiveness of the attention-based pruning
strategy, we compared it with two other strategies: a full tree
without pruning and the LCA-based pruning method proposed in
(Zhang, Qi, & Manning, 2018b). In the case of the LCA subtree, k
represents the dependency tree that includes tokens up to distance
k away in the LCA subtree. We conducted the experiment on our
AGCN model with different pruning strategies for fair comparison.
As shown in Table 4, we observed that the proposed attentionbased pruning approach exhibited better performance than the
other strategies. Our approach obtained 3.67% better performance
than the best performing model with a full tree. This verifies our
hypothesis that incorporating relevant information is crucial for
DDI extraction. Our strategy can effectively identify and extract
more key words from the candidate sentences, which is vital for

Table 4
Experimental results for different pruning strategies.
Pruning strategy

Precision

Recall

F-score

Full Tree
LCA (k = 0)
LCA (k = 1)
LCA (k = 2)
Attention-based

73.99
70.62
72.81
73.79
78.17

72.39
69.82
71.16
72.20
75.59

73.19
70.22
71.97
72.98
76.86
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dealing with long and complicated sentences to predict interaction
pairs from biomedical text.
The results obtained using the LCA subtree demonstrate that
utilizing more information while increasing the value of k is beneficial for DDI extraction. This indicates that relation extraction in
the biomedical domain has slightly different aspects. In the general
domain (Zhang, Qi, & Manning, 2018b), including extra information reduces the effectiveness, as indicated by the lowest performance when the entire dependency tree is included. In
biomedical articles, the two target entities can be located close to
each other because the drug entities are often enumerated in the
sentence. Using the LCA or SDP between them might cause a significant loss of information. Therefore, our attention-based pruning
strategy exhibited the best performance, taking advantage of the
given sentence as efficiently as possible for DDI extraction. The
results demonstrate the effectiveness of attention-based pruning
for identifying DDI.
We conducted an additional experiment to determine the optimal number of heads for the multi-head attention that we
employed to prune the dependency graph. We evaluated our AGCN
model with different numbers of heads, i.e., H 2 f0; 1; 2; 3; 4g for
the same environments. Table 5 presents the experimental results.
As shown in the results, it is notable that all the models, even with
different values of H, consistently outperformed the previous stateof-the-art model in Table 2. The performance of our model was the
best with H ¼ 3, with an F-score improvement of 0.89. When four
or more heads were used, the F-score decreased slightly.
Consequently, the experimental results indicate that with the
multi-head attention mechanism, our model can capture different
contexts from multiple aspects and improve the performance.
Based on these observations, we experimentally set the number
of heads (H) as 3 for our model.

Table 6
Experimental results for the different types of linguistic features.
Embedding features

Precision

Recall

Fscore

Random initialization (w/o pre-trained
embeddings)
Word
Word + POS
Word + POS + Dependency
Word + POS + Dependency + Distance

72.41

74.87

73.61

73.04
74.92
76.85
78.17

75.07
73.84
74.56
75.59

74.04
74.56
75.69
76.86

5.5. Effect of training data size on performance
In order to study the contribution of the size of the training
dataset for boosting the performance, we compared four different
training and test ratios. Because the DDIExtraction 2013 dataset
after negative instance filtering is divided into training data and
evaluation data at a ratio of approximately 8:2, we further experimented with ratios of 6:4, 7:3, and 9:1. We plotted the results in
Fig. 4. As illustrated in the figure, the proposed model yields better
performance as the amount of training data is increased, both with
and without the attention-based pruning. Additionally, it is obvious that the contextual representations and attention-based pruning strategy are highly effective for the DDI task, as it outperforms
the baseline by a large margin. This implies that the proposed
model can learn how to extract and utilize informative relations
in the dependency tree through the pruning strategy and can
exploit contextual and structural knowledge by fusing the
context-sensitive features. Apparently, the ability of the proposed
method can be enhanced when there are more observations, hence
the performance gap increases with higher training ratios.
6. Conclusion

5.4. Effect of different features on performance
In this section, to analyze the effects of the different types of linguistic features that we exploited, we evaluated models with four
different combinations of features. Firstly, we confirmed that the
pre-trained embeddings are slightly better than random initialization. Because it is difficult to learn truly representative features
with insufficient data, we can previously obtain some semantic
information through the pre-trained embeddings. We started with
a baseline system without additional features except for the word
embeddings, and then gradually added features. The contextualized representations and attention-based pruning were applied in
all experiments, and the result are presented in Table 6. Our
method achieved an F-score of 74.04% with only the word embeddings. When POS embeddings and dependency embeddings were
integrated with the word embeddings, the performance was
improved. After the distance features were additionally exploited,
the performance was further improved with a total increase of
1.17% in the F-score (75.69% versus 76.86%). The results indicate
the importance of distance features in DDI tasks for identifying
target drug entities in long sentences and highlighting the key
information within the sentences.

Table 5
Experimental results for the multi-head attention mechanism. The best scores are
emphasized in bold.
# of heads
H
H
H
H
H

¼ 0 (w/o attention)
¼1
¼2
¼3
¼4

Precision

Recall

F-score

73.99
76.57
77.18
78.17
76.30

72.39
75.39
75.58
75.59
76.93

73.19
75.97
76.38
76.86
76.61

In this paper, we propose an efficient and competitive method
for DDI extraction, called the Attention-based Graph Convolutional
Networks (AGCN). The proposed model primarily consists of two
designs that contribute to its enhanced performance. First, the
architecture utilizes both contextual and syntactic information
together. Although dependency trees convey valuable syntactic
information, existing approaches have predominantly focused on
only the sequential or structural information of sentences. Therefore, we leverage syntactic dependency graphs representing the
latent features of each node, as well as the context, by incorporating the GCN with recurrent networks. Second, our model applies a
novel attention-based pruning strategy instead of rule-based pruning. The previous rule-based pruning strategies may exclude crucial clues for relation extraction. We accordingly utilize full
dependency trees as inputs, while ignoring irrelevant information
by employing a self-attention mechanism. In this way, the AGCN
can exploit the context and structure of the input sentence as efficiently as possible.
We evaluated the performance of the proposed model for the
DDIExtraction 2013 dataset and compared it with that of other
competitive methods. The proposed method exhibited the best
performance, outperforming state-of-the-art methods in the DDI
extraction task. Overall, the experimental results indicate that
the proposed method has the ability to minimize the loss of information, while designing informative representations that convey
both context-sensitive and syntactic information. Therefore, we
demonstrated that the proposed model is a competitive system
for extracting DDI from biomedical literatures. Recent studies have
reported other methods for producing contextualized representations based on language modeling. We believe that an attempt to
obtain contextualized representations via language modeling
approaches would make for an interesting study.
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Fig. 4. Experimental results according to the training and test data ratio.
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