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Abstract

Background: Drug repurposing is to find new indications of approved drugs, which is essential for investigating new
uses for approved or investigational drug efficiency. The active gene annotation corpus (named AGAC) is annotated
by human experts, which was developed to support knowledge discovery for drug repurposing. The AGAC track of
the BioNLP Open Shared Tasks using this corpus is organized by EMNLP-BioNLP 2019, where the “Selective annotation”
attribution makes AGAC track more challenging than other traditional sequence labeling tasks. In this work, we show
our methods for trigger word detection (Task 1) and its thematic role identification (Task 2) in the AGAC track. As a
step forward to drug repurposing research, our work can also be applied to large-scale automatic extraction of medi-
cal text knowledge.

Methods: To meet the challenges of the two tasks, we consider Task 1 as the medical name entity recognition (NER),
which cultivates molecular phenomena related to gene mutation. And we regard Task 2 as a relation extraction task,
which captures the thematic roles between entities. In this work, we exploit pre-trained biomedical language rep-
resentation models (e.g., BioBERT) in the information extraction pipeline for mutation-disease knowledge collection
from PubMed. Moreover, we design the fine-tuning framework by using a multi-task learning technique and extra
features. We further investigate different approaches to consolidate and transfer the knowledge from varying sources
and illustrate the performance of our model on the AGAC corpus. Our approach is based on fine-tuned BERT, BioBERT,
NCBI BERT, and ClinicalBERT using multi-task learning. Further experiments show the effectiveness of knowledge
transformation and the ensemble integration of models of two tasks. We conduct a performance comparison of vari-
ous algorithms. We also do an ablation study on the development set of Task 1 to examine the effectiveness of each
component of our method.

Results: Compared with competitor methods, our model obtained the highest Precision (0.63), Recall (0.56), and
F-score value (0.60) in Task 1, which ranks first place. It outperformed the baseline method provided by the organizers
by 0.10 in F-score. The model shared the same encoding layers for the named entity recognition and relation extrac-
tion parts. And we obtained a second high F-score (0.25) in Task 2 with a simple but effective framework.

Conclusions: Experimental results on the benchmark annotation of genes with active mutation-centric function
changes corpus show that integrating pre-trained biomedical language representation models (i.e, BERT, NCBI BERT,
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ClinicalBERT, BioBERT) into a pipe of information extraction methods with multi-task learning can improve the ability

to collect mutation-disease knowledge from PubMed.

Keywords: Gene mutation, Drug repurposing, Biomedical language models

Background

Drug repurposing is a strategy used to identify new uses
for approved or investigational drugs that are beyond the
scope of the original medical indication. It focuses on
predicting the effective off-label usages of existing drugs
on the market. These drugs may have valid or expired
licenses. Both researchers and the industry pay more
attention to the repurposing usages of the drugs with
expired licenses. Generally, PubMed' is considered a sig-
nificant source of knowledge discovery because it stores
a growing number of scientific discovery reports. It
requires further development of more automated meth-
ods. Recently, utilizing the natural language processing
techniques to find and mine medication-related informa-
tion from the text (e.g., PubMed) for drug repurposing
has been a promising exploration theme [1-4].

For the objective of drug repurposing, the active gene
annotation corpus (AGAC) was created as a benchmark
dataset [5]. The AGAC track is the portion of the BioNLP
Open Shared Task 2019 [6], which points to accumulate
content mining approaches among the BioNLP commu-
nity to focus on drug-oriented knowledge discovery. It
comprises three assignments to extract mutation-disease
information from PubMed abstracts: trigger words NER,
thematic roles identification, and mutation-disease infor-
mation extraction. One mission of this track is to extend
the effectiveness of drug discovery. Discovering the rela-
tionship of a drug with its target mutant gene needs to
consider the functional changes of the corresponding
mutant gene and the drug’s pharmacological activity. The
gene-function change-disease knowledge in this track
contains the relationship between mutation and disease
and indicates the function change of the mutation, i.e.,
gain of function (GOF) and loss of function (LOF). To
this end, we focus on the tasks of trigger words NER and
thematic roles identification tasks.

The large-scale pre-trained language models have
recently become the basis for various natural language
processing tasks [7, 8]. They achieved remarkable perfor-
mance across a wide range of tasks [9], e.g., text classi-
fication, natural language inference, question answering.
One popular used pre-trained language model is BERT
which is proposed by Devin et al. [7]. BERT firstly trains
bidirectional transformers [10] on the unannotated

! https://www.ncbi.nlm.nih.gov/pubmed/.

large-scale corpus from the general domain, and the
pre-trained model is then fine-tuned to adapt to down-
stream tasks. This fine-tuning process is regarded as
transfer learning, where BERT acquires knowledge from
the large-scale corpus and transfers it to downstream
tasks. Although BERT was developed for general-pur-
pose language understanding, there are likewise several
pre-trained models that follow BERT architecture lev-
eraging domain-specific knowledge effectively from a
large set of unannotated biomedical texts (e.g., PubMed
abstracts, clinical notes), such as SciBERT [11], BioBERT
[12], NCBI BERT [13], Clinical BERT [14, 15]. In particu-
lar, SciBERT [11] leverages unsupervised pre-training
on a large multi-domain corpus of scientific publica-
tions. BioBERT (BERT for Biomedical Text Mining) [12]
further trained Google’s BERT on PubMed abstracts
(4500M words). NCBI BERT (a.k.a BlueBERT) [13] was
pre-trained on PubMed abstracts and clinical discharge
summaries (i.e., MIMIC-III notes) [16]. ClinicalBERT
[15] was clinically oriented BERT models initialized with
original BERT and BioBERT parameters, and some of
them pre-trained on PubMed abstracts, PMC articles,
MIMIC III notes [16] and a subset of discharge sum-
maries. Knowledge can be transferred by these models
effectively from a large number of unlabeled texts to bio-
medical text mining models with minimum task-specific
architecture revisions.

Methods

Pre-trained language model

The BERT model architecture is a multi-layer bidirec-
tional Transformer encoder [10] that is based on the
original self-attention mechanism. The input represen-
tation is a concatenation of WordPiece embeddings,
segment embeddings and positional embeddings. A par-
ticular classification token “[CLS]” is inserted as the first
token and separated token “[SEP]” is added as the last
token. Given an input token sequence x = xi,...,XT,
BERT’s output is H = hy,...,hr after 12 stacked self-
attention blocks. It is firstly pre-trained with two strate-
gies on large-scale unlabeled text, i.e., masked language
model and next sentence prediction.

The pre-trained BERT model provides a powerful
context-dependent sentence representation and can
be applied to various kinds of downstream tasks, i.e.,
machine reading comprehension and text classification,
through the fine-tuning procedure. Based on the BERT
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Fig. 1 The architecture of our method. We start by splitting the PubMed abstract into sentences, tagging them as words, and extracting several
features, such as POS tags. NER offsets and entity identification are then performed based on the BERT-based approach, and finally the relationship
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Fig. 2 The base architecture diagram of our NER model

architecture, several domain-specific language represen-
tation models are pre-trained on large-scale biomedical
corpora (e.g., PubMed abstracts, clinical notes) for bio-
medical text mining. These models can be transferred
effectively from many unlabeled texts to biomedical text
mining models with minimal task-specific architecture
modifications.

Hence, the BERT model can easily be extended to the
medical domain information extraction pipeline, first
extracting the trigger words and determining the rela-
tionship between these entities, as shown in Fig. 1.

Task 1: trigger words NER

Task 1 aims to identify trigger words in the PubMed
digest and annotate them as correct trigger markers
or entities (Var, MPA, Interaction, Pathway, CPA, Reg,
PosReg, NegReg, Disease, Gene, Protein, Enzyme). As
shown in Fig. 2, it can be seen as an NER task involving
the identification of many domain-specific proper nouns

in the biomedical corpus [17, 18]. For example, the sen-
tence is“Our results showed that SHP-2 E76K mutation
caused myeloproliferative disease in mice”, and we need
to extract entities: SHP-2 (Gene), E76K mutation (Var)
and myeloproliferative (disease). The challenge of this
task comes from two parts, unbalanced entity type dis-
tribution and selective annotation (i.e., if any necessary
gene, mutation, disease mentions are missing in the sen-
tence, other named entities that appear in the sentence
will not be annotated).

We first split each PubMed abstracts into sentences
using \n’ or ; and convert each sentence into words
by NLTK tokenizer.> After that, words are further
tokenized into sub-tokens x = x1,...,x7. Then we use
a representation based on the BERT from the last layer
H = hy,...,hr. In order to make better use of the word-
level information, POS tagging labels and word shape
embedding representation [19] of each word are also
concatenated into the output of BERT, passing through a
single projection layer, followed by the conditional ran-
dom fields (CRF) layer [20] with a masking constraint to
calculate the token-level label probability P = py, ..., pr.
If a word is tokenized into several tokens, each token will
be given the same tagging labels. Transition mask with
invalid moves as 0 and valid as 1.

When fine-tuning the BERT, we found that the per-
formance of the model performed better in the case of
BIO for the selection of the tagging schemes compared
to BIOES. We further extend our model to multi-task
learning jointly trained by sharing the architecture and

2 https://www.nltk.org.
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parameters. Although the discrepancy in different data-
sets, multi-task means joint learning with other biomedi-
cal corpora. The assumption is to make more efficient use
of the data and to encourage the models to learn more
generalized representations. More specially, the same
token-level information and BERT encoder are shared
and each data set has a specific output layer, e.g., CRF
layer. Our final loss function is obtained as follows:

= JelogP (yelae,) + Wl

where y., denotes true tag sequence and x denotes
the input tokens for corpora c;, A, and A, are weighted
parameters.

Task 2: thematic roles identification

Task 2 is to identify the thematic roles (Theme of, Cause
of) between trigger words. For example, the sentence
is “two protein-truncating DNMs ... in SHROOMS,..”,
and the relationship between the “DNMs (Var)” and
the “SHROOMS3 (Gene)” is “ThemeOf”. Note that the
cross-sentence relations, which account for 96% of the
data set, are challenges for the model to capture long
dependencies.

We treat it as the multiclass classification problem by
introducing “no relation (NA)” label. When constructing
the training data of Task 2, we use the relational tuples of
which two entities are no more than one sentence away.
For NA label, random sampling is performed. In the test-
ing process, relation label will be assigned to the corre-
sponding thematic role when its probability is maximum
and larger than the threshold. Otherwise, it will be pre-
dicted as no relation.

We also anonymously use a predefined tag (such as
%Disease) to represent a target named entity. And we
additionally append two concrete predicted entity words
separated by the [SEP] tag after each sentence shown in
Fig. 3. Following [21], we also add the token-level relative
distance to the subject entity information for each token,

where s, e are the starting and ending positions of first
and second entity after tokenization, respectively. The
relation logits of two entities are performed using a single
output layer from the BERT as y = softmax(Wh + b)
where /. denotes the hidden state of the first special
token ([CLS]).

Furthermore, we notice that most pairs of entities are
unrelated (i.e., NA label) that causes a large label imbal-
ance. To alleviate the problem, similar to [22], we use a
two-stage inference procedure for task 2 as shown in
Fig. 4. In the first stage, the model needs to determine
whether the relationship exists for a given pair of enti-
ties, i.e., binary classification (NA or REL). Random sam-
pling and down-sampling methods are used to select
the negative data. In the second stage, we learn a model
trained only using relation pairs to distinguish their
labels between the two corresponding entities (Theme of
/ Cause of). After that, for a given pair of entities at the
time of testing, the model of the first stage is first applied
to predict whether there is a relationship between them.
If the relation label is predicted, the model of the second
stage is applied to predict the thematic roles.

Experimental setup

The AGAC track organizers develop an active gene anno-
tation corpus (AGAC) [4, 23], for the sake of knowledge
discovery in drug repurposing. The track corpus con-
sists of 1250 PubMed abstracts: 250 for public, 1000 for
final evaluation. Although the total number of abstracts
is small, it contains 2534 sentences, among which 3317
named entities and 2729 relationship groups are distrib-
uted. Among them, there are 1428 named entities of the
Bio-concept Named Entities type, 905 named entities
of the Regulatory Named Entities type, and 984 named
entities of the Other Entities type. We randomly split the
public texts into train and development data sets with
the radio of 8:2. The training set is used to learn model
parameters, the development set to select optimal hyper-
parameters. For evaluation results, we measure the trig-
ger words recognition and thematic roles extraction
performance with F; score. Table 1 shows the external
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Table 1 Datasets statistics for joint learning in recognizing the
trigger words
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Table 2 Model comparison in development set with different
pre-trained models

Datasets BC5CDR  NCBl disease BC2GM 2010i2b2/VA  Task Model P R F,
#Train 4559 5423 12,573 16,315 Trigger words recognition BiLSTM 4 CRF 0478 0408 0440
# Dev 4580 922 2518 - BERT,.. 0497 0448 0471
# Test 4796 939 5037 27,626 NCBI BERT 0553 0453 0498
ClinicalBERT 0523 0486 0504
BioBERT 0511 0529 0519
. . Thematic roles identification  BERT, 0.758 0.890 0818
data sets used under the joint learning method. The BIO base
. . NCBI BERT 0.778 0879 0.826
form of these data sets is different from that of Task 1; -
. .. ClinicalBERT 0.796 0913 0.850
hence we use different projection and CRF layers. But _
.. BioBERT 0.807 0891 0.847
it is not that the more data sets, the better the model ClinicalBERTTS 0810 0917 0860
. INiCa - . 2 .
performance. We found that the NCBI disease [24] and i
BioBERT-TS 0813 0894 0852

BC5CDR [25] datasets are helpful for the final results,
and the performance is reduced when using BC2GM [26]
and 2010 i2b2/VA dataset [27]. We use three metrics to
evaluate the performance of all methods: Precision (P),
Recall (R), F-score (F1).

Experiment settings

We tried the original BERT,> NCBI BERT,* Clinical-
BERT® and BioBERT® pre-trained models. Each train-
ing example is pruned to at most 384 and 512 tokens for
named entity recognition (NER) and relation extraction
(RE). We use a batch size of 5 for NER, and 32 for RE.
We also use the hierarchical learning rate in the training
process so that the pre-trained parameters and the newly
added parameters converge at different optimization pro-
cesses. For fine-tuning, we train the models for 20 epochs
using a learning rate of 2 x 107> for pre-trained weights
and 3 % 107> for others. The learning parameters were
selected based on the best performance on the dev set.
For trigger word detection, we ensemble 5 models from
fivefold cross-validation and 2 models using the normal
training-validation approach. For the identification of
thematic roles, we ensemble 3 models that used all the
construction data in training.

Results

Main results

The results of the two tasks with the pre-trained model
for trigger words NER and thematic roles identification
are presented in Table 2. We show a comparison of the
performance of the development set results using dif-
ferent pre-trained models. From Table 2, we can see
that the pre-trained model outperforms the classical

3 https://github.com/google-research/bert.

* https://github.com/ncbi-nlp/NCBI_BERT.

% https://github.com/EmilyAlsentzer/clinical BERT.
® https://github.com/dmis-lab/biobert.

The models (except BiLSTM + CRF) are jointly trained by using NCBI dataset,
BC5CDR dataset, and our training set. BioBERT performs better than others
in Task 1, while ClinicalBERT achieves best F, in Task 2. The two-step training
process (i.e., TS) further improves the performance

Table 3 Comparison of Precision (P), Recall (R) and F1 scores for
trigger word detection

Label P R F,

CPA 0.39 0.27 0.32
Disease 0.57 0.57 0.57
Enzyme 0.75 0.16 0.26
Gene 0.71 0.64 0.68
Interaction 0.50 0.29 0.36
MPA 046 047 047
NegReg 0.71 0.62 0.66
Pathway 0.83 036 0.50
PosReg 0.64 061 0.63
Protein 0.32 0.17 0.22
Reg 0.75 0.50 0.60
Var 0.64 0.63 0.64
ALL (ours) 0.63 0.56 0.60
ALL (baseline) 0.50 0.51 0.50

BiLSTM + CRF labeling approach for the general domain
[28]. From the last four lines of two tasks, we can see that
different pre-trained models have different results for the
same experimental setup. It demonstrates the validity of
performing pre-training tasks in the medical or biomedi-
cal domain.

The results for Task 1 are presented in Table 3. The
baseline method of Task 1 is to use BERT to learn the
semantic structure of the text and then output sequence
labels. The difference in performance across labels stems
partly from the unbalanced distribution of trigger labels
[29]. Our method performs better than the previous
best and provides a significant improvement over the
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Table 4 Comparison of Precision (P), Recall (R) and F1 score for
prediction of thematic roles

Label P R F,

Cause of 0.60 0.26 036
Theme of 0.63 0.1 0.19
ALL (ours) 0.61 0.16 0.25
ALL (baseline) 0.05 0.02 0.03

Table 5 Ablation study of Task 1 in development set

Model P R F,

BioBERT 0.511 0.529 0.519
w/ BiLSTM 0.502 0.448 0473
w/o Word shape 0.539 0453 0492
w/o POS tags 0518 0482 0499
w/0 Multi-task learning 0.492 0478 0484

previous state-of-the-art methods. Table 4 summarizes
the results for Task 2. The baseline method of Task 2 is
to use the traditional support vector machine to classify
the relationship. Our method improves over the baseline
model and multi-stage training is found to be effective
for relationship extraction. However, there is a large dis-
crepancy between the performance of our approach on
the development set and the performance of the test set:
one reason is that the test set may be quite different from
our constructed development set; on the other hand, this
also is relevant to the way we use recognized entities (e.g.,
sentence-level or document-level pair combinations).

Ablation study

To test the validity of each component of our approach,
we performed ablation experiments using the develop-
ment set of Task 1.

As illustrated in Table 5, we can see that adding a layer
of BiLSTM behind the BERT encoder does not improve
the performance of the model, resulting in an Fj loss of
0.04. For the NER task, external features are likely to be
an improvement in performance of the model. Therefore,
we verified the validity of the lexical and POS labels on
task 1 and found that adding this information makes the
value of F increase by more than 0.01. In addition, jointly
learning using other datasets of named entity recognition
task can also improve the results of the model.

Discussion

Identifying disease-related genes and their related
changes is a challenging task for biomedical research.
With the help of the AGAC dataset, we used fine-tuning
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and multi-task learning techniques to identify the trigger
labels and thematic roles in PubMed abstracts. Our work
can also be applied to large-scale automatic extraction of
medical text knowledge, which should propel drug repur-
posing research.

As mentioned in the paper [29] of the task organizer,
different from the traditional sequence labeling problem,
there is selective partial labeling in the AGAC dataset
(that is, it is labeled when the sentence fits the GOF/LOF
topic). In addition, due to the complexity of labeling and
the uneven distribution of medical knowledge, the distri-
bution of AGAC data sets in some types of entities is dif-
ferent, and the number of abstracts for labeling is limited.
The limitation of training data may affect the learning
process of the model. In this paper, we use cross-valida-
tion and early stopping methods to avoid overfitting as
much as possible. When dealing with NER joint learning
with multiple corpora and multiple entity types, a critical
issue is whether it introduces noisy labels or significantly
decreases performance, e.g., a disease in NCBI corpus is
labeled as DISEASE while it is not in the BC2GM corpus.
In this work, we migrate the problem through different
task layers. Another question is whether the performance
of entities of the same type from different corpora can be
compared. We argue that it is an open question whether
equivalent comparisons can be made, considering differ-
ences in the entity type definition, annotation standard,
and data quality.

We also conducted the error analysis. There are sev-
eral types of errors: the first is the abbreviation problem
[30], but we can use the abbreviation tool in the post-
processing process to obtain its corresponding full name,
for example: Cd is Cadmium, AF is Atrial fibrillation.
However, this processing method will encounter a spe-
cific abbreviation corresponding to different full names
in different articles, for example: AD is the abbreviation
of Alzheimer’s disease, but in another paragraph is the
abbreviation of acute distress. The second common mis-
take is that the specific gene name is not in the vocabu-
lary of pre-trained models, making it difficult to identify.
The last kind of weakness is related to our method. We
employ the pipeline to solve the tasks, with NER comes
before RE. However, pipeline systems are prone to error
propagation. In the field of general natural language
processing, the latest work [31, 32] uses the framework
of encoder-decoder to generate triples. In order to solve
the problem of triplet overlap, Wei et al. [33] also pro-
pose a Hierarchical Binary Tagging method to model the
relationship as a function that maps the subject in the
sentence to the object. However, they only proved use-
ful on the sentence-level dataset. For processed text data
in the medical field, the entities and relationships to be
extracted are often distributed in different paragraphs.
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Different entities need to cross sentence combinations to
judge the relationship, which is also a challenge for the
current model. Besides, in the AGAC corpus, long con-
texts also make it more challenging to model sequence
information. As mentioned in [34], truncated short text
segments may prevent the model from capturing long
dependencies and global information in the document.

Conclusions

In this paper, we integrated pre-trained biomedical lan-
guage representation models into an information extrac-
tion pipeline to collect mutational disease knowledge
from PubMed. Specially, we investigated the use of pre-
trained models (i.e., BERT, NCBI BERT, ClinicalBERT,
and BioBERT) to fine-tune new tasks to reduce the risk
of overfitting. By considering the relationship between
different data sets, we get better results. Experimental
results of benchmark annotation of genes with active
mutation-centric functional changes show that pre-
trained models help improve the baseline to obtain state-
of-the-art performance. In future work, we will explore
how to simultaneously train entity recognition and rela-
tionship extraction tasks to reduce the cascading errors
caused by the pipeline model in biomedical information
extraction.

Abbreviations

BERT: Bidirectional encoder representations from transformers; AGAC: Active
gene annotation corpus; BioNLP: Biomedical natural language processing;
NER: Named entity recognition; RE: Relation extraction; CRF: Conditional
random field; NLTK: Natural language toolkit; BiLSTM: Bidirectional long
short-term memory networks; GOF: Gain of function; LOF: Loss of function;
MIMIC: Medical Information Mart for Intensive Care; NCBI: National Center for
Biotechnology Information.

Acknowledgements
We thank the anonymous reviewers for their insightful comments and
suggestions.

About this supplement

This article has been published as part of BMC Medical Informatics and
Decision Making Volume 21 Supplement 9 2021: Health Natural Language
Processing and Applications. The full contents of the supplement are available
at https://bmcmedinformdecismak biomedcentral.com/articles/supplements/
volume-21-supplement-9.

Authors’ contributions

QCC and BTH designed the study and critically revised the manuscript. DFL
and YX processed the data. DFL wrote most of the manuscript. DFL write
codes and analyzed the results. QCC, WHP, BZT and BTH provided detailed
edits and critical suggestions. All authors contributed to the preparation,
review, and approval of the final manuscript and the decision to submit the
manuscript for publication.

Funding

Publication costs are funded by the Natural Science Foundation of China
(Grant Nos. 61872113, 6200606 1), Shenzhen Foundational Research Funding
(JCYJ20200109113441941), CCF-Baidu Open Fund (Grant No. CCF-BAID-
UOF2020004), and the joint project with Baidu Inc. The funders did not play

Page 7 of 8

any role in the design of the study, the collection, analysis, and interpretation
of data, or in writing of the manuscript.

Availability of data and materials
The code and processed data during the current study are available from the
corresponding author upon reasonable requests.

Declarations

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

"Harbin Institute of Technology (Shenzhen), Shenzhen, China. 2Peng Cheng
Laboratory, Shenzhen, China. *Baidu, International Technology (Shenzhen) Co.,
Ltd, Shenzhen, China.

Received: 5 August 2021 Accepted: 23 August 2021
Published online: 16 November 2021

References

1. LiD, XiongY, Hu B, Du H, Tang B, Chen Q. Trigger word detection and the-
matic role identification via BERT and multitask learning. In: Proceedings
of the 5th workshop on BioNLP open shared tasks. 2019. p. 72-6.

2. Chen H, Engkvist O, Wang Y, Olivecrona M, Blaschke T. The rise of deep
learning in drug discovery. Drug Discov Today. 2018;23(6):1241-50.

3. Pushpakom S, lorio F, Eyers PA, Escott KJ, Hopper S, Wells A, Doig A, Guil-
liams T, Latimer J, McNamee C. Drug repurposing: progress, challenges
and recommendations. Nat Rev Drug Discov. 2019;18(1):41-58.

4. Gachloo M, WangY, Xia J. A review of drug knowledge discovery
using BioNLP and tensor or matrix decomposition. Genomics Inform.
2019;17(2):e18.

5. WangY,Yao X, Zhou K, Qin X, Kim J-D, Cohen KB, Xia J. Guideline design
of an active gene annotation corpus for the purpose of drug repurpos-
ing.In: 2018 11th international congress on image and signal processing,
BioMedical engineering and informatics (CISP-BMEI). IEEE. 2018. p. 1-5.

6. Jin-Dong K, Claire N, Robert B, Louise D. Proceedings of The 5th workshop
on BioNLP open shared tasks. In: Proceedings of the 5th workshop on
BioNLP open shared tasks. 2019.

7. Devlin J,Chang M-W, Lee K, Toutanova K. BERT: pre-training of deep
bidirectional transformers for language understanding. In: Proceedings of
the 2019 conference of the North American chapter of the association for
computational linguistics: human language technologies, vol 1 (long and
short papers). 2019. p. 4171-86.

8. Howard J, Ruder S. Universal language model fine-tuning for text clas-
sification. In: Proceedings of the 56th annual meeting of the association
for computational linguistics (vol 1: long papers). 2018. p. 328-39.

9. Wang A, Singh A, Michael J, Hill F, Levy O, Bowman SR. GLUE: a multi-task
benchmark and analysis platform for natural language understanding. In:
ICLR. 2018. p. 353.

10. Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez AN, Kaiser t,
Polosukhin I. Attention is all you need. In: Advances in neural information
processing systems. 2017. p. 5998-6008.

11. Beltagy |, Lo K, Cohan A. SCiBERT: a pretrained language model for scien-
tific text. In: Proceedings of the 2019 conference on empirical methods in
natural language processing and the 9th international joint conference
on natural language processing (EMNLP-IJCNLP). 2019.

12. Lee J,Yoon W, Kim S, Kim D, Kim S, So CH, Kang J. BioBERT: a pre-trained
biomedical language representation model for biomedical text mining.
Bioinformatics. 2020;36(4):1234-40.

13. PengV,YanS, Lu Z. Transfer learning in biomedical natural language pro-
cessing: An evaluation of bert and elmo on ten benchmarking datasets.


https://bmcmedinformdecismak.biomedcentral.com/articles/supplements/volume-21-supplement-9
https://bmcmedinformdecismak.biomedcentral.com/articles/supplements/volume-21-supplement-9

Li et al. BMC Med Inform Decis Mak

20.

21.

22.

23.

24.

25.

(2021) 21:251

In: Proceedings of the 18th BioNLP workshop and shared task. 2019. p.
58-65.

Huang K, Altosaar J, Ranganath R. Clinicalbert: modeling clinical notes
and predicting hospital readmission. arXiv preprint arXiv:05342. 2019.
Alsentzer E, Murphy J, Boag W, Weng W-H, Jindi D, Naumann T, McDer-
mott M. Publicly available clinical BERT embeddings. In: Proceedings of
the 2nd clinical natural language processing workshop. 2019. p. 72-8.
Johnson AE, Pollard TJ, Shen L, Li-Wei HL, Feng M, Ghassemi M, Moody
B, Szolovits P, Celi LA, Mark RG. MIMIC-II, a freely accessible critical care
database. Sci Data. 2016;3(1):1-9.

Crichton G, Pyysalo S, Chiu B, Korhonen A. A neural network multi-task
learning approach to biomedical named entity recognition. BMC Bioin-
formatics. 2017;18(1):368.

Yoon W, So CH, Lee J, Kang J. Collabonet: collaboration of deep neural
networks for biomedical named entity recognition. BMC Bioinformatics.
2019;20(10):249.

Liu Z, ChenY, Tang B, Wang X, Chen Q, Li H, Wang J, Deng Q, Zhu S.
Automatic de-identification of electronic medical records using token-
level and character-level conditional random fields. J Biomed Inform.
2015;58:547-52.

Lafferty J, McCallum A, Pereira FC. Conditional random fields: probabilistic
models for segmenting and labeling sequence data. 2001.

Shi P, Lin J. Simple bert models for relation extraction and semantic role
labeling. arXiv preprint arXiv:05255. 2019.

Wang H, Focke C, Sylvester R, Mishra N, Wang W. Fine-tune Bert for
Docred with two-step process. arXiv preprint arxiv:11898. 2019.

Zhou KY, Wang YX, Zhang S, Gachloo M, Kim JD, Luo Q, Cohen KB, Xia JB.
GOF/LOF knowledge inference with tensor decomposition in support
of high order link discovery for gene, mutation and disease. Math Biosci
Eng. 2019;16(16):1376-91.

Dogan RI, Leaman R, Lu Z. NCBI disease corpus: a resource for dis-

ease name recognition and concept normalization. J Biomed Inform.
2014;47:1-10.

LiJ, Sun', Johnson RJ, Sciaky D, Wei C-H, Leaman R, Davis AP, Mattingly
CJ, Wiegers TC, Lu Z. BioCreative V CDR task corpus: a resource for chemi-
cal disease relation extraction. Database. 2016;2016:baw068.

26.

27.

28.

29.

30.

31

32.

33

34.

Page 8 of 8

Morgan AA, Lu Z, Wang X, Cohen AM, Fluck J, Ruch P, Divoli A, Fundel K,
Leaman R, Hakenberg J. Overview of BioCreative Il gene normalization.
Genome Biol. 2008;9(S2):S3.

Uzuner O, South BR, Shen S, DuVall SL. 2010 i2b2/VA challenge on
concepts, assertions, and relations in clinical text. J Am Med Inform Assoc.
2011;18(5):552-6.

Lample G, Ballesteros M, Subramanian S, Kawakami K, Dyer C. Neural
architectures for named entity recognition. In: Proceedings of the 2016
conference of the North American chapter of the association for compu-
tational linguistics: human language technologies. 2016. p. 260-70.

Wang Y, Zhou K, Gachloo M, Xia J. An overview of the active gene anno-
tation corpus and the BioNLP OST 2019 AGAC track tasks. In: Proceedings
of The 5th workshop on BioNLP open shared tasks. 2019. p. 62-71.

Wu'Y, Denny JC, Rosenbloom ST, Miller RA, Giuse DA, Xu H. A compara-
tive study of current clinical natural language processing systems on han-
dling abbreviations in discharge summaries. In: AMIA annual symposium
proceedings. American Medical Informatics Association; 2012. p. 997.
Zeng D, Zhang H, Liu Q. CopyMTL: copy mechanism for joint extraction of
entities and relations with multi-task learning. In: AAAI. 2020. p. 9507-14.
Nayak T, Ng HT. Effective modeling of encoder—-decoder architecture for
joint entity and relation extraction. In: AAAIL 2020. p. 8528-35.

Wei Z, Su J,Wang Y, Tian Y, Chang Y. A novel hierarchical binary tagging
framework for joint extraction of entities and relations. arXiv preprint
arXiv:03227.2019.

Dai Z,Yang Z,Yang Y, Carbonell JG, Le Q, Salakhutdinov R. Transformer-XL:
attentive language models beyond a fixed-length context. In: Proceed-
ings of the 57th annual meeting of the association for computational
linguistics. 2019. p. 2978-88.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

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

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions



http://arxiv.org/abs/05342
http://arxiv.org/abs/05255
http://arxiv.org/abs/11898
http://arxiv.org/abs/03227

	Drug knowledge discovery via multi-task learning and pre-trained models
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Background
	Methods
	Pre-trained language model
	Task 1: trigger words NER
	Task 2: thematic roles identification
	Experimental setup
	Experiment settings

	Results
	Main results
	Ablation study

	Discussion
	Conclusions
	Acknowledgements
	References


