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Abstract. In this paper, a hybrid system was proposed for chemical entity mention recognition (CEMP) and gene/protein related object recognition (GPRO) in
BeCalm challenge. Firstly, five individual machine learning-based subsystems
were developed to identify chemical and gene/protein related entity mentions,
that is, a bidirectional LSTM (long-short term memory, a variant of recurrent
neural network)-based subsystem without any manually-crafted feature, a bidirectional LSTM-based subsystem with some manually-crafted features, a bidirectional LSTM-based subsystem with orthographic features learning, a CRF
(conditional random field)-based subsystem and a SSVM (structured support
vector machine)-based subsystem. Then, an ensemble learning-based classifier
was deployed to combine all the results predicted by above individual subsystems. Evaluation on the official test set showed that the best F1-scores achieved
by our system are 90.37% on CEMP, 76.34% on CPRO type 1 respectively.
Keywords. Chemical entity mention recognition; gene and protein related
object recognition; sequence labeling problem; conditional random fields;
recurrent neural network; ensemble learning
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Introduction

Chemical patents contain a wealth of chemical and biochemical
knowledge, such as chemical compounds, genes and proteins. The BioCreative V challenge [1] has aimed to evaluate and encourage the development of tools to extract these information from patents. To enable
a more robust evaluation platform (Biomedical Annotation Metaserver,
BeCalm), the BioCreative V.5. BeCalm. challenge also was organized
*
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with three tasks: CEMP (Chemical Entity Mention recognition), GPRO
(Gene and Protein Related Object recognition), and TIPS (Technical
interoperability and performance of annotation servers). We participated in the CEMP and GPRO tasks, and developed a hybrid system based
on five individual entity recognition methods.
2

Methods

Dataset
The BeCalm challenge organizers provided total 30,000 manually annotated patents for the CEMP and GPRO tasks, 21,000 out of which are
used as a training set and the remaining 9,000 as a test set. In the training set, 99,632 chemical entity mentions and 17,751 gene/protein related objects were annotated. Table 1 shows the numbers of instances of
each type in both CEMP and GPRO tasks.
Table 1. Numbers of instances of each type in CEMP and GPRO tasks.
CEMP
Type

GPRO
Number

Type 1

Number

FAMILY

36,238 ABBREVIATION

7,543

SYSTEMATIC

28,580 FAMILY

5,030

TRIVIAL

25,927 FULL_NAME

4,842

FORMULA

6,818 MULTIPLE

ABBREVIATION

1,373 NESTED

178
89

MULTIPLE

418 NO_CLASS

45

IDENTIFIER

278 SEQUENCE

23

IDENTIFIER

1

Total

99,632 Total

17,751

Overview of system
Our system, as shown in Figure 1, consists of seven components: a tokenization module, five individual modules for chemical and
gene/protein entity mention recognition respectively, and an ensemble
module to combine all results of above individual modules. Given a
record with title and abstract, the tokenization module first split each
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CRF&SSVM-based methods
As our previous work [2], we proposed a CRF-based and a SSVMbased methods for the recognition of chemical and gene/protein entity
mentions with above tokenization module. The same set of features
were used in both these methods, which are listed in Table 2. We use
“CRFsuite” [3] as the implementation of CRFs, and “hmm-svm” [4] as
the implementation of SSVM.
Table 2. The features used in our CRF&SSVM-based methods.
Feature
Bag-of-words
Part-of-speech
(POS) tags
Combinations
of
words and POSs
Sentence features

Semantic features

Description
The unigrams, bigrams and trigrams of words within a
window of [-2, 2].
The POS unigrams, bigrams and trigrams within a window
of [-2, 2]. We use GENIA tagger for the POS tagging.
{w0p-1, w0p0, w0p1, w0p-1p0, w0p0p1, w0p-1p1, w0p-1p0p1},
where w0 denotes the current word, and p-1, p0 and p1 denote the last, current and next POS tags respectively.
The number of words in the sentence, whether there is an
end mark at the end of the sentence such as ‘.’, ‘?’ and ‘!’,
whether there is any bracket unmatched in the sentence.
Whether the current token contains alkane stems (e.g.
“meth,” “eth”, “prop” and “tetracos”), trivial rings (e.g.
“benzene”, “pyridine” and “toluene”), and simple multipliers (“di”, “tri” and “tetra”), as mentioned in []

Affixes

All prefixes and suffixes of length from 1 to 5.

Section features

Which section the token belongs to, title or abstract?

Word Shapes
Orthographical
features
Domain knowledge
Character features
Character n-grams

Any or consecutive uppercase character(s), lowercase
character(s), digit (s) and other character(s) in the current
word is/are replaced by ‘A’, ‘a’, ‘#’ and ‘-’ respectively.
Whether the word is upper case, has uppercase characters
inside, has punctuation marks inside, has digit inside, the
word is Roman or Arabic number, etc.
Whether the current token contains any prefix/suffix of
chemical compounds, drugs, proteins, etc.
Number of characters, number of digits, number of uppercase and lowercase letters and number of lowercase letters.
Character n-grams of length from 2 to 4.
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Bidirectional LSTM method
A bidirectional LSTM, which has been successfully applied in several
sequence labeling tasks [5-7], was deployed for the CEMP and GPRO
tasks. It contains three main layers: 1) input layer, which generates the
representation of each word in a sentence, and contains two parts: character-level representation and token-level representation; 2) LSTM layer, which includes a forward LSTM and a backward LSTM, takes the
word representation sequence of a sentence as input, and outputs a new
word representation sequence that captures the context information of
each word in this sentence; 3) inference layer, which captures the dependencies between successive labels by keeping a label transition matrix, and predicts the best label sequences with correct structures. The
architecture of our BI-LSTM is same as Lample’s (2016) [6] for name
entity recognition.
Bidirectional LSTM with Feature
In order to incorporate some significant features, we extended the
above BI-LSTM model by adding a hidden layer after the LSTM layer
[7, 8], which concatenates the word representations generated by
LSTM layer and the feature representations together. The features used
in the BI-LSTM with feature model are: POS tags, sentence features,
semantic features, section information, and domain knowledge features,
which are same as the features used in the CRF-based method.
Bidirectional LSTM with Orthographic features learning
To further capture the orthographic information of tokens, we extended
the inputs of our BI-LSTM model refer to [9]. Firstly, the orthographic
feature of each token was generated by mapping any uppercase character, lowercase character, digit and other character in the word to ‘A’,
‘a’, ‘#’ and ‘-’ respectively. For example, the orthographic feature of
“1-6C-alkyl” is “#-#A-aaaaa”. Then, as the word representations, we
also generated the token-level and character-level representations of
orthographic features, and concatenated them with the word representations together as the inputs of our BI-LSTM model.
Ensemble Learning Method
To take full advantages of above individual methods, we used an ensemble learning method [10], support vector machine, to merge all results of them. The goal of the ensemble learning method is to determine
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whether a predicted CEMP/GPRO instance is a true instance, and the
features used in this method includes
- Whether the text spans of a instance exactly match with others?
- Whether the text spans of a instance exactly match with others of
the same type?
- Whether the text spans of a instance partially match with others?
- Whether the text spans of a instance partially match with others of
the same type?
- Whether a instance contains a conjunction or preposition?
- Which methods have predicted current instance?
- How many times a instance was predicted?
- How many times the span of a instance was predicted?
- The number of tokens in a instances.
- How many times a instance was predicted in same patent?
3

Results

In the BeCalm challenge, we were allowed to submit five runs for
CEMP and GPRO tasks respectively. The results of these different runs
we submit are listed in Table 3, where “Ensemble-RNN” means combining the results of three RNN-based methods, and “Ensemble-ALL”
combines the results of all five methods. The best micro F1-scores
achieved by our system are 90.37% on CEMP, 76.34% on CPRO type
1 respectively.
Table 3. The results of our systems for both CEMP and GPRO tasks.
CEMP

GPRO type 1

Run
Pre.

Rec.

F1

Pre.

Rec.

F1

BI-LSTM

88.97

91.82

90.37

75.23

77.49

76.34

BI-LSTM with feature

88.70

91.28

89.97

79.64

65.89

72.12

BI-LSTM with orthographic

88.91

91.28

90.08

78.25

70.32

74.07

Ensemble-RNN

91.25

88.02

89.60

83.50

60.30

70.03

Ensemble-ALL

91.42

88.56

89.97

83.38

66.38

73.92
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