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Abstract. One of tasks of the BioCreative IV competition, the CHEMD-
NER task, includes two subtasks: CEM and CDI. We participated in
the later subtask, and developed a CEM recognition system on the ba-
sis of CRF approach and some open-source NLP toolkits. Our system
processing pipeline consists of three major components: pre-processing
(sentence detection, tokenization), recognition (CRF-based approach),
and post-processing (rule-based approach and format conversion).
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1 Introduction

There is an increasing interest to improve information access on chemical com-
pounds and drugs (chemical entities) described in biomedical literature. In order
to achieve this goal, it is very crucial to be able to identify chemical entity men-
tions (CEMs) automatically within text. The recognition of chemical entities
is also crucial for other subsequent text processing tasks, such as detection of
drug-protein interactions [1] and so on.

Though many methods and strategies to recognize chemicals in text have
been proposed, only a very limited number of publicly accessible CEM recog-
nition systems have been released [2]. The implementation of CEM recognition
system was the scope of one of the tasks of the recent BioCreative IV compe-
tition, the CHEMDNER task. The goal of the GEM recognition subtask is to
provide for a given document the start and end indices corresponding to all the
chemical entities mentioned in this document. In our recognition system, instead
of extracting a CEM such as ”(+)-anti-BP-7,8-diol-9,10-epoxide” as a whole, we
regard it as a sequence labeling problem.

⋆ Corresponding author: Tel: +86-10-5888-2074, Fax: +86-10-5888-2427

���



2 Systems Description and Methods

PubMed Abstract Sentence Detection Tokenization CRF-based Approach Format ConversionRule-based Approach Output Results

Post-processingPre-processing Recognition

Fig. 1. The system processing pipeline that includes three major components: pre-
processing (sentence detection, tokenization), recognition (CRF-based approach) and
post-processing (rule-based approach and format conversion).

As shown in Fig. 1, our system first detects sentence boundaries on the
PubMed abstract, and then tokenizes each detected sentence as pre-processing.
Next, our system extracts CEM from text with a CRF approach, followed by
some post-processing steps including a rule-based approach and a format con-
version step. We describe each step in detail in the following subsections.

2.1 Pre-processing: Sentence Detection & Tokenization

A sentence detector can identify if a punctuation character marks the end of
a sentence or not. Here, the OpenNLP1 sentence detector is utilized. However,
sentence boundary identification is challenging because punctuation marks are
often ambiguous [3]. In order to improve further the performance of the sentence
detection, we collected many abbreviations, such as var., sp., cv., syn., etc. from
the training and development set. Then we generated several rules, such as if
current sentence ends with these abbreviations or comma, or next sentence starts
with lower-case letter. In this case, the current and next sentences are merged
into a new one.

A tokenizer divides each obtained sentence above into tokens, which usually
correspond to words, punctuation, numbers, etc. However, to capture individual
components within a CEM, similar to Wei et al. [4], we perform tokenization on
a finer level. Specifically, special characters (e.g., ”(”, ”)”, ”+”, ”-”), numbers,
and Greek symbols are divided as separate tokens. An example is shown in
Table 1. Plural upper-case abbreviations are also separated into two tokens,
such as ”NPs” into ”NP” and ”s”. In fact, before any pre-processing, we also
merge some special characters with the same meaning, such as ”≥” vs. ”≧”, ”∗”
vs. ”*”, etc.

2.2 Recognition: CRF-based Approach

As mentioned in Section 1, we see the CEM recognition problem as a sequence
labeling one (see Table 1). As a type of discriminative undirected probabilistic

1 OpenNLP can be available from http://opennlp.apache.org/index.html.
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model, conditional random fields (CRFs) [5] are often used for labeling or parsing
of sequential data, such as natural language text or biological sequences.

Given token sequence x = (x1, x2, · · · , xN ), CRF defines the conditional
probability distribution Pr(y|x) ∝ exp(wTf(yn, yn−1,x)) of label sequence y =
(y1, y2, · · · , yN). Here, w = (w1, w2, · · · , wM )T is a global feature weight vec-
tor and f(yn, yn−1,x) = (f1(yn, yn−1,x), f2(yn, yn−1,x), · · · , fM (yn, yn−1,x))

T

is a local feature vector function. The weight vector w can be obtained from the
training and development set by a limited-memory BFGS (L-BFGS) [6] method.

Table 1. An example of CEM component labels in an excerpt ”· · · [C(8)mim][PF(6)]
· · ·” in PMID: 23265515.

token · · · [ C ( 8

label O FORMULA-B FORMULA-I FORMULA-I FORMULA-I

token ) min ] [ PF

label FORMULA-I FORMULA-I FORMULA-I FORMULA-I FORMULA-I

token ( 6 ) ] · · ·
label FORMULA-I FORMULA-I FORMULA-I FORMULA-E O

The CHEMDNER task classifies the annotated CEM into one of seven class-
es C = { SYSTEMATIC, IDENTIFIER, FORMULA, TRIVIAL, ABBREVI-
ATION, FAMILY, MULTIPLE }. Like the traditional BIEO labeling models,
which label each token as being the beginning of (B), the inside of (I), the end of
(E) or entirely outside (O) of a span of interest, we designed 22 different labels:
{c−B, c−I, c−E}c∈C and O for all tokens outside a mention (Table 2). In our
system, CRF++2 is adopted for the actual implementation.

Table 2. The 22 different labels for the CEM recognition problem.

B I E O

SYSTEMATIC
√ √ √

IDENTIFIER
√ √ √

FORMULA
√ √ √

TRIVIAL
√ √ √

ABBREVIATION
√ √ √

FAMILY
√ √ √

MULTIPLE
√ √ √

Others
√

2.3 Features for CRF

Our system exploits four different types of features:

2 CRF++ can be available from http://crfpp.googlecode.com/svn/trunk/doc/index.html.
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General linguistic features. Our system includes the original tokens, as well
as stemmed tokens, as features using the Porter’s stemmer from Stanford
CoreNLP3.

Character features. Since many CEMs contains numbers, Greek letters, Ro-
man numbers, amino acids, chemical elements, and special characters, our
system calculates several statistics as features for each token, including its
number of digitals, number of upper- and lower-case letters, number of all
characters and presence or absence of specific characters or Greek letters,
Roman numbers, amino acids, or chemical elements.

Case pattern features. Similar to [4], any upper case alphabetic character is
replaced by ’A’, any lower case one is replaced by ’a’, and any number (0-9)
is replaced by ’0’. Moreover, our system also merge consecutive letters and
numbers and generated additional single letter ’a’ and number ’0’ features.

Contextual features. For each token, our system includes the linguistic fea-
tures of two neighboring tokens from each side.

2.4 Post-processing: Rule-based Approach & Format Conversion

On closer examination, we find that the results of CRF approach include some
false positive CEMs, such as ”25(3), 186-193”, ”1-D, 2-D” and so on. So, we de-
veloped several additional rules to remove them. In addition, our post-processing
step also helps adjust text spans of CEMs, such as adding a missing closing
parenthesis, such as ”[4Fe-4S](2+” into ”[4Fe-4S](2+)”. Finally, we convert the
recognized CEMs into the official format.

3 Experimental Setup

We analyzed the training and development data and found that there are many
nested CEMs in the development set, such as ”polysorbate 80” (offset: 1138
to 1152) and ”polysorbate” (offset: 1138 to 1149) in the abstract of PMID:
23064325. See Table 3 for more examples of CEM pairs. Since CRF++ cannot
identify the nested CEMs, we just omit the less spanned CEMs.

In addition, there may be some annotation errors in the development set,
such as ”morphin” (offset: 977 to 984) vs. ”morphine” in the abstract of P-
MID: 23412114, ”β-aminoketone” (offset: 42 to 45) vs. ”β-aminoketones” in the
title of PMID: 23572392, ”1beta-hydroxysteroid” (offset: 69 to 89) vs. ”11beta-
hydroxysteroid” in the title of PMID: 23414800, ”atty acids” (offset: 278 to 288)
vs. ”fatty acids” in the abstract of PMID: 23411224 and ”[(MnMo(6) O(18)
)((OCH(2) )(3) C-NHC(O)(CH(2) )(x) CH(3) )(2) ])” (offset: 438 to 502) vs.
”[(MnMo(6) O(18) )((OCH(2) )(3) C-NHC(O)(CH(2) )(x) CH(3) )(2) ]” in the
abstract of PMID: 23401298. We also manually corrected these errors before
training our CRF model.

3 Stanford CoreNLP can be available from http://nlp.stanford.edu/software/corenlp.shtml
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In CRF++, there are 4 major parameters (”-a”, ”-c”, ”-f” and ”-p”) to
control the training condition. In our submitted predictions, the parameters ”-
a”, ”-f” and ”-p” are set to CRF-L2, 2 and 4, respectively. The option ”-c”
trades the balance between over-fitting and under-fitting. The predicted results
will significantly be influenced by this parameter. It is better to find an optimal
value by cross validation. But due to time constraints, we just set ”-c” option
to {2−2, 2−1, 20, 2, 22}. Our submitted 5 runs corresponds to different values of
”-c” option.

Table 3. Nested CEM pairs in the development set.

ID PMID T/A
Offset Offset

ID PMID T/A
Offset Offset

Start End Start End Start End Start End
1 23064325 A 1138 1152 1138 1149 22 23567043 A 436 450 444 450
2 23353756 A 12 65 29 65 23 23425199 T 50 66 50 60
3 23425199 T 50 66 61 66 24 23425199 A 56 72 56 66
4 23425199 A 56 72 67 72 25 22313530 A 306 364 307 364
5 23298577 A 365 381 378 381 26 23368735 A 83 103 87 93
6 23368735 A 83 103 97 103 27 23368735 A 108 119 112 114
7 23368735 A 108 119 118 119 28 23229510 A 645 739 646 738
8 23562534 A 944 950 944 946 29 23562534 A 944 950 947 950
9 23288867 A 1625 1641 1625 1632 30 23294378 A 584 604 585 603
10 23500769 A 410 418 410 414 31 23295645 T 0 33 10 33
11 23435367 A 118 133 118 125 32 23435367 A 963 978 963 970
12 22401710 A 688 696 688 691 33 23350627 A 96 111 96 100
13 23350627 A 96 111 101 111 34 23350627 A 117 130 117 121
14 23350627 A 117 130 122 130 35 23453838 A 467 507 469 471
15 23453838 A 467 507 473 475 36 23453838 A 467 507 479 480
16 23453838 A 467 507 482 483 37 23453838 A 467 507 495 502
17 23453838 A 467 507 504 507 38 23453838 A 632 646 634 636
18 23453838 A 632 646 640 641 39 23453838 A 767 782 769 771
19 23453838 A 767 782 773 774 40 23453838 A 767 782 779 782
20 23453838 A 843 847 845 847 41 23453838 A 909 913 911 913
21 23401298 A 438 502 438 501

4 Conclusions

We participated in the CEM subtask of CHEMDNER task and developed a CEM
recognition system. In our system, instead of extracting a CEM as a whole, we
regarded it as a sequence labeling problem. The famous CRF model is utilized to
solve the sequence labeling problem. From our practice and lesson, if we directly
use some open-source NLP toolkits, such as OpenNLP, Stanford CoreNLP, false
positive rate may be very high. It is better to develop some additional rules to
minimize the false positive rate if one don’t want to re-train the related models.
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