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Abstract. A Bi-LSTM based encode/decode mechanism for named entity recognition was studied in this research. In the proposed mechanism,
Bi-LSTM was used for encoding, an Attention method was used in the
intermediate layers, and an unidirectional LSTM was used as decoder
layer. By using element wise product to modify the conventional decoder
layers, the proposed model achieved better F-score, compared with other
three baseline LSTM-based models. For the purpose of algorithm application, a case study of causal gene discovery in terms of disease pathway
enrichment was designed. In addition, the causal gene discovery rate of
our proposed method was compared with another baseline methods. The
result showed that trigger genes detection effectively increase the performance of a text mining system for causal gene discovery.
Keywords: natural language processing · LSTM · encoder/decoder model
· trigger words.
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Introduction

Named Entity Recognition (NER) is to detect mentions that we concerned from
text [1], and NER is generally the first stage for complex natural language processing tasks (NLP). In tradition, most sequence labeling models were linear
statistical models. However, these models usually heavily depended on specific
feature engineering and high-quality labeled data. In recent years, the development of deep learning has broke this limitation dramatically. Performance of
natural language processing tasks, such as machine translation, semantic relation
extraction, automatic summarization, and so on, have successfully outperformed
conventional machine learning methods, and NER tasks are no exception.
Recently, attention mechanism was successfully applied to the machine translation model and achieved state-of-art result in many public data sets [2]. This
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made us recognize the importance of the attention mechanism. In the machine
translation model, query vector was used to perform alignment with each encoding results, which was considered as an effective simulation of human reading
and translating process. This method hinted that the attention mechanism would
also be suitable for the sequence labeling model.
In a cross-disciplinary field of Biomedical Natural Language Processing (BioNLP),
the mainstream text data comes from a huge publication repository PubMED
(https://www.ncbi.nlm.nih.gov/pubmed/), run by U.S national library of medicine
and national institutes of health. The dataset has been increasing dramatically,
and the amount reached 28 million in 2018. PubMED was treated as a useful
resource for Bioinformatics research to curate bio-related knowledge [3, 4]. For
example, 93,096 PubMED abstracts entries were found for pancreatic cancer at
6th, June, 2018, and the amount was still increasing. Since straightforward curation of mass data was hard for knowledge discovery, automatic NER of trigger
words made it possible to increase the relevant entries filtering and knowledge
inference [5–7].
In this paper, we modified the classic encoder/decoder model [8] for NER
of trigger words, incorporated with Bengio’s attention mechanisms [9]. In the
encoding layer we used the usual Bidirectional Long Short Term Memory (BiLSTM) structure to capture the context information. In the decoding layer we
used an unidirectional LSTM. For the LSTM unit, the output of encoding layer
and the result of the attention mechanism were combined in each time step appropriately. Unlike the usual case that these two elements were connected in
a straightforward manner, this is an effective modification taken in our proposed scheme. Actually, an illuminative trick-playing were carried on by replacing concatenation to element-wise product. Henceforth, a Bi-LSTM-AttentionElmentwiseProduct (Bi-LSTM-AEP) algorithm was achieved. By applying this
new model to a manually labeled dataset, the highest F-score was obtained by
the proposed algorithm after comparing to other three baseline popular sequence
labeling methods — two without attention [10, 11], and one with attention [12].
As an application, a bioinformatics case study was carried on by using the proposed trigger word NER algorithm to increase the discovery of causal genes that
affect pancreatic cancer.

2
2.1

Material and Method
Dataset

An under-developed corpus, Active Gene Annotation Corpus (AGAC) [13], was
chosen as the training set in this research. AGAC corpus contained structured
texts with semi-manual annotations, which included five trigger labels containing
the biological concepts from molecular level to cell level, three regulatory labels
representing the mutant directions and two kinds of semantic relations between
trigger words.
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To better understand the trigger word setting in this corpus, a snapshot of
annotation example in PubAnnotation platform [14] for trigger words is shown
at figure 1.

Fig. 1. An example for AGAC

In this work, we focused on 2 trigger labels: Variation and Regulation. Both
of them are important for representing the function of genes, and these trigger
labels were treated as the essential elements to present the causal gene information.
As a typical example shown in Figure 1, a sentence ”The mutation resulted
in a frame shift and premature stop” was annotated. In this annotation manner,
Variation label included the origin causality of all the other biological concept
labels, and Regulation label was the regulatory label which was the center of a
relation. In this sentence, ”mutation”, ”result in”, ”frameshift”, and ”premature
stop”, were all treated as trigger words. Therefore, if a gene co-occurred with the
above trigger words, this gene actually would play a so-called Loss-of-function
role [15] in the molecular level, and that made this gene a causal gene in the
context.
Since the purpose of this research is to compare the Bi-LSTM-AEP with other
popular encode/decode-based mechanisms, AGAC corpus is an acceptable data
resource for training and testing. In addition, it was assumed that trigger words
in AGAC corpus represented the functioning effectiveness of curated genes, and
this assumption made it possible to discriminate causal genes in a mass text
data, i.e., PubMED.
2.2

Word embeddings library

It is widely accepted that the quality of the pre-trained word embeddings is a
key factor for various NLP tasks, including NER [16]. Due to the differences
in writing style and huge variation of terminology in biology, it is still a challenge to make a domain-free word embedding library to suit the biology-related
application [17]. Therefore, a domain-specific word embeddings, BioASQ [18],
was selected as our pre-trained embedding library. BioASQ was trained from a
corpus of 10,876,004 English abstracts of biomedical articles from PubMed and
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contained 1,701,632 distinct words, thus that made it a proper one for embedding
preprocessing in our method.
2.3

General encode/decode framework based on recurrent neural
network, and two LSTM-based baseline methods without
Attention mechanism

As a general encode/decode framework for tackling NER or machine translation
task [8], the input is a sequence of vectors x = (x1 , · · · , xTx ), and output is a
sequence of label vectors or word vector y = y1 , · · · , yTy . For tacking NER, in a
general Encoder-Decoder framework, there is an encoder which reads the input
sentence into a context vector c, and a decoder which predicts the next word yt0
given c and all the previously predicted words {y1 , · · · , yt0 −1 }.
In recent years, the most common approach is to use a recurrent neural
network (RNN) and make decoder represent a probability over y by decomposing
the joint probability into the ordered conditionals,
P ({y1 , · · · , yTy }) =

Ty
Y

P ( yt |{y1 , · · · , yt−1 }, c ),

(1)

t=1

and models each conditional probability as
P (yt |{y1 , · · · , yt−1 }, c) = g(yt−1 , st , c),

(2)

where the context vector c is computed by using information of hidden layer of
RNN, i.e., ht = RN N (xt , ht−1 ).
The reason for using RNN in encode/decode frame work stems from the powerful modeling structure of recurrent network, generally speaking, is that RNN
is regarded as being capable of capturing time dynamics via cycles in the graphs.
Though RNN usually leads to gradient vanishing/exploding problems(Bengio et
al.,1994;Pascanu et al.,2012), some RNN variants perform better in practice, e.g.
LSTM neural network.
LSTM is a set of special Recurrent neural networks, which could especially
capture long-distance dependencies with the appropriate employment of gating
functions at each time step i.e. input gate, forget gate, and output gate. These
tricks are good solutions to the gradient vanishing for conventional RNNs. Formally, the formulas to update an LSTM unit at time t are:


 ii = σ(WEi Exi + Uhi hi−1 + bi )



 fi = σ(WEf Exi + Uhf hi−1 + bf )

zi = tanh(WEz Exi + Uhz hi−1 + bz )
,
 ci = fi ∗ ci−1 + ii ∗ zi



 oi = σ(WEo Exi + Uho hi−1 + bo )


hi = oi ∗ tanh(ci )

(3)
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where σ is the element-wise sigmoid function and * is the element-wise product.Here Exi is the input vector at time i, usually represented by word embedding. hi−1 is the hidden state vector of last time step i−1. WEi , WEf , WEz , WEo
are the weight matrices of different gates for input Exi , and Uhi , Uhf , Uhz , Uho
are the weight matrices for hidden state ht .
2.3.1 Baseline method 1: Bi-LSTM-CRF Model
Bi-LSTM-CRF [10] is a typical neural network model used in sequence labeling tasks. It carried on LSTM training with the data for two times, and the only
difference for each time was that the order of the two times input data was completely reversed, then the results of each LSTM layer were concatenated as an
output of words encoding results. Thus, Bi-LSTM model captured both the past
and the future information respectively. Then, the output vectors of Bi-LSTM
were fed to the CRF layer to jointly decode the best label sequence. This model
has been proved to be reasonable and has achieved state-of-art scores on many
sequence labeling tasks.
2.3.2 Baseline method 2: Bi-LSTM-ED Model
Bi-LSTM-ED [11] is another model used to carry on sequence labeling tasks.
This model still used Bi-LSTM as encoding layers. Being different from other
models, the decode layer in this model was a Variant LSTM. The units of the
decoding LSTM were the same as the encoding LSTM except for the input gate,
which was replaced by

ii = σ(Wii Exi + Uii hi−1 + Vii Ti−1 + bii )
.
(4)
Ti = Wis hi + bis
This model obtained good improvement in several sequence labeling tasks.
2.4

Proposed LSTM and Attention neural network for trigger
words recognition

In this section, Liu’s model [12], a similar structure of Bi-LSTM-Attention [9],
is listed as the 3rd baseline method. Subsequently, we propose an updated encode/decode scheme for NER by using Bi-LSTM and attention mechanism, while
element product is used in decoding layer, and the abbreviation of this structure
is Bi-LSTM-AEP.
In the conventional encode/decode attention-based models, encode layer is a
bidirectional recurrent neural network (Bi-LSTM), which reads the words one by
one in a sentence and then outputs metrics containing the forward and backward
hidden states of each words. Attention mechanism acts as a weight calculator
to change the importance of different inputs by taking both inputs and outputs
into consideration. Decode layer is a unidirectional LSTM.There are many variants about this model. We notice that all of the variants only concerned how
to optimize attention mechanism and design a appropriate score function,for instance, Luong et.al (2015) [19] presented a contend based and location based
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score functions, and Jean et al. (2014) [20] added the target word embedding as
input for the score function.
2.4.1 Baseline method 3: Bi-LSTM-Attention Model
In past few years, Bi-LSTM-Attention model [9] has been widely used in speech
recognition, image caption generation, visual question answering, machine translation and other fields, while few people applied it to sequence labeling tasks. In
2016, Liu [12] converted Bi-LSTM-Attention model into a NER-purposed one,
where si in encoder layer was computed by a GRU unit,
si = GRU (hi , si−1 , ci ),
where the detailed formulas are below:


 si = GRU (hi , si−1 , ci ) = (1 − zi ) ◦ si−1 + zi ◦ s˜i

s˜i = tanh(W hi−1 + U [ri ◦ si−1 ] + Cci )
.
zi = σ(WZ hi + Uz si−1 + Cz ci )



ri = σ(Wr hi + Ur si−1 + Cr ci )

(5)

(6)

2.4.2 Proposed mechanism: Bi-LSTM-AEP neural network
In our work, we also applied Bahdanau et al’s model [9] in NER and sequence
labeling tasks. Here attention mechanism was used to adjust the weight of input
information. As introduced in the above section, the difference of Bi-LSTMAttention model and our proposed model mainly exist at the Decoder-layer, see
equation (6) and (9), where GRU and element-wise LSTM were used separately.
In addition, we focus on how to combine the output of attention mechanism
with the input of decoding layer. Here we propose an element-wise multiplication
rather than conventional weight sum. The structure of the neural network is
shown in Figure 2, while the complete description of the framework is shown as
below, which is a modification of Bi-LSTM-Attention model [9].
Algorithm of Bi-LSTM-AEP:
• Encode layer:
Since we were desired to take both the last word and the next word into
consideration, Bi-LSTM was employed as the encode layer, which contains
a forward LSTM and a backward LSTM. At first, forward LSTM and backward LSTM read the words in a sentence x=(x1 , x2 , ..., xT x ) respectively,
−
→−
→
−−→
←
−←
−
and calculates the hidden states of each word: (h1 ,h2 ,..., hT x ) and (h1 ,h2 ,...,
←−−
hT x ) [9].
Then the forward hidden states and the backward hidden states were com→
−
bined in the third dimension as the annotation for each word: hj = [hj ,
←
−
hj ]. Therefore, annotation hj represents not only the xj itself but also the
context information around it.
• Attention-Mechanism:
After encoding, the input words were transformed to annotation h. If attention mechanism was not taken into consideration, the annotation h for each
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Fig. 2. Architecture of Bi-LSTM-AEP neural network

input words (from h1 to hj ) would be combined directly as a context vector
which contained all the information in the sentence equally, and then the
context vector was one of the inputs to decode layer. However, the importance of each annotation h should be different, so we introduced attention
mechanism to calculate the different weight for each input by scoring to the
alignment of input at position j and output at i [9].
At this part, the inputs is annotation h for each words in the sentence and
the hidden state at last position of output sequence si−1 , and the output is
the context vector after considering the weight for each annotation h. The
formulas of attention mechanism are shown below:

Tx
P

 ci =
aij hj



j=1

exp(eij )
aij = P
,
(7)
Tx


exp(e
)
ik



k=1

eij = VaT tanh(Wa si−1 + Ua hj )
where aij is the weight for different annotation h, ci is the context vector,
and eij is the alignment scores.
• Decode-layer:
The decode layer is a unidirectional LSTM. In previous models, the output
of encode results h = (h1 , h2 ...hi, ...hT x ) and the context vector ci from attention mechanism were added at each time step si = GRU (hi , si−1 , ci )[12].
However, we proposed our decode-layer
si = LST M (hi ∗ ci , si−1 ),

(8)
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where * is the element-wise product. The complete specific formulas are:

ii = σ(Wei [hi ∗ ci ] + Usi si−1 )




fi = σ(Wef [hi ∗ ci ] + Usf si−1 )



zi = tanh(Wez [hi ∗ ci ] + Usz si−1 )
.
(9)
z
ei = fi ∗ zei−1 + ii ∗ zi




oi = σ(Weo [hi ∗ ci ] + Uso si−1 )



si = LST M (hi ∗ ci , si−1 ) = oi tanh(e
zi )
For simplicity, the bias terms were omitted in the above formulas.

3

Experimental settings

The experiments are designed for two purposes: 1) to preliminary evaluate the
significance of the database, which we designed for large-scale biological literature mining; 2) to test the performance of our newly designed model.
In this work, 28 labeled texts were selected from the AGAC data set. BioASQ
was employed as pre-trained embeddings, and the dimension of words vector is
200. The hidden unites of Encode/Decode layer are set as 100. The model is
trained with the RMSProp algorithm.
Precision, recall and F1-measure are taken as the evaluation criteria. The
finally evaluation scores are computed by averaging all tags scores. Weights
in all formulas are randomly initialized as uniform distribution with support
[−0.01, 0.01].
3.1

Models

In order to better evaluate the performance of the proposed models, we compare
it with four different kinds of model. Bi-LSTM-CRF is a usual used model in
sequence labeling tasks, while Bi-LSTM-ED performed better in some tasks.
Besides, Bi-LSTM-Attention was also provided to evaluate the importance of
attention mechanism in such tasks.
3.2

Case study design for trigger words detection in terms of
pancreatic cancer pathway enrichment

In order to evaluate the application of our trigger word detection in mass text.
A case study was performed.
As a target disease, Pancreatic cancer is a disease that attracts much attention in academia. Through keywords searching in the PubMed-wide scale, ninety
hundreds abstracts were downloaded and all of the bio-entities, including gene
mentions,and were retrieved by using Pubtator [21]. By counting the occurrence
of the gene mentions, the rank of active gene related to pancreatic cancer was
obtained. According to a practice of co-occurrence manner, we obtained a knowledge entry rank list for causal gene discrimination in terms of pancreatic cancer.
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In another words, the higher a gene ranked in the list, the higher chance the
gene had to be relevant with the pancreatic cancer.
For the sake of performance evaluation for the application of trigger word
detection in Re-ranking. Gene mentions were filtered by using Bi-LSTM-AEP
Model. Here, a medium-sized training model of AGAC corpus were used to
handle all of the Pancreatic-related PubMED abstracts. Subsequently, trigger
words were detected for each abstract. In the re-ranked gene list, only genes
co-occurred with these trigger words were treated causal and kept in the list.
Thus a new gene list was obtained.
After using trigger words detection, the updated gene rank list were compared with the previous gene rank according its enrichment in pathway. Within
domain knowledge, pathway is a directional map connected genes, proteins and
metabolites, and the pathway enrichment analysis was generally an effective
method to evaluate the accuracy of gene relevance. The design of the case study
was shown in Figure 3.

Fig. 3. A Case study in trigger words detection in terms of pancreatic cancer.

4
4.1

Result
Performance of trigger words extraction algorithm

The experimental results were based on a five-fold cross-validation and three
replicates were performed. Finally, the results of the three experiments were
averaged as the evaluation criteria.
Table 1 showed the results of the four different models: Bi-LSTM-Attention,
Bi-LSTM-AEP, Bi-LSTM-CRF, Bi-LSTM-DE. In these four models, the first
two were ones without attention mechanism, and the latter two were attentionbased. A dramatic improvement in F value was achieved when using the attention
mechanism.
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In model with attention mechanism proposed by Liu [12], the F value is
0.4382. When using the model Bi-LSTM-AEP proposed by us, the F value further improved to 0.4951. As a result,the result showed that our proposed BiLSTM-AEP model outperformed other lSTM-based encoder/decoder models,
and it was most suitable for our tasks.
Method
Precision Recall rate F1-measure
Bi-LSTM-AEP (Ours)
0.7576
0.4171
0.5160
Bi-LSTM-Attention [12] 0.7092
0.3286
0.4368
Bi-LSTM-ED [11]
0.6604
0.3249
0.4263
Bi-LSTM-CRF [10]
0.5849
0.3051
0.3947
Table 1. Experimental results on four different models.

4.2

Case study in PubMED-wide trigger words detection in
Pancreatic cancer

Disease-related pathways are always the focus of attention in disease and drug
research. Here, Kyoto Encyclopedia of Genes and Genomes (KEGG) is an authoritative and commonly used database in biological research. KEGG pathway
database contains a large number of manually curated pathway maps focusing
on intermolecular interaction networks. A biological pathway is a series of molecular actions in a cell, which produces metabolites or generate changes in the cell.
For example, Inactivation of the SMAD4 tumour suppressor gene leads to a loss
of the inhibitory influence of the transforming growth factor-beta (TGF-Beta)
signaling pathway and henceforth promotes the occurrence of cancer.
To compare the accuracy of the above mentioned two methods, Pubtator and
Bi-LSTM-AEP. The result of the comparison is shown in Table 2.

Extracted terms Extracted pathway genes Accuracy
Method 1(Pubtator)
28336
54
0.19%
Method 2(Bi-LSTM-AEP)
11675
52
0.45%
Table 2. The result of the comparison

Due to the rigorousness of KEGG database, the number of pathway genes
in pancreatic cancer is very small compared to the results of text mining. Even
so, Bi-LSTM-AEP extracted 52 key genes out of 11,675 extracted ones, while
the ratio for Pubtator was 54/28,336. The result showed that Bi-LSTM-AEP
narrow down the gene searching scale from 28,336 to 11,675, which is a 58.80 %
reduce in amount, and the target genes remained in the shorter list.
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Fig. 4. Distribution of KEGG Pathway Genes in the Results of Two Methods

It’s noted that the accuracy of both methods were lower than 1 percent,
i.e., 0.19% and 0.45%, respectively. However, the discovery of causal gene was
actually an unsolved challenge. Fortunately, using a better text mining tool was
capable of achieve a higher knowledge discovery rate.
As shown in Figure. 4, in order to explore the distribution of the KEGG
pathway genes in two gene lists, we visualized the causal gene discovery rate by
representing the appearing order of relevant genes. In detail, extracted genes were
sorted by frequency, and the amount of accumulated target genes was marked
with round dot at the corresponding sorted positions of the KEGG genes. In
the figure 4, it clearly showed that the red line is at the top left of the blue one,
which was sufficed to discover more target genes within less amount.
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