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instances containing entity relations as being independent, which neglects the
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biomedical relation extraction method named Bio-Seq. In the method, sequence
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facilitate the feature extractions at different levels, especially at the inter-sentential
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Abstract

Results: Our proposed method obtained an F1-score of 63.5% on BioCreative V
chemical disease relation corpus, and an F1-score of 54.4% on inter-sentential
relations, which was 10.5% better than the document-level classification baseline.
Also, our method achieved an F1-score of 85.1% on n2c2-ADE sub-dataset.

Conclusion: Sequence labeling method can be successfully used to extract
document-level relations, especially for boosting the performance on inter-sentential
relation extraction. Our work can facilitate the research on document-level
biomedical text mining.
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Background

Semantic relations in texts can be expressed either intra-sententially (within a sen-
tence) or inter-sententially (cross sentence boundaries). Inter-sentential relations can
account for a substantial proportion and convey important meanings, especially in the
biomedical domain. For example, in the paragraph “Five of 8 patients improved during
fusidic acid treatment: 3 at two weeks and 2 after four weeks. There were no serious
clinical side effects, but dose reduction was required in two patients because of
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nausea.”, the inter-sentential relation “fusidic acid’- induced “nausea” can be obtained
only by integrating the semantic information in both sentences. However, most of the
existing relation extraction methods [1-3] focus merely on intra-sentential relations,
which is apparently insufficient in capturing inter-sentential ones.

A benchmark document-level relation extraction task was proposed in the BioCrea-
tive V challenge, in which participating systems were asked to return all possible
chemical-disease (CD) pairs that express document-level chemical-induced disease
(CID) relations in a given abstract [4]. The upper portion of Fig. 1 shows an example of
an abstract from the challenge corpus with its annotations. In this chemical disease re-
lation (CDR) corpus, different from traditional sentence-level relation classification
tasks (e.g. Semeval-2010 Task 8 [5]), the CID relations are annotated only at the docu-
ment level (i.e. without giving the specific sentence that conveys a relation). For ex-
ample, in Fig. 1, given an abstract, entity mentions with entity offsets and related entity
pairs are annotated. According to the document-level annotation, it is hard to tell
which sentence(s) convey(s) the meaning of a specific relation, since an entity can be
mentioned multiple times in different sentences in an abstract and the offsets of related
entities, which can be used to identify the unique mention of an entity in an abstract,
are not given. In addition, the inter-sentential relations account for approximately 1/3
of all relations, signifying that traditional sentence-level relation extraction methods
may not be appropriate to get satisfactory results.

In recent years, more and more researchers are aware of the importance of the
document-level relation extraction. Preliminary works [6-8] adopt two classifiers to
separately extract intra- and inter-sentential relations. In these methods, for the inter-

115630069|t|Glucose metabolism in patients with schizophrenia treated with
:atypical antipsychotic agents...

115630069]a... Both nonobese clozapine- and olanzapine-treated groups
idisplayed significant insulin resistance and impairment of glucose effectiveness
:compared with risperidone-treated subjects. ...

Named entities:

E15630069 2902 2911 clozapine Chemical D003024
115630069 2917 2927 olanzapine Chemical C076029
115630069 2965 2983 insulin resistance Disease D007333
115630069 3002 3009 glucose Chemical D005947
115630069 3038 3049 risperidone Chemical D018967
‘Relations:

115630069 CID C076029 D007333

115630069 CIDD003024D007333
iInstances generated for classification: i
i1. Both nonobese clozapine- and olanzapine-treated groups displayed significant :
iinsulin resistance and impairment of glucose effectiveness compared with
risperidone-treated subjects. :
i2. Both nonobese clozapine- and olanzapine-treated groups displayed significant :
iinsulin resistance and impairment of glucose effectiveness compared with :
rrisperidone-treated subjects. :
:3. Both nonobese clozapine- and olanzapine-treated groups displayed significant :
Einsulin resistance and impairment of ose effectiveness compared with '
risperidone-treated subjects. :
4. Both nonobese clozapine- and olanzapine-treated groups displayed significant :
iinsulin resistance and impairment of glucose effectiveness compared with

Fig. 1 An annotated abstract in CDR corpus and instances constructed in classification-based methods. In
the annotations, only related pairs are listed without specifying the exact entity offsets. There are 4
independent instances (entity pairs) constructed from the same sentence in the abstract according to
classification-based methods
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sentential relations, inter-sentential instances are constructed from text spans that con-
tain an inter-sentential entity pair and inter-sentential features are designed manually
to classify the relation between the pair. Due to the complexity of multiple sentence ex-
pressions, it is much difficult to design inter-sentential features and thus, the inter-
sentential classifier usually cannot achieve satisfactory performances. Besides, since
these methods regard document-level relation extraction as a classification problem, in-
stances even constructed from one sentence are independent. Therefore, during the
training process, such classification-based methods only consider one entity pair at a
time and neglect the relation interactions which are often helpful in determining rele-
vant relations. For example, in Fig. 1 both chemicals “clozapine” and “olanzapine” have
relations with “insulin resistance”. And the parallel relationship between “clozapine”
and “olanzapine” can help recognize both relations and is called interactions between
relations. In classification-based methods, the candidate relations “clozapine”-induced
“insulin resistance” and “olanzapine”-induced “insulin resistance” are in two independ-
ent instances. Therefore, these classification-based methods cannot take the coordinate
relation between “clozapine” and “olanzapine” into consideration.

More recent works [9-11] attempt to simultaneously extract intra- and inter-
relations with only one classifier. They take multiple sentences (or an entire abstract)
that contain the same entity pair as an input and output the document-level prediction.
However, they are still unable to capture the interactions between relations. And the
performance of inter-sentential relation extraction still needs to be improved.

To integrate the interactions between relations that are neglected by classification-
based methods, we regard document-level relation extraction as a sequence labeling
problem and propose a novel neural network method named Bio-Seq. Bio-Seq consists
of a hybrid of feature extractors to generate document-level word representations and a
conditional random field (CRF) layer to yield the final prediction for each word. The se-
quence labeling framework enables the identification of all the target entities related to
a given source entity in a document, and thus integrates the interactions between rela-
tions. Consequently, according to the source and target entities, document-level rela-
tions are extracted.

The proposed method was evaluated on the CDR and the Adverse Drug Events
(ADEs) Extraction in electronic health records (EHRs) of the 2018 National NLP Clin-
ical Challenges (n2c2-ADE") corpora, in which the relations are annotated at the docu-
ment level and the mention level (i.e., each entity offset in a relation is annotated),
respectively. Experimental results demonstrate that Bio-Seq achieves strong perfor-
mances on both corpora.

The main contributions of our work are as follows:

1. We propose a sequence labeling-based method to integrate the interactions be-
tween relations for document-level relation extraction.

2. We design a hybrid of feature extractors to boost the performance on inter-
sentential relation extraction.

3. We show that our method can achieve satisfactory generalization and outperforms
other state-of-the-art methods at both document and mention levels.

Thttps://n2c2.dbmihms.harvard.edu/participate
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Related work

In the general domain, most of previous relation extraction works [12—14] regard rela-
tion extraction as a classification task and focus on extracting intra-sentential relations.
These classification-based methods consider training instances as independent and neg-
lect interactions between relations. By contrast, some works [15, 16] focus on integrat-
ing interactions between relations and thus employ sequence labeling methods to
address relation extraction problems in which entity offsets are necessary to specify re-
lated entity pairs. Nonetheless, in some biomedical relation extraction tasks, the rela-
tions can be expressed intra- and inter-sententially and are annotated without giving
entity offsets. Hence, the methods which take entity offsets as position features [13] in
the general domain are not appropriate for biomedical document-level relation
extraction.

In the biomedical domain, since entity offsets are unknown, early methods [7, 8, 17]
generate intra- and inter-sentential instances according to the co-occurrence of an en-
tity pair, i.e., any text span containing a co-occurring entity pair is labeled as positive if
the entity pair is annotated, otherwise as negative. They mainly focus on extracting
intra-sentential relations and investigate machine learning approaches with heavy fea-
ture engineering, assessing large-dimensional features derived from both the text itself
and other external sources. As for inter-sentential relations, Gu et al. [7] and Gu et al.
[8] built inter-sentential classifiers applying maximum entropy (ME) models while
Zhou et al. [17] designed post-processing rules to identify them.

Recent works are inclined to effectively extract intra- and inter-sentential relations,
simultaneously. On one hand, several studies [9, 10] adopt multi-instance learning
(MIL) which aggregates multiple instances (regardless of intra- or inter-instances) con-
taining the same entity pair into a candidate (bag) [18, 19] and assigns a relation label
to that candidate. On the other hand, Zheng et al. [11] took an entire abstract with the
chemical and disease mention tags of a CD pair as input and labeled the abstract as
positive if the CD pair is annotated as related, otherwise as negative. Subsequently, they
classified the abstract to determine whether the entities marked in the abstract is re-
lated to each other. Although these methods are able to extract document-level rela-
tions, they still neglect the interactions between relations and the performance on
inter-sentential-level relation extraction needs to be improved.

Inspired by the general domain works, we regard relation extraction as a sequence la-
beling problem, which can integrate relation interactions that are neglected by
classification-based methods. Also, different from above methods in the biomedical do-
main, we design multiple feature extractors at different levels to boost the performance
on inter-sentential relation extraction.

Methods

Task description

Each document in the CDR corpus consists of a title and an abstract. It has been
manually annotated with chemical, disease mentions associated with their Medical Sub-
ject Headings concept identifiers (MeSH® IDs) [4] and their document-level relations
(i.e. only related pairs are listed without specifying the exact entity offsets). The goal of
this task is to extract all the related CD pairs for each document.
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In Bio-Seq method, given a document, each entity, whatever its type is, will be con-
sidered as a source entity. The model is trained to recognize all the target entities
which have CID relations with the source entity and then construct relation pairs. In
the method, the relation between a chemical and a disease will be confirmed as a posi-
tive relation only if a chemical is found related to a source disease while the disease is
also found related to the chemical when it is regarded as a source entity in the corre-
sponding instance. For example, Fig. 2 is an example when “insulin resistance” is
regarded as a source disease and “clozapine” is labeled as a target chemical related to
“insulin resistance”. And when “clozapine” is regarded as a source chemical and “insulin
resistance” is labeled as a target disease by the method, the relation “clozapine-induced
insulin resistance” is confirmed.

Specifically, the input of Bio-Seq is a combination of a word sequence and its corre-
sponding type sequence. When generating a word sequence, all the entity mentions are
replaced with their MeSH IDs, so as to normalize different mention expressions of an
entity and keep its semantic meaning consistent across the expressions in the embed-
ding layer. Besides, the “<eos>” tag is added at the end of each sentence to highlight
sentence boundaries. A type sequence consists of the types of each word. We define six
type categories including “Che”, “Dis”, “S-Che”, “S-Dis”, “<eos>” and “O” which denote
“regular chemical”, “regular disease”, “source chemical”’, “source disease”, “end of sen-
tence” and “other”, respectively. The types are used to distinguish entities from regular
words as well as a source entity from regular entities. For example, in Fig. 2 the type of
“insulin resistance” is “S-Dis”, indicating that it is a source disease in the instance.
Meanwhile, the chemical mentions “clozapine”, “olanzapine”, “glucose” and “risperi-
done” are labeled as “Che”.

The output tag set is defined as {“Che”, “Dis”, “S-Che”, “S-Dis”, “T-Che”, “T-Dis”,
“O”, “<eo0s>"}. In the tag set, “Che” and “Dis” indicate that the word is recognized as a
regular entity that has no relation with the source entity. “S-Che” and “S-Dis” indicate
that the current word is recognized as the source entity in the input instance. “T-Che”
and “T-Dis” indicate that the current word is labeled as the mention of a target entity.
For example, in Fig. 2, “clozapine” and “olanzapine” are labeled as “T-Che” because they
both have CID relations with the source disease “insulin resistance” according to
document-level annotations. And other chemical mentions are labeled as “Che”, the
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Fig. 2 An example of input and output tags
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words not in an entity are labeled as “O”, and the tag added at the end of each sentence is
labeled as “<eos>”. Finally, the relation pairs between the source entity and each target en-
tities are constructed. And since all the target entities are identified simultaneously, the in-
teractions between relations, such as the coordinate relation between chemical
“clozapine” and “olanzapine” in the sentence in Fig. 2 can be learned by Bio-Seq.

Model overview

As shown in Fig. 3, Bio-Seq consists of two feature extractors: 1) a document-level fea-
ture extractor (DE) which generates word representations from an entire document
and 2) a hierarchical feature extractor (HE) in which the bottom Bi-LSTM generates
word representations at the sentence level while the top one subsequently concatenates
all the word representations into a sequence and enables cross-sentence connections
for the word representations. Inspired by previous classification methods in which
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Fig. 3 The architecture of the Bio-seq model
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entity position features [13] play a significant role in relation extraction tasks, we design
an entity detector (EnDet) to emphasize the sentences that contain source and target
entities. By sharing and training the parameters in the bottom Bi-LSTM network, entity
location features are added to each word representation. Finally, the word representa-
tions generated by the two extractors are concatenated and fed into a CRF layer to yield
the final predictions.

Input representation

Given a document with the word sequence {w, wy, ..., w,} and type sequence {ty, t, ...,
tn}, each word w; and its type tag t; are projected to corresponding embedding spaces,
i.e., w? and t"*. Word embedding maps words into a low-dimensional space to cap-
ture semantic information among words [20] and it has been widely used to process
the input of the neural networks in NLP tasks [13]. In this study, we employ the word2-
vec [21] tool to pre-train word embeddings using the texts that include chemical and
disease annotations provided by PubTator [22] and the clinic notes in the Medical In-
formation for Intensive Care (MIMIC)-III [23] for CDR and n2c2-ADE tasks, respect-
ively. For the type feature, we map type tags to vectors and initialized them randomly.

Thus, the overall embedding representation for word w; is x; = [(we"? )T, (tfmb)T].
Document-level feature extractor

In document-level relation extraction, the input sequence is a combination of a title
and an abstract, which contains multiple sentences. Document-level feature extractor
needs to process long sequences and captures essential features within a sentence and
across sentences. Therefore, Bio-Seq uses a document-level Bi-LSTM network to gen-
erate word representations from a given document.

Long short-term memory (LSTM) is a variant of recurrent neural networks (RNNs)
which can process sequential texts efficiently. It is designed by incorporating a separate
memory cell with gating mechanism [24] to alleviate the gradient vanishing problem
suffered by traditional RNNs when processing long sequences. For each element in the
input sequence, the LSTM unit performs the following computations:

ir = 0 (Wixe + bii + Whilie1) + bpi) (1)
fe=0(Wixe + by + Wigh(_1) + biy) (2)
g = tanh(W,»gxt +big + Wigh(e_1) + bhg) (3)
0 = 0 (Wioxe + bio + Wioh(,_1) + byo) (4)
¢ = fiC-1) + ing; (5)
h; = o; tanh(c;) (6)

where ¢, is the cell state at time t, and i, f;, g, o, are the input, forget, cell, and output
gates, respectively. o is the sigmoid function.

In this study, we need to access both past and future input features for a given time,
given the assumption that both forward and backward memories are informative. Thus,
we utilize Bi-LSTM to generate word representations. Given a document {xy, x5, ..., x;,
... %,}, the current word representation is a concatenation of the forward context
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representation hif which is computed by {xy, xy, ..., x;} from left to right and the back-
ward one hib which is computed by {x;x;,1,...,x,} from right to left. Finally, the

document-level word representation is represented as 4% = [h{ ).

Hierarchical feature extractor with an entity detector

Document-level feature extractor takes an entire document as input and may somewhat
weaken the extraction of sentence-level features which are essential for identifying
intra-sentential target entities. Therefore, to emphasize intra-sentential semantic fea-
tures, Bio-Seq employs HE which consists of two Bi-LSTMs.

The input of the bottom Bi-LSTM is a sentence. First, we split a document into mul-
tiple sentences ending with the tag “<eos>” and then feed them into the bottom Bi-
LSTM one by one. For example, {[xy, ..., %], [%;, 1, ..., %,]} denotes a document with two
sentences, and the output of the bottom Bi-LSTM is {[hll"’, ey hf’”L e, ..., hz"]}. Then

Thls
we concatenate the sentence-level word representations into a sequence {hll"’7 ...,hﬁ"’,
hbo

ASTRS
each word representation. Finally, the top Bi-LSTM outputs the hierarchical word

. hﬁ"} and feed it into the top Bi-LSTM to enable cross-sentence connections for

representations.

As shown in Fig. 3, EnDet takes the sentence representation captured by the bottom
Bi-LSTM to locate the source and target entity mentions. Given a sentence {xy, ..., x;},
its representation is the concatenation of the last hidden state of both the forward and

backward directions, i.e., s = [h{ ;h?]. Then it is fed into a fully-connected layer with a
Softmax function to classify the sentence. The probability of a sentence belonging to a
class is calculated as follows:

p(ils) = softmax(W,-s + b,) (7)

where W, and b, are weight parameters, and s is the feature representation of a sen-
tence. We define three classes to identify if source and target entity mentions exist in a
sentence: 1) neither source nor target entity mentions exist; 2) only the source entity
mention exists; 3) both source and at least one target entity mention exist.

CRF layer

In Bio-Seq, the outputs of DE and HE are concatenated and then fed into a fully-
connected layer to make independent tagging decisions for each word. Due to the fact
that the tag of a word might also be affected by neighboring tags, instead of modeling
tagging decisions independently, we use CRF model [25] to make use of neighboring
tag information in prediction and decode the best tag path from all possible tag paths.
In decoding, Viterbi algorithm [25] is used to get the predicted tag sequence.

During the training process, we first train the bottom Bi-LSTM and EnDet with sen-
tences. Cross-entropy loss function is applied to calculate the gradient and update the
parameters. Then we train the two feature extractors and the CRF layer to assign a tag
to each word.
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Results and discussions

Datasets and experimental settings

The Bio-Seq method is evaluated on two datasets: the CDR and n2c2-ADE corpora,
which model relations between chemicals and diseases at the document level in bio-
medical literature and between drugs and ADEs at the mention level in clinical notes,
respectively. Table 1 lists the statistics of the two corpora. For the n2c2 corpus, we only
took the paragraphs that contain ADEs and regarded other drug mentions (e.g. “twice a
day” which is annotated as a frequency entity) as regular words. In n2c2-ADE, approxi-
mately 1/6 of all relations are inter-sentential. We randomly split 20% of the original
training set of n2c¢2-ADE corpus into a development set.

Precision (P), recall (R) and Fl-score (F1) are used to evaluate the performance of
our method. The Fl-score is defined as F1 = 2.P-R/(P + R), which can quantify the over-
all performance by balancing precision and recall.

We used the Pytorch library [26] to implement our proposed method. The dimen-
sionalities of word embedding and type embeddings are set as 100 and 30, respectively.
The hyper-parameters are tuned on development sets and finally set as follows: the
number of hidden units of the document-level, bottom and top Bi-LSTM is 150, 100
and 150, respectively, and the mini-batch size is set as 32. To alleviate overfitting, we
used dropout [27] to randomly drop units and their connections and the dropout rates
of the embedding layer and the bottom Bi-LSTM output layer are set as 0.2 and 0.5, re-
spectively. In the training process, adaptive moment estimation (Adam) [28] is used to
optimize the objective function parameters and the learning rate of Adam is set as
0.001. All the results of our method are averaged over 10 runs with 10 random seeds.

Comparisons with the state-of-the-art methods

We compare our method with both two-level and document-level classifiers on the
CDR corpus in Table 2. CD-REST [6] utilizes two classifiers to extract document-level
relations and obtains the best performance in the BioCreative V challenge in 2015. Be-
sides, Gu et al. [7] and Gu et al. [8] applied an inter-sentential classifier, while Zhou
et al. [17] exploited post-processing (pp) rules to identify inter-sentential relations. All
the methods above focus on feature engineering. By contrast, RPCNN [9], BRAN [10]
and Zheng et al. [11] are document-level NN-based classifiers which automatically

Table 1 The statistics of the CDR and n2c2-ADE corpora

Dataset Documents Relations Intra-sentential relations Inter-sentential relations
CDR

Training 500 1038 755 283

Development 500 1012 766 246

Test 500 1066 763 303

Total 1500 3116 2284 832
n2c2-ADE

Training 243 873 695 178

Development 60 219 167 52

Test 202 733 607 126

Total 505 1825 1469 356
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Table 2 Comparison between our method and other state-of-the-art methods on CDR corpus

System Method Concept level p R F1
CD-REST [6] SVM + SYM Sen + Doc 0.596 0440 0.507
Gu et al. (2016) [7] ME + ME Sen + Doc 0.620 0.551 0.583
Zhou et al. [17] LSTM-SVM Sen 0.649 0493 0.560
LSTM-SVM + pp Sen + Doc 0.556 0.684 0613
Gu et al. (2017) [8] CNN + ME Sen + Doc 0.609 0.595 0.602
CNN + ME + pp Sen + Doc 0557 0681 0613
RPCNN [9] CNN-RNN Doc 0.552 0.636 0.591
BRAN [10] Transformer Doc 0.499 0.638 0.555
Transformer-NER Doc 0.556 0.708 0.621
Zheng et al. [11] LSTM-CNN Doc 0.543 0.659 0.595
LSTM-CNN + pp Doc 0.562 0.680 0615
Bio-Seq LSTM-CRF Doc 0.600 0675 0.635

extract both intra- and inter-sentential relations without using handcrafted features and
generally obtain better performance than two-level classifiers.

It is shown in Table 2 that our Bio-Seq method achieves the best F1-score (0.635)
without applying any feature engineering or post-processing rules. There is a 12.8% im-
provement compared with that of CD-REST (0.507). Also, there is a 1.4% improvement
compared with BRAN which applies multi-task learning to boost the performance and
conducts the best F1-score (0.621) on the CDR corpus. Besides, compared with other
document-level classifiers, Bio-Seq achieves the highest precision and there is an almost
5% improvement. These observations verify the effectiveness of Bio-Seq.

Table 3 lists the results on n2c2-ADE corpus. Different from the CDR corpus, the
n2c2 corpus is annotated at the mention level with specified entity offsets. Since the re-
sults of the n2c¢2 challenge have not been made public available, the baseline model
(CNN-LSTM? in Table 3) used for comparison is built based on a popular NN-based
framework and the results are averaged by 5-fold cross-validation. The model exploits a
hybrid of a CNN and a Bi-LSTM layers to generate a sentence representation which is
subsequently fed to a fully-connected layer with a Softmax function to classify the rela-
tion. Since it is a sentence-level model which may miss the inter-sentential relations,
two post-processing rules are designed to recall inter-sentential relations: 1) if an ADE
is not labeled as relevant to any drugs, it will match the nearest drug to construct a
drug-ADE relation; 2) if the ADE and the drug in a predicted relation exist in different
sections (e.g. the drug exists in MEDICATIONS and the ADE exists in DIAGNOSIS),
the relation will be removed.

As shown in Table 3, the post-processing rules demonstrate their effectiveness through
increasing the recall by 10.9% while maintaining the precision. In comparison, our Bio-
Seq method achieves better performance (especially with a much higher precision (0.892
vs. 0.813)) without using any rules. Bio-Seq learns the relation interactions between mul-
tiple target entities (regardless of where the entity exists in the document) simultaneously,
which helps to ensure the effectiveness and accuracy of the features, allowing the model
to recall more accurate relations, especially inter-sentential relations.

*This method is shared by the winner of the n2c2—2018 relation extraction challenge
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Table 3 Results on n2c2-ADE corpus

Model p R F1

CNN-LSTM 0814 0.700 0.753
CNN-LSTM + pp 0813 0.809 0811
Bio-Seq 0.892 0814 0.851

Overall, the results show that our method is competitive or superior in performance,
compared with other state-of-the-art methods used for document-level relation extrac-

tion from both biomedical literature and clinical notes.

Results at the intra- and inter-sentential levels

Table 4 lists the results at the intra- and inter-sentential levels. A CD pair would be la-
beled as positive if the relation between the pair is annotated at the document level,
otherwise as negative. CD pairs that are not involved in any intra-sentential instances
are considered as inter-sentential ones.

We observe that Gu et al. [7] achieves the highest Fl-score at the intra-sentential
level owning to large-dimensional feature engineering, but a lower one at the inter-
sentential level. In contrast, our Bio-Seq method is much more balanced and achieves
the best Fl-score (0.544) at the inter-sentential level with a comparable one at the
intra-sentential level (0.674). Compared with Gu et al. [7] and Gu et al. [8], it achieves
16.7 and 42.7% improvements of F1-score at the inter-sentential level, respectively. The
reason is that inter-sentential relations are expressed by spanning multiple sentences,
and discourse inferences such as coreference resolution might be needed when extract-
ing such relations. Therefore, it is difficult to design inter-sentential-level features and
feature-based models usually may achieve worse performances. In contrast, NN-based
methods learn features from data using a general-purpose learning procedure [29] so
that they can capture more complex features and achieve satisfying generalization.

In addition, our Bio-Seq method possesses significant advantages over Zheng et al.
[11] at the inter-sentential level with an 10.5% improvement of F1-score. Also, its preci-
sion at the intra-sentential level is 3.9% higher than that of Zheng et al. [11]. The pos-
sible reasons are as follows: 1) Bio-Seq exploits a sequence labeling-based framework
which takes all the target entities into consideration and can simultaneously encode
multiple entities pairs, while Zheng et al. [11] only considers one pair of entities at a
time and neglects the interactions between relations. 2) Bio-Seq aims to distinguish tar-
get entities from regular ones, rather than to capture the features of expressing a CID
relation such as whether the verb “induce” exists in the context or not. Thus, the fea-
tures are more specific and effective to recognize inter-sentential target entities than

Table 4 Results of intra- and inter-sentential relations on CDR corpus

System Intra-sentential results Inter-sentential results

P R F1 P R F1
Gu et al. (2016) [7] 0.674 0.689 0.682 0514 0.298 0.377
Gu et al. (2017) [8] 0597 0.550 0572 0519 0.070 0.117
Zheng et al. [11] 0.595 0.779 0674 0450 0429 0439

Bio-Seq 0.634 0.720 0674 0.518 0.573 0.544
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those captured by classification-based methods. 3) The document sequence is too long
for Zheng et al. [11] to generate one representation without losing essential features
and the fixed width of hidden vectors becomes a bottleneck when the Bi-LSTM models
must propagate dependencies over long texts [30]. Therefore, taking an entire docu-
ment as an input and generating a fixed length representation for the document will

not be appropriate for relation classification problem.

Effectiveness analysis on each component

To further verify the effectiveness of each component of Bio-Seq on both corpora, we
removed a component (or components) each time and then calculated the correspond-
ing decrement on Bio-Seq’s F1-score.

Table 5 shows the results on the CDR corpus after removing components. It can be
observed that DE plays an essential role in extracting both kinds of relations, especially
for the inter-sentential ones. A significant decrease of Fl-score (11.4%) at the inter-
sentential level demonstrates the ability of DE in handling inter-sentential relation ex-
traction. Although the top Bi-LSTM layer of HE enables cross-sentence connections,
DE can capture inter-sentential features more directly. Also, since the input of the top
Bi-LSTM is the representations captured by the bottom one, some intra-sentential in-
formation may already be filtered at the sentence level. Therefore, only applying HE is
insufficient for document-level relation extraction. Moreover, when EnDet is removed,
the recall at intra- and inter-sentential levels decreases by 0.9 and 2.4%, respectively. It
verifies that EnDet is capable to recall both kinds of relations because it emphasizes the
sentences which contain the source and target entities. In addition, when HE and
EnDet are removed, the overall recall drops by 1.4% and the intra- and inter-sentential-
level recalls drop by 0.8 and 3%, respectively, which also demonstrates the effectiveness
of the combination of DE and HE.

In conclusion, the sequence labeling framework is suitable for extracting document-
level relations, and the multi-level feature extractors can emphasize valuable intra- and
inter-sentential features which further boost the performance effectively.

Conclusion

Existing classification-based methods for document-level relation extraction fail to ef-
fectively extract inter-sentential relations and neglect the interactions between relations
in a document. To address these problems, we regarded document-level relation

Table 5 The overall and intra- and inter-sentential level results of different component evaluated
on CDR corpus. A denotes the corresponding F-score decrease percentage when a component is

removed

Component(s)  Overall Intra-sentential level Inter-sentential level

removed P R F A% P R F A% P R F A%
None 0600 0675 0635 - 0634 0720 0674 - 0518 0573 0544 -

-DE 0554 0603 0577 =58 0592 0683 0634 -40 0444 0417 0430 -114
- EnDet 0599 0647 0622 -13 0637 069% 0665 -09 0507 0533 0520 -24

-DE & EnDet 0551 0611 0579 56 0587 0692 0635 -39 0446 0420 0433 -—11.1
-HE & EnDet 0609 0633 0621 -14 0648 0684 0666 -08 0513 0515 0514 =30
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extraction as a sequence labeling task and proposed a novel method Bio-Seq to extract
document-level relations directly. The results showed that Bio-Seq outperforms other
state-of-the-art models on both biomedical literature and clinical notes. Compared with
other NN-based models, Bio-Seq can learn more distinguishable features between
related and regular entities, and thus, is capable of accurately extracting relations by
integrating interactions between relations. In addition, the multiple feature extractors
boosted the performance of extracting inter-sentential relations by recalling more

positive ones.

Abbreviations

CD: Chemical-disease; CID: Chemical-induced disease; CDR: Chemical disease relation; CRF: Conditional random field;
ADE: Adverse drug event; n2c2: National NLP Clinical Challenges; ME: Maximum entropy; MIL: Multi-instance learning;
MeSH® ID: Medical Subject Headings concept identifier; DE: Document-level feature extractor; HE: Hierarchical feature
extractor; EnDet: Entity detector; MIMIC: Medical Information for Intensive Care; LSTM: Long short-term memory;
RNN: Recurrent neural network

Acknowledgements
Not applicable.

Authors’ contributions

ZL provided the initial ideas, designed the algorithm and wrote the code. ZY and YX performed the data collection
and text pre-processing. LL and YS prepared the datasets for testing. YS and HL conducted the data analysis; ZL, ZY
and YX drafted the manuscript and LL and HL revised the whole manuscript. All authors read and approved the final
manuscript.

Funding

This study was supported by the grant from the National Key Research and Development Program of China (No.
2016YFC0901902). The Funding agencies did not have any role in the design, collection, analysis or interpretation of
the data or writing of the manuscript.

Availability of data and materials

The corpus of BioCreative V chemical disease relation corpus can be downloaded at:
https://biocreative bioinformatics.udel.edu/tasks/biocreative-v/track-3-cdr/

The n2c2 challenge have not been made public available. Details can be found at:
https://n2c2.dbmi.hms.harvard.edu/participate

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details
'School of Computer Science and Technology, Dalian University of Technology, Dalian 116024, China. *School of
Biomedical Informatics, University of Texas Health Science Center at Houston, Houston 77030, USA.

Received: 30 October 2019 Accepted: 18 March 2020
Published online: 27 March 2020

References

1. Kang N, Singh B, Bui C, Afzal Z, van Mulligen EM, Kors JA. Knowledge-based extraction of adverse drug events from
biomedical text. BMC Bioinformatics. 2014;15(1):64.

2. Yang Z Lin H, Li Y. BioPPISVMExtractor: a protein-protein interaction extractor for biomedical literature using SYM and
rich feature sets. J Biomed Inform. 2010,43(1):88-96 https.//doi.org/10.1016/}jbi.2009.08.013.

3. Zhao Z Yang Z Luo L, Lin H, Wang J. Drug drug interaction extraction from biomedical literature using syntax
convolutional neural network. Bioinformatics. 2016;32(22):3444-53.

4. WeiC, Peng Y, Leaman R, et al. Overview of the BioCreative V Chemical Disease Relation (CDR) task. In: Proceedings of
the Fifth BioCreative Challenge Evaluation Workshop; 2015. p. 154-66.

5. Hendrickx I, Kim SN, Kozareva Z, et al. SemEval-2010 task 8: multi-way classification of semantic relations between pairs
of nominals, Proceedings of the Workshop on Semantic Evaluations: Recent Achievements and Future Directions; 2009.
p. 94-9,

6. XulJ,WuY, Zhang Y, Wang J, Lee HJ, Xu H. CD-REST: a system for extracting chemical induced disease relation in
literature. Database. 2016;2016:1-9.


https://biocreative.bioinformatics.udel.edu/tasks/biocreative-v/track-3-cdr/
https://n2c2.dbmi.hms.harvard.edu/participate
https://doi.org/10.1016/j.jbi.2009.08.013

Li et al. BMC Bioinformatics (2020) 21:125

20.
21.

22.

23.

24.

25.

26.
27.
28.

29.
30.

Gu J, Qian L, Zhou G. Chemical-induced disease relation extraction with various linguistic features. Database.
2016;2016:1-11.

Gu J, Sun F, Qian L, Zhou G. Chemical-induced disease relation extraction via convolutional neural network. Database.
2017;2017(1):1-12.

Li H, Yang M, Chen Q, Tang B, Wang X, Yan J. Chemical-induced disease extraction via recurrent piecewise
convolutional neural networks. BMC Med Inform Decis Mak. 2018;18(Suppl 2):60.

Verga P, Strubell E, McCallum A. Simultaneously self-attending to all mentions for full-abstract biological relation
extraction. 2018. arXiv..

Zheng W, Lin H, Li Z, et al. An effective neural model extracting document level chemical-induced disease relations
from biomedical literature. J Biomed Inform. 2018,83(October 2017):1-9.

Kambhatla N. Combining lexical, syntactic, and semantic features with maximum entropy models for extraction
relations. Proc ACL. 2004;2004:1-4 http//www.miv.t.u-tokyo.ac.jp/papers/watanabe-WEPS2009.pdf.

Zeng D, Liu K Lai S, Zhou G, Zhao J. Relation classification via convolutional deep neural network. In: Proceedings of
COLING 2014, the 25th International Conference on Computational Linguistics, vol. 5; 2014. p. 2335-44.

Jin D, Dernoncourt F, Sergeeva E, McDermott M, Chauhan G. MIT-MEDG at SemEval-2018 task 7: semantic relation
classification via convolution neural network, vol. 10; 2018. p. 798-804. https://doi.org/10.18653/v1/518-1127.

Barnickel T, Weston J, Collobert R, Mewes HW, Stimpflen V. Large scale application of neural network based semantic
role labeling for automated relation extraction from biomedical texts. PLoS One. 2009:4(7). https.//doi.org/10.1371/
journal.pone.0006393.

Miwa M, Bansal M. End-to-end relation extraction using LSTMs on sequences and tree structures; 2016. https://doi.org/
10.18653/v1/P16-1105.

Zhou H, Deng H, Chen L, Yang Y, Jia C, Huang D. Exploiting syntactic and semantics information for chemical-disease
relation extraction. Database. 2016;2016:1-10.

Riedel S, Yao L, McCallum A. Modeling relations and their mentions without labeled text. In: Machine learning and
knowledge discovery in databases. Berlin, Heidelberg: Springer Berlin Heidelberg; 2010. p. 148-63.

Surdeanu M, Tibshirani J, Nallapati R, Manning CD. Multi-instance multi-label learning for relation extraction, Proc 2012
Jt Conf Empir Methods Nat Lang Process Comput Nat Lang Learn; 2012. p. 455-65. http://dl.acm.org/citation.cfm?id=23
90948.2391003.

Bengio Y, Ducharme R, Vincent P, Jauvin C. A neural probabilistic language model. J Mach Learn Res. 2003;3:1137-55.
Mikolov T, Chen K, Corrado G, Dean J. Efficient estimation of word representations in vector space; 2013. p. 1-12.
https.//doi.org/10.1162/153244303322533223.

Wei CH, Kao HY, Lu Z. PubTator: a web-based text mining tool for assisting biocuration. Nucleic Acids Res. 2013;41(Web
Server issue):518-22.

Johnson AE, Pollard TJ, Shen L, et al. MIMIC-III, a freely accessible critical care database. Sci Data. 2016;3:160035. https://
doi.org/10.1038/sdata.2016.35.

Hochreiter S, Schmidhuber J. Long short-term memory. Neural Comput. 1997;9(8):1735-80. https.//doi.org/10.1016/
S0375-9601(03)00259-7.

Lafferty J, McCallum A, Pereira FCN. Conditional random fields: probabilistic models for segmenting and labeling
sequence data. In: Proceedings of the 18th International Conference on Machine Learning 2001 (ICML 2001); 2001. p.
282-9. https://doi.org/10.1038/nprot.2006.61.

Paszke A, Chanan G, Lin Z, et al. Automatic differentiation in PyTorch, 31st Conference Neural Information Processing
Systems; 2017. p. 1-4.

Srivastava N, Hinton G, Krizhevsky A, Sutskever |, Salakhutdinov R. Dropout: a simple way to prevent neural networks
from overfitting. J Mach Learn Res. 2014;15. https://doi.org/10.1016/j.micromeso.2003.09.025.

Kingma DP, Ba JL. Adam: a method for stochastic optimization. arXiv. 2014;2014:14126980.

LeCun Y, Bengio Y, Hinton G. Deep learning. Nature. 2015;521:436 https.//doi.org/10.1038/nature14539.

Tan M, dos Santos C, Xiang B, Zhou B. LSTM-based deep learning models for non-factoid answer selection. arXiv. 2015;
(1):1-11. https://doi.org/10.1227/01.NEU.0000255452.20602.C9.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

e fast, convenient online submission

e thorough peer review by experienced researchers in your field

 rapid publication on acceptance

e support for research data, including large and complex data types

e gold Open Access which fosters wider collaboration and increased citations
e maximum visibility for your research: over 100M website views per year

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions . BMC

Page 14 of 14


http://www.miv.t.u-tokyo.ac.jp/papers/watanabe-WEPS2009.pdf
https://doi.org/10.18653/v1/s18-1127
https://doi.org/10.1371/journal.pone.0006393
https://doi.org/10.1371/journal.pone.0006393
https://doi.org/10.18653/v1/P16-1105
https://doi.org/10.18653/v1/P16-1105
http://dl.acm.org/citation.cfm?id=2390948.2391003
http://dl.acm.org/citation.cfm?id=2390948.2391003
https://doi.org/10.1162/153244303322533223
https://doi.org/10.1038/sdata.2016.35
https://doi.org/10.1038/sdata.2016.35
https://doi.org/10.1016/S0375-9601(03)00259-7
https://doi.org/10.1016/S0375-9601(03)00259-7
https://doi.org/10.1038/nprot.2006.61
https://doi.org/10.1016/j.micromeso.2003.09.025
https://doi.org/10.1038/nature14539
https://doi.org/10.1227/01.NEU.0000255452.20602.C9

	Abstract
	Background
	Results
	Conclusion

	Background
	Related work
	Methods
	Task description
	Model overview
	Input representation
	Document-level feature extractor
	Hierarchical feature extractor with an entity detector
	CRF layer

	Results and discussions
	Datasets and experimental settings
	Comparisons with the state-of-the-art methods
	Results at the intra- and inter-sentential levels
	Effectiveness analysis on each component

	Conclusion
	Abbreviations
	Acknowledgements
	Authors’ contributions
	Funding
	Availability of data and materials
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Author details
	References
	Publisher’s Note

