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Abstract: Semantic features are very important for machine learning-based drug name
recognition (DNR) systems. The semantic features used in most DNR systems are based on
drug dictionaries manually constructed by experts. Building large-scale drug dictionaries is
a time-consuming task and adding new drugs to existing drug dictionaries immediately after
they are developed is also a challenge. In recent years, word embeddings that contain rich
latent semantic information of words have been widely used to improve the performance of
various natural language processing tasks. However, they have not been used in DNR
systems. Compared to the semantic features based on drug dictionaries, the advantage of
word embeddings lies in that learning them is unsupervised. In this paper, we investigate the
effect of semantic features based on word embeddings on DNR and compare them with
semantic features based on three drug dictionaries. We propose a conditional random fields
(CRF)-based system for DNR. The skip-gram model, an unsupervised algorithm, is used to
induce word embeddings on about 17.3 GigaByte (GB) unlabeled biomedical texts collected
from MEDLINE (National Library of Medicine, Bethesda, MD, USA). The system is
evaluated on the drug-drug interaction extraction (DDIExtraction) 2013 corpus.
Experimental results show that word embeddings significantly improve the performance of
the DNR system and they are competitive with semantic features based on drug dictionaries.
F-score is improved by 2.92 percentage points when word embeddings are added into the
baseline system. It is comparative with the improvements from semantic features based on
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drug dictionaries. Furthermore, word embeddings are complementary to the semantic
features based on drug dictionaries. When both word embeddings and semantic features
based on drug dictionaries are added, the system achieves the best performance with an F-
score of 78.37%, which outperforms the best system of the DDIExtraction 2013 challenge
by 6.87 percentage points.

Keywords: drug name recognition, word embeddings; drug information extraction;
biomedical texts

1. Introduction

Drug name recognition (DNR) is a critical step for drug information extraction such as drug
interactions [ 1]. It contains two tasks: detecting the boundaries of drug names in unstructured texts (drug
detection) and classifying the detected drug names into some predefined categories (drug classification).
It is a challenging task for various reasons. First, new drugs are constantly and rapidly discovered.
Second, naming conventions are not strictly followed, although they are available for a variety of
domains in the biomedicine field.

There has been a lot of research on DNR, including the drug-drug interaction extraction
(DDIExtraction) 2013 challenge [2]. A variety of methods proposed for DNR mainly fall into three
categories: (i) dictionary-based methods that utilize lists of terms from different resources to identify
drug names in biomedical texts [3]; (ii) ontology-based methods that map each unit of a text into one or
more domain-specific concepts, and then combine the concepts into drug names by manually defined
rules [1]; and (iii) machine learning-based methods that build machine learning models based on labeled
corpora to identify drug names [4]. Among them, machine learning-based methods are superior to the
other two categories of methods because of their good performances and robustness when a large labeled
corpus is available [2,5].

DNR is a typical named entity recognition (NER) task and is mostly regarded as a sequence labeling
problem. Lots of machine learning algorithms have been used for DNR such as support vector machines
(SVM) [6] and conditional random fields (CRF) [4]. CRF is the top choice for DNR since it is one of
the most reliable sequence labeling algorithms and has shown good performances on a large number of
NER tasks such as NER in the newswire domain [7,8], biomedical NER [9,10] and clinical NER [11,12].
Besides machine learning algorithms, features are another key factor for DNR. The semantic features
based on drug dictionaries are very important, but it is not easy to get them. Firstly, it requires a large
number of domain experts to spend an enormous amount of time to build large-scale drug dictionaries.
Secondly, adding new developed drugs to existing drug dictionaries is necessary. However, it is difficult
to update the dictionaries immediately after new drugs are developed. Therefore, it is certainly worth
seeking new methods that are not only able to generate semantic features automatically from raw or
unlabeled biomedical texts, but also able to update the semantic features when new biomedical texts are
generated.

Word embeddings induced by unsupervised deep learning algorithms on large-scale unlabeled
samples have been widely used in various natural language processing tasks recently and shown stable
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improvements [13—16]. They contain rich latent semantic information of words and have potential of
improving the performances of machine learning-based DNR systems. It is worth investigating the
effects of unsupervised semantic features based on word embeddings on machine learning-based DNR
systems, especially, when they are compared with semantic features based on manually constructed drug
dictionaries: whether word embeddings can replace the semantic features based on drug dictionaries.
However, this has not been investigated.

In this paper, we investigate the effect of word embeddings on machine learning-based DNR systems,
and compare them with the semantic features from different drug dictionaries. The machine learning
algorithm used in our systems is CRF, the word embeddings are induced by the skip-gram model [17,18]
on about 17.3 GB unlabeled biomedical texts collected from MEDLINE, and three common drug
dictionaries (i.e., a drug dictionary from United States (U.S.) Food and Drug Administration (FDA),
DrugBank [19] and Jochem [20]) are used to extract other semantic features. Experimental results on the
DDIExtraction 2013 corpus show that word embeddings significantly improve the performance of the
CRF-based DNR system. F-score is improved by 2.92 percentage points when word embeddings are
added into the baseline system that does not use any semantic features. It is comparative with the
improvements from semantic features based on the three drug dictionaries. Furthermore, word
embeddings are complementary to the semantic features based on the drug dictionaries. When both types
of semantic features are added to the baseline system at the same time, the system achieves the best
performance with an F-score of 78.37%, which outperforms the best system of the DDIExtraction 2013
challenge by 6.87 percentage points.

2. Related Work
2.1. Drug Name Recognition

The early methods for DNR are mainly dictionary-based or ontology-based because of lacking
manually annotated corpora. Segura-Bedmar et al. [1] presented a two-layer system for DNR in
biomedical texts. The first layer is the Unified Medical Language System (UMLS) MetaMap Transfer
(MMTx) program [21] that maps biomedical texts to UMLS concepts. The subsequent layer defines
nomenclature rules recommended by the World Health Organization (WHO) International
Nonproprietary Names (INNs) Program to filter drugs from all concepts and adjust their classes.

To accelerate the development of related researches on drugs, MAVIR research network and
University Carlos III of Madrid in Spain launched two challenges in 2011 and 2013, respectively, i.e.,
DDIExtraction 2011 and DDIExtraction 2013. Both challenges provided manually annotated corpora
that contain drug names. The DDIExtraction 2011 challenge [22] was designed to extract drug-drug
interactions from biomedical texts. Only the mentions of drugs without class information are labeled.
Based on this corpus, He et al. [4] presented a machine learning-based method for drug detection. They
built a drug dictionary using a semi-supervised learning method and integrated it into a CRF-based system.
The DDIExtraction 2013 challenge also focused on extraction of drug—drug interactions, but DNR was
proposed as an individual subtask, where both mentions and classes of drugs are labeled.
Four classes of drugs are defined, namely, “drug”, “brand”, “group” and “no-human”. Six teams
participated in the DNR subtask of the DDIExtraction 2013 challenge. Two classes of systems are
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presented for the DNR subtask in this challenge: dictionary-based and machine learning-based systems.
The best system is based on CRF. Features used in the proposed systems include word,
part-of-speech (POS), affix feature, orthographical feature, word shape feature and dictionary feature, etc.
However, word embeddings that contain rich latent semantic information were not used for DNR.

To promote the development of systems for recognition of chemical entities, the Critical Assessment
of Information Extraction systems in Biology (BioCreAtIVE) IV organized the chemical compound and
drug name recognition (CHEMDNER) task [5]. The CHEMDNER task was divided into two subtasks:
chemical document indexing and chemical entity mention recognition. Many systems were proposed for
the chemical entity mention recognition subtask and the top-ranked systems are also based on machine
learning algorithms [23-27]. However, the chemical entity mention recognition subtask only focused on
detecting boundaries of chemicals and drugs in texts and did not request predictions of the classes of
them. It can be regarded as a drug detection task. The DNR task in this study is different from the
chemical entity mention recognition subtask, because it focuses on detecting and classifying drugs
simultaneously. Moreover, the DNR task is much more difficult than the chemical entity mention
recognition task. For example, the best performing system for the chemical entity mention recognition
subtask achieved an F-score of 8§7.39% [23]. The best performing system for the DDIExtraction 2013
challenge achieved an F-score of 83.30% when only considering boundaries of the detected drugs.
However, the F-score dropped to 71.50% when both boundaries and classes were considered. Word
embeddings were used in some systems for the chemical entity mention recognition subtask [24,25].
However, the effects of word embeddings on the drug detection task were limited. For example, in [24],
F-score is improved by 0.19 percentage points (from 84.96% to 85.15%) when word embeddings are
added. In this study, word embeddings are used for the DNR task, which detects and classifies drugs
simultaneously. Experimental results of this study demonstrate that word embeddings are highly
beneficial to the DNR task.

The studies described above focus on drug name recognition in biomedical literature. There are also
studies that extract drug names from clinical text such as discharge summaries [11,28-30] and clinical
notes [31,32]. Many different methods have been proposed for drug name recognition in clinical text.
For example, Xu et al. [28] proposed a dictionary-based method for drug name recognition in discharge
summaries. Drug names are recognized by matching a drug dictionary against the discharge summaries.
Patrick et al. [11] used a CRF-based method to extract drug names from discharge summaries. Doan et al.
[29] combined a dictionary-based method, a SVM-based method and a CRF-based method into a voting
system to identify drug names. The voting system could achieve better performance than each single
method.

2.2. Word Embeddings Learning Algorithms

Many methods have been proposed to induce unsupervised word representations. Word
representations can be classified into three categories: clustering-based word representations,
distributional word representations and distributed word representations [13]. Clustering-based word
representations such as Brown clustering [33] induce clusters over words. Each word is represented by
the clusters it belongs to. Distributional word representations such as LSA [34], HAL [35] and random
indexing [36] reduce a high-dimensional word co-occurrence matrix to a low-dimensional semantic
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matrix, in which each word corresponds to a low-dimensional vector. Distributed word representations
(i.e., word embeddings) generate a low-dimensional, real-valued and dense vector for each word
using neural language models. The vectors can capture rich latent semantic information of words.
Bengio ef al. [37] proposed a neural network architecture to predict the next word given the previous
ones. Collobert et al. [14] proposed another neural network architecture that checks whether a text
fragment is valid. The subsequent studies were mainly based on these two architectures. To speed up
Bengio and coworker’s architecture, a hierarchical neural language model was presented in [38,39].
Huang et al. [40] added global text into Collobert and coworker’s architecture to improve word
embeddings. Mikolov et al. [41] proposed a recurrent neural network language model based on Bengio
and coworker’s architecture, where the size of context is not limited and the word itself is also a part of
its context. The main problem of these word embeddings learning algorithms is that they are too time-
consuming. Recently, Mikolov et al. [17,18] simplified Bengio and coworker’s architecture, and
presented two novel models: continuous bag-of-words (CBOW) model and skip-gram model with much
lower computational cost. The word embeddings induced by these two models are also of high quality
as previous models. As reported in [17], the skip-gram model is slightly superior to the CBOW model.
Due to the effectiveness and efficiency of the skip-gram model, we use it to induce word embeddings
on 17.3 GB article abstracts extracted from MEDLINE in our study.

3. Methods

Figure 1 shows the architecture of our CRF-based DNR system, which consists of four components:
(1) a preprocessing module to split sentences and tokenize them using the NLTK toolkit [42]; (2) a
feature extraction module to extract features including word, POS, affix feature, orthographical feature,
word shape feature and dictionary feature, efc.; (3) a CRF classifier for DNR; (4) a postprocessing
module to generate drug names from labeled words. The CRF classifier and features are described below

in detail.
Raw Texts . Feature ) Drug Names
— > Preprocessing > Extraction > CRF —> Postprocessing —— >

Figure 1. Architecture of our conditional random fields (CRF)-based DNR system.
3.1. Drug Name Recognition

DNR is usually treated as a sequence labeling problem. Tokens in a sentence are labeled with different
tags. Each tag contains information about whether a token is part of a drug name and its position in a
drug name. Several tagging schemes proposed for other NER tasks [43] are also suitable for DNR. In
this paper, we adopt BILOU, a representative tagging scheme, to represent drugs. In this scheme,
BILOU, respectively, represent the beginning (B) of an entity, inside (I) of an entity, last token of an
entity (L), outside of an entity (O) and a single-token entity (U). In the DDIExtraction 2013 challenge,
drugs are divided into four types: “drug”, “brand”, “group” and “no-human”. Therefore, 17 tags are
needed to represent all drugs. The tags are: B-drug, I-drug, L-drug, U-drug,
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B-brand, I-brand, L-brand, U-brand, B-group, I-group, L-group, U-group, B-no-human, I-no-human,
L-no-human, U-no-human and O. Figure 2 shows an example of a sentence labeled by BILOU.

Sentence: The risk of myopathy is increased with concurrent
administration of cyclosporine, fibric acid derivatives, azole
antifungals.

BILOU: The\O risk\O of\O myopathy\O is\O increased\O with\O
concurrent\O administration\O of\O cyclosporine\U-drug ,\O
fibric\B-group acid\I-group derivatives\L-group ,\O azole\B-group
antifungals\L-group .\O

Figure 2. An example of a sentence labeled by BILOU.
3.2. Conditional Random Fields

CREF is a typical sequence labeling algorithm [44]. It has been widely applied to a large number of
Natural Language Processing (NLP) tasks such as named entity recognition [45], shallow parsing [46],
and Chinese word segmentation [47] and has shown good performances on these tasks. The task of
sequence labeling problem is to assign a sequence of labels y = {y1, y2, ..., yn} to a sequence of input
X = {x1, X2, ..., Xn}. In the case of DNR, x corresponds to a tokenized sentence, while y corresponds to
a sequence of tags mentioned in the previous section. CRF adopts a conditional probability distribution
to model the sequence labeling problem as follows

y =argmax p(y|x) (1)
In first-order linear-chain CRF, the conditional probability p(y|x) is defined as

DR LN RES WARCRN) o)

where Z(x) is an input-dependent normalization factor, f; is a transition feature function, which captures
the properties of the input tokens and the labels of tokens at position i-1 and i, fk is a state feature function,
which captures the properties of the input tokens and the label of token at position 7, m and / are the
numbers of transition feature function and state feature function. 2, and , are the weights of fj and fi,
which are learned from the training data.

In our study, CRFsuite [48] is used as an implementation of first-order linear-chain CRF.

3.3. Skip-Gram Model

Mikolov et al. [17,18] proposed two efficient word embeddings learning models: CBOW and
skip-gram. The idea of the CBOW model is to predict a word based on its context. Contrary to the
CBOW model, the skip-gram model predicts a word’s context based on the word itself. Since better
performance for skip-gram model is reported in [17], we use the skip-gram model to induce word
embeddings in our experiments.
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Figure 3. Architecture of the skip-gram model.

Figure 3 shows the architecture of the skip-gram model. The circles denote the literal representations
of words and the ovals denote the vector representations of words. Any word w: with embeddings V7 is
input into a log-linear classifier to predict its context, i.e., wr.2, wr-1, wi+1 and we+2 when the words in the
[—2, 2] window are considered. The objective function of the skip-gram model is

1 T

=2 2 logp(w.,|Iw) 3)

T t=1 —c<j<c,j#0

where T is the size of word sequence in the training corpus and c is the length of context for word w.
In the skip-gram model, p(wr+jwr) is defined using the softmax function:

exp(vWMT v,)

| 4
Z::l exp(v,'v,,) “)

where v, and v, are the vector representations of w when it is at the input and output layers respectively,

p(wt+j | W[) =

and N is the size of word vocabulary.
In our study, word2vec tool [49] is used as an implementation of the skip-gram model.

3.4. Features

The features used in this study include general features that are commonly used for NER tasks,
semantic features based on three existing drug dictionaries, and semantic features based on word
embeddings induced by the skip-gram model. All of them are described below in detail.

3.4.1. General Features

The general features used in this study are as follows:
1) Word feature: The word itself.
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2) POS feature: The POS type of a word generated by the GENIA toolkit [50], where 36 POS types
and 12 other types (for punctuation and currency symbols) defined in Penn Treebank [51] tagset
are used.

3) Chunk feature: The chunk information of a word generated by the GENIA toolkit, where
11 chunking types defined in the CoNLL-2000 shared task [52] are used.

4) Affix feature: Prefixes and suffixes of the length of 3, 4, and 5.

5) Orthographical feature: Each word is classified into one of the four classes {“Is-capitalized”, “All-
capitalized”, “Alphanumeric”, “All-digits”} based on regular expressions. The class label of a
word is used as its feature. In addition, we check whether a word contains a hyphen, and denote
whether a word contains a hyphen or not by {“Y”, “N”}.

6) Word shape feature: We used two types of word shapes: “generalized word class” and “brief word
class” similar to [9]. The generalized word class of a token is generated by mapping any uppercase
letter, lowercase letter, digit and other character in this token to “X”, “x”, “0” and “O”,
respectively, while the brief word class of a token is generated by mapping consecutive uppercase
letters, lowercase letters, digits and other characters to “X”, “x”, “0” and “O”, respectively. For
example, word shape features of “Aprepitant” are “Xxxxxxxxxx” and “Xx”, respectively.

3.4.2. Semantic Features Based on Drug Dictionaries

In this paper, we compare the semantic features based on three drug dictionaries with semantic
features based on word embeddings. The semantic features based on drug dictionaries are generated in
the way similar to [6] that denotes whether a word appears in a drug dictionary by {“Y”, “N”}. The
detailed descriptions of each of the three drug dictionaries are as follows:

1) DrugBank: DrugBank [19] is a structured bioinformatics and cheminformatics resource
that combines detailed drug data with comprehensive drug target information [53]. It contains 6825
drug entries and all drug names in it are extracted to build a drug dictionary.

2) Drugs@FDA: Drugs@FDA [54] is a database provided by U.S. FDA. It contains information
about FDA-approved drug names, generic prescription, etc. We extract the Drugname and
Activeingred fields in Drugs@FDA and totally 8391 drug names are extracted to build a drug
dictionary.

3) Jochem: Jochem [20] is a joint chemical dictionary for the identification of small molecules and
drugs in text. We extract 1,527,751 concepts from Jochem.

3.4.3. Semantic Features Based on Word Embeddings

The semantic features based on word embeddings induced by the skip-gram model are as follows:

Rather than directly using the word embeddings, we group words in the vocabulary into different
semantic classes according to their word embeddings, and use the semantic class that a word belongs to
as its latent semantic feature. The word embeddings are induced on the MEDLINE abstracts using the
skip-gram model. MEDLINE is the U.S. National Library of Medicine journal citation database that
provides over 21 million references to biomedical and life sciences journal articles back to 1946.
It is a rich source of biomedical texts that contains citations from over 5600 scholarly journals published
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around the world. To get unlabeled biomedical texts, we download the MEDLINE released in 2013 [55]
and extract all article abstracts. Finally, in total, we obtain 17.3 GB unlabeled biomedical texts. All of
them are tokenized using the NLTK toolkit. The tokenized texts contain 110 million sentences with 2.8
billion words. The size of word vocabulary is 10.8 million. Following previous studies [15,56], the
dimension of word embeddings is set to 50. Then we run the skip-gram model on the MEDLINE corpus.
The whole training process only takes about one hour. To group words into semantic classes, we adopt
k-means clustering algorithm.

4. Experiments

To investigate the effect of semantic features based on word embeddings on DNR, we start with the
baseline system that uses general features described in Section 3.4.1, and then gradually add semantic
features based on each drug dictionary and the semantic features based on word embeddings. All
experiments are conducted on the DDIExtraction 2013 corpus. Each CRF model uses default parameters
except the L2 regularization coefficient. The optimal L2 regularization coefficient is selected from {0.1,
0.2, ..., 1.0} via 10-fold cross validation on the training set of the DDIExtraction 2013 challenge. In the
case of k-means algorithm, the optimal number of clusters is selected from {100, 200, 300, ..., 1000} via
10-fold cross validation on the training set of the DDIExtraction 2013 challenge. It is 400. We firstly
determine the optimal number of clusters in k-means clustering algorithm with the default L2
regularization coefficient in CRFsuite. Then, we determine the optimal L2 regularization coefficient
using the optimal number of clusters.

4.1. Dataset

The DDIExtraction 2013 corpus composes of 826 documents with 7641 sentences. The documents
come from two sources: DrugBank and MEDLINE. Four types of drugs are manually annotated, and the
number of drugs is 15,450. The corpus contains a training set and a test set. The training set and test set
are used for system development and system evaluation, respectively. Both of them contain documents
from DrugBank and MEDLINE. The definitions of the four types of drugs are presented in detail as
follows:

e Drug: Names of chemical agents used in the treatment, cure, prevention or diagnosis of diseases
that have been approved for human use.

¢ Brand: Brand names of drugs specified by pharmaceutical companies.

e Group: Terms in texts designating chemical or pharmacological relationships among a group
of drugs.

e No-human: Names of chemical agents that affect living organism, but have not been approved to
be used in humans for a medical purpose.

Table 1 shows the statistics of corpus of the DDIExtraction 2013 challenge.



Information 2015, 6 857

Table 1. Statistics of the drug-drug interaction extraction (DDIExtraction) 2013 corpus.

DrugBank MEDLINE

Training Test Total Training Test Total

Documents 572 54 626 142 58 200
Sentences 5675 145 5820 1301 520 1821
Drug 8197 180 8377 1228 171 1399
Group 3206 65 3271 193 90 283
Brand 1423 53 1476 14 6 20
No-human 103 5 108 401 115 516

4.2. Evaluation Metrics

We use precision (P), recall (R) and F-score (F1) to evaluate the performance of a DNR system under
the four evaluation criteria provided by the DDIExtraction 2013 challenge. These criteria are:

e Strict matching: A tagged drug name is correct only if its boundary and class exactly match with a
gold drug name.

e Exact boundary matching: A tagged drug name is correct if its boundary matches with a gold drug
name regardless of its class.

e Type matching: A tagged drug name is correct if there is some overlap between it and a gold drug
name of the same class.

¢ Partial boundary matching: A tagged drug name is correct if there is some overlap between it and a
gold drug name regardless of its class.

In the DDIExtraction 2013 challenge, the strict matching criterion is the primal one for the DNR task.
4.3. Experimental Results

We first compare the performances of the CRF-based DNR systems when different semantic features,
including semantic features based on each one of the three drug dictionaries and word embeddings, are
added into the baseline system.

Table 2 shows the experimental results under the strict matching criterion, where Fg denotes the
features used in the baseline system including word, POS, chunk features, affix features, orthographical
features and word shapes. Frpa, Fprugank and Fiochem denote the semantic features based on Drugs@FDA,
DrugBank and Jochem, respectively. Fwe denotes the semantic features based on word embeddings.

It can be seen that both the semantic features based on drug dictionaries and the semantic features
based on word embeddings are beneficial to DNR. When Frpa, FprugBank and Fiochem are added to Fg, F1
is improved by 2.87 percentage points (from 72.71% to 75.58%), 3.54 percentage points (from 72.71%
to 76.25%) and 2.12 percentage points (from 72.71% to 74.83%), respectively. When Fwe is added to
Fg, F1 is improved by 2.92 percentage points (from 72.71% to 75.63%), which is comparative to the
improvements coming with Frpa, FprugBank and Fiochem, respectively. The differences between F-scores
of systems using and not using semantic features are significant (p-value < 0.05) according to

approximate randomization [29].
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When the semantic features based on drug dictionaries and word embeddings are added into the
baseline system at the same time, the performance of the DNR system is further improved. For example,
when both Fpruggank and Fwe are added (Fg + Fprugsank + Fwe), the F1 achieves 78.05%, which is higher
than that when only FprugBank or Fwe is added (76.25% and 75.63%). When all sematic features are added
(Fg + Frpa + FprugBank + Fiochem + Fwe), the CRF-based DNR system achieves the highest F1 of 78.37%,
which is higher than that of the system when all semantic features based on the three drug dictionaries
are added (Fg + Frpa + FprugBank + Flochem) (77.39%).

Another interesting finding is that the system using all semantic features based on the three drug
dictionaries outperforms the systems using the semantic features based on only one drug dictionary. The
differences of F1 range from 1.14% to 2.56%.

Table 2. Performances of the CRF-based DNR systems under the strict matching criterion
when different features are used (%).

Feature P R F1

F, 78.41 67.78 72.71
Fe + Fwe 82.70 69.68 75.63
Fg + Frpa 83.19 69.24 75.58
Fg + FprugBank 85.51 68.80 76.25
Fg + Fiochem 77.71 72.16 74.83
Fg + Frpa + Fwe 85.59 70.12 77.09
Fy + FprugBank + Fwe 86.24 71.08 78.05
Fg + Fiochem + Fwe 79.64 71.28 75.23
Fg + Frpa + FprugBank + Fiochem 83.84 71.87 77.39
Fg + Frpa + Fowepank + Frochem + Fwe 84.75 72.89 78.37

4.4. Performance Comparison between Our System and Participating Systems of DDIExtraction 2013

To further investigate our system, we compare our best system with all systems in the DDIExtraction
2013 challenge. Table 3 shows the comparison results under the strict matching criterion. It is shown
that our system outperforms WBI that ranked first in the DDIExtraction 2013 challenge by 6.87
percentage points in F1. The detailed comparisons between them are shown in Table 4, where the overall
performance under the four criteria, the overall performance under the strict matching criterion on the
test subsets from DrugBank and MEDLINE and the performance of each type under the strict matching
criterion are listed. The last six lines are the P, R and F1 under the strict matching criterion. Our system
outperforms WBI, on the whole, when the classes of drugs are considered. The differences of F1 under
the strict matching and type matching criteria are 6.87% and 6.08%, respectively. If the classes of drugs
are not considered, the differences of F1 are very small. The differences of F1 under the exact matching
and partial matching criteria are only 0.56% and 0.18%. For each type of drugs, our system achieves
much better performance. The differences of F1 range from 7.93% (for Group) to 13.79% (for Brand).
On both DrugBank and MEDLINE test subsets, our system also outperforms WBI by 1.9 percentage points
and 10.15 percentage points in F1, respectively.
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Table 3. Performance comparison between our system and systems of DDIExtraction 2013 (%).

Strict
System P R F1

Our system 84.75 72.89 78.37

WBI [57] 73.40 69.80 71.50
NLM_LHC 73.20 67.90 70.40
LASIGE [58] 69.60 62.10 65.60
UTurku [6] 73.70 57.90 64.80
UC3M [59] 51.70 54.20 52.90
UMCC DLSI DDI [60] 19.50 46.50 27.50

Table 4. Detailed comparison between our system and the best system of DDIExtraction 2013 (%).

WBI Our System
P R F1 P R F1 AF1

Strict 73.40 69.80 71.50 84.75 72.89 78.37 +6.87

Exact 85.50 81.30 83.30 90.68 77.99 83.86 +0.56

Type 76.70 73.00 74.80 87.46 75.22 80.88 +6.08
Partial 87.70 83.50 85.60 92.37 79.45 85.42 —0.18
Drug (strict) 73.60 85.20 79.00 92.02 85.47 88.62 +9.62
Brand (strict) 81.00 86.40 83.60 100.00 94.92 97.39 +13.79
Group (strict) 79.20 76.10 77.60 89.44 81.94 85.53 +7.93
No-human (strict) 31.40 9.10 14.10 89.47 14.05 24.29 +10.19
DrugBank (strict) 88.10 87.50 87.80 90.60 88.82 89.70 +1.90
MEDLINE (strict) 60.70 55.80 58.10 78.77 60.21 68.25 +10.15

5. Discussion

In this paper, we propose a CRF-based system for DNR, investigate the effect of semantic features
based on word embeddings on DNR, and compare the semantic features based on word embeddings with
semantic features based on three drug dictionaries. To our best knowledge, although some distributional
word representations have been used for DNR [31] and word embeddings have been widely used in other
NLP tasks, it is the first time to investigate the effects of word embeddings on DNR. The word
embeddings used in our experiments are induced by the skip-gram model, a novel word embeddings
learning algorithm proposed recently, on about 17.3 GB unlabeled biomedical texts collected from
MEDLINE. Experimental results on the corpus of the DDIExtraction 2013 challenge show that the
semantic features based on word embeddings are beneficial to DNR. The improvement from word
embeddings achieves 2.92 percentage points when they are added into the baseline system. It is
competitive with the semantic features based on three drug dictionaries: Drugs@FDA, DrugBank and
Jochem. Furthermore, when both types of semantic features are added to the baseline system at the same
time, the performance is further improved. The highest F-score of our system achieves 78.37%, better
than that of the best system of the DDIExtraction 2013 challenge by 6.87 percentage points.

In [13], two different word embeddings are integrated into a CRF-based system for NER on the
CoNLL-2003 shared task dataset drawn from the Reuters newswire [61]. F-score of the system is
improved by 1.61 and 1.44 percentage points when the two word embeddings are added into the system,
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respectively. It can be seen that the improvement obtained with word embeddings for DNR is
comparable with that for NER in the newswire domain.

It is easy to understand that word embeddings improve the performance of the CRF-based DNR
system since they capture rich latent semantic information to make sure similar words close with each
other. Especially for the rare words in the training and test sets, the word embeddings induced on a large-
scale unlabeled corpus naturally perform smoothing as they are dense, real-valued vectors. For this
reason, when the semantic features based on word embeddings are added, the recall is improved. For
example, the recall is improved by 1.90 percentage points when the semantic features based on word
embeddings are added into the baseline system as shown in Table 2.

Compared to the semantic features based on a single drug dictionary, the semantic features based on
word embeddings show competitive effects. It indicates that word embeddings can work as a drug
dictionary in machine learning-based DNR systems. In fact, it is too difficult to manually build
a complete drug dictionary that covers all other drug dictionaries. In the case of the three drug
dictionaries used in our system, they are complementary to each other as the system using the semantic
features based on all of them shows better performance than using the semantic features based on one of
them (“Fg + Frpa + FprugBank + Fiochem” vs. {“Fg + Frpa”, “Fg + FprugBank”, “Fg + Fiochem™} in Table 2).
Similarly, the semantic features based on word embeddings are also complementary to the semantic
features based on drug dictionaries.

Compared to the best system in the DDIExtraction 2013 challenge (i.e., WBI), our best system
achieves much better performance. However, it is not good enough for medical information extraction
systems and applications, e.g., drug—drug interaction extraction, clinical decision support and drug
development. Firstly, the performance for “no-human” is still very bad though it is much better than
WBI. The primary reason for this is that four types of drugs in the corpus are extremely imbalanced.
“no-human” accounts for about 4% (624/15,450), while “drug” accounts for about 63% (9776/15,450).
We will study this data imbalance problem for improvement in the future. Secondly, the performance on
the test subset from MEDLINE is much lower than that on the test subset from DrugBank (68.25% vs.
89.70%). In part, that is because sentences in DrugBank are much different from those in MEDLINE.
When the annotated sentences in MEDLINE are not enough, a large number of annotated sentences in
DrugBank are of limited help to improve the performance on MEDLINE. The most direct approach is
to annotate more sentences in MEDLINE.

In our study, only the skip-gram model is adopted to induce word embeddings. It is worth
comprehensively comparing different word embeddings learning algorithms on DNR, which is another
case of our future work.

6. Conclusions

In this paper, we propose a CRF-based DNR system using semantic features based on word
embeddings induced by the skip-gram model and compare the effect of word embeddings with that of
the semantic features based on drug dictionaries on the DNR system. Experiments on the DDIExtraction
2013 corpus show that semantic features based on word embeddings are beneficial to DNR and
complementary to semantic features based on drug dictionaries. For future work, it is worth investigating
other word embeddings learning algorithms on DNR.
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