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Abstract. Following the interest taken into Name Entity Recognition in 

academic literature in the Gene Mention recognition task of BioCreative I and 

II, the BioCreative IV hopes to make the implementation of the system in the 

field of detecting mentions of chemical compounds and drugs. Considering that 

the machine learning methods have obtained great success in the correct 

identification of gene and protein names, and dictionary lookups also have the 

power to recognize the variable naming convention of chemical and drug names, 

we combine the above approaches by regarding dictionary results as features to 

help machine learning. Our system is based on Conditional Random Fields 

(CRF). 

Keywords: Name Entity Recognition, Machine Learning, Dictionary Lookup, 

Conditional Random Fields 

1  Introduction 

With the rapid development of the digital information, biomedical literatures have 

been in explosive growth, making it very difficult to retrieve the desired informat-

ion. Considering that the number of publicly accessible chemical compound reco-

gnition systems is very limited, Track 2 named as CHEMDNER Task in BioCrea-

tive IV, tries to improve automatic annotations by the chemical entity recognition 

from unstructured data, including scientific articles, patents or health agency rep-

orts.  

The current identification methods are mainly divided into three categories: 
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rule-based method, dictionary-based method and statistical machine learning me-

thod.  

x Rule-based method recognizes the entities by analyzing corpus, making rules,

and then employing these rules to identify biomedical entities.  Rule-based

approach can achieve a higher accuracy rate, but with low robustness.

x Dictionary-based method mainly focuses on the dictionary matching, usually in

two ways: complete matches and partial matches. For example, Kristina [1] co-

llected information from UMLS, Mesh, etc, constructing a dictionary by rule-

based term filtering and manual checking, which performed better than ch-

emical recognizer OSCAR3 [2] did.

x Statistical machine learning method has been currently the most widely used.

Machine learning method generally builds a model from standard annotated

training datasets which usually take tremendous human efforts to make, and

employs the model in automatically annotating unlabeled datasets. For

example, Peter [3] adapted Maximum Entropy Markov Models to recognize

chemical names, with 80.7% F-score from chemistry papers and 83.2% F-score

from PubMed abstracts. Roman [6] applied CRF to find mentions of IUPAC

and IUPAC-like names in scientific text, achieving F-score as 85.6% on the

MEDLINE corpus.

However, the traditional machine learning methods tend to be data-driven and

application domain-oriented and are badly suffered from noise. Our system com-

bines the statistical machine learning method (CRF) with the dictionary-based 

method by taking the advantage of dictionary-based features to improve the effe-

ctiveness of CRF. 

2 Our Methods 

2.1 Word Feature extraction 

The word features [4] in our approach are described as follows: 

x Word: Original word and its context.

x Stemmed word: We use Genia-Tagger for stemming.

x POS: Part-of-speech tag of each word is also obtained by Genia-Tagger.

x Word Shape: Word shape of the term. To get the word shape of each word,

capitalized characters are replaced by ‘A’, non-capitalized characters are

replaced by ‘a’, digits are replaced by ‘0’, and non-English characters are

unaltered.

x Brief word shape: We shorten consecutive strings appearing in each word

shape to one character to get the brief word shape for each word. For example,

aldehyde is shortened as ‘x’, while (3Z, 6E)-1-N-methyl-3-benzy is

‘_0X_0X_0_X_x_0_x’.

x Morphological feature I: Number of specific characters. We count the number
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of specific characters divided into three categories. Given the word, firstly, we 

count the digitals; next, we count the brackets and the square brackets; finally, 

we count the connector. For example, (l)-AP4 will be marked as ‘221’, (S)-3, 

4-dicarboxyphenylglycine as ‘222’. 

x Morphological feature II: The first letter of the word. The word will fall into

five categories: Digital_B, Lower_B, Capital_B, Symbol_B, and Other_B,

meaning that it begins with a number, a lower letter, a capital letter, a symbol,

or others.

x Prefix & Suffix: 2-g and 4-g prefix and suffix of the current word. For example,

“(l)-AP4”: the 2-g prefix and suffix feature are respectively “(1” and “p4”.

x Word length: The length of the word can be classified as: lens:1-5, lens:6-10,

lens:11-15, lens:16-20, lens:21-30, lens:31-40, lens:41-50, lens:50+.

x Boundary word feature: A boundary word here is defined as the word that

appears at the end of a chemical entity. A boundary word list is automatically

generated with boundary words which occur more than once in the training

data.

2.2  Dictionary Features  

The form that a term appears in the test datasets may be very similar to that annot-

ated in the training datasets. Similarity comparison is helpful for discovering so-

me undefined chemical entities. Moreover, if an entity contains a functional group, 

like Methyl, Hydroxyl, Benzene, it is very likely to be a chemical compound or a 

drug name.  

We make a small ‘fullname-dictionary’ from the training and development da-

tasets. On this basis, we extract some fragments of the chemical compound and 

drug names in the fullname-dictionary, that is,  the substrings, whose lengths are 

larger than 4, will be recorded in another dictionary called ‘fragment-dictionary’. 

In short, we construct two dictionaries: fullname-dictionary and fragment-

dictionary. 

The dictionary features used in the task are described as follows: 

x Functional fragment: Whether the current word contains one entry defined in

fragment-dictionary. If it consists of more than one entry, it will be marked as

“Dict: Y”, or marked as “Dict: N”.

x Similarity comparison: Calculating the similarities between the current word

and the entries in the fullname-dictionary, and grading according to the max-

imum of the similarities, resulting as “sim:>0.9, sim:<0.8, sim:<0.7, sim:<0.6,

sim:<0.5”. Moreover, stop words will be marked as “sim: <0.5”. Similarity

computing in our system is described in Fig.1.

2.3 Train&Test in CRF++ 

The training and development datasets in this task are processed as Training Input 
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for CRF++, with ‘BIOWE’ label, while the test dataset is processed as Testing 

Input for CRF++. The prior probability and posterior probability will be used to 

calculate the score for ranking in the submitting document. 

Fig. 1. Similarity computation between the current word and entries in the fullname-dictionary 

with the Jaro Winkler Algorithm. 

2.4 Post-processing 

The chemical named entities derived from the results that CRF++ outputs may 

contain additional characters that do not belong to canonical names [5]. We apply 

simple rules to handle it. 

x Remove wrapping brackets. For example, (PLGA) Æ PLGA; 'endocoid' Æ

endocoid.

x Remove symbols appearing at the end. For example, C- Æ C; £-eudesmol:

Similarity computing measure is based on the JaroWinkler distance. 

JaroWinkler distance is a measure of similarity between two strings: 
current word (CurrentW) and entry, which is a variant of the Jaro distance 

metric. The Jaro measure between CurrentW and entry is defined as: 
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Where CurrentW is the current word in an abstract, entry is a term in the 

‘fullname-dictionary’, For a character ai in CurrentW, ai is shared with 

entry if there is bj in entry such that bj=ai with i-H�j�i+H, where H= 

min( CurrentW , entry )/2. CurrentW’
 is the sequence of the characters 

in CurrentW word which are shared with entry (in the same order as they 

appear in CurrentW). entry’
 is defined analogously. CurrentW  and entry

represent the length of current word and entry respectively. 'CurrentW

and 'entry  are defined similarly. '' ,entryCurrentW
T  is half the number of 

character positions at which the character from CurrentW’ and the one from 
entry’

 are different. Let P0 be the number of common prefix characters 

between CurrentW and entry. 
The JaroWinkler measure is: 

°̄

°
®



!�u�

d

 
thresholdJaroJaro

P
Jaro

thresholdJaroJaro
entryCurrentWrJaroWinkle

),1(
10

,

),(

Where P=max(P0,4), Jaro=Jaro(CurrentW,entry). 
We set the threshold as 0.7. 
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Æ£-eudesmol. 

x Remove the following substrings appearing at the end: -terminal, -dependent, -

binding, -rich, -based, -transferase, -liver, -resistant. For example, cAMP-

dependent ÆcAMP. 

2.5 Ranking results 

The confidence score for ranking in our system is calculated as Formula (1): 

posteriorProbability
ConfidenceScore

priorProbability
  (1) 

Where  priorProbability and posteriorProbability can be obtained from CRF 

model.  

3 Experiments and Results 

Both CEM and CDI subtasks have been completed in our system and the 

experiments have been conducted on the development dataset, trained on the 

training dataset. Each collection contains 3500 PUBCHEM annotated abstracts.  

Our system employs the same strategies in CEM and CDI tasks and the 

corresponding results on test dataset in five versions have been uploaded using 

the following different training strategies: 

x Strategy1: CRF, trained without ‘Boundary word feature’. All features men-

tioned in this article, except ‘Boundary word feature’.

x Strategy2:  Applying a rule (RecallRule) to the.results of Strategy1. RecallRule:
if a term exists in the Chemistry Periodic Table, and its POS is tagged as a

noun, it is regarded as a chemical entity.

x Strategy3: Staged CRF, trained without ‘Boundary word feature’. Training

dataset is divided into ten parts equally and every part is marked as Traini (�0i

0�). The model generated by Staged CRF is described in Fig.2.

x Strategy4: Applying the rule RecallRule to the results of Strategy3.

x Strategy5: CRF, trained with all features.

The results on the development dataset using the above five strategies are sho-

wn in Table.1. 

The results on the test results will be published together with the overviews [7],

available in the same proceedings. 

4 System Availability 

We are making effort to let our approach publicly available though our system is 

now unavailable by remote access yet. 
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Fig. 2. Steps of the Staged CRF 

Table 1. Results on the development dataset using five strategies 

Strategy Precision(%) Recall (%) F-score (%) 

1 CDI 69.42 65.58 67.45

1 CEM 65.17 53.32 58.65

2 CDI 72.84 68.53 70.62

2 CEM 71.02 57.83 63.75

3 CDI 70.18 65.95 68.00

3 CEM 65.47 53.47 58.86

4 CDI 72.93 68.90 70.77

4 CEM 72.48 57.48 64.11

5 CDI 82.72 72.45 77.50

5 CEM 72.48 57.48 64.12
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Build a modeli on train0. 

Output: modeli

���

Proceedings of the fourth BioCreative challenge evaluation workshop, vol. 2



5. Corbett, P., Batchelor, C., Teufel, S. Annotation of Chemical Named Entities. In:

Proceedings of the Workshop on BioNLP 2007: Biological, Translational, and Clinical

Language Processing. Association for Computational Linguistics, 57-64(2007)

6. Klinger, R., Kolá�ik, C., Fluck, J., et al. Detection of IUPAC and IUPAC-like Chemical

Names. Bioinformatics, vol 24, 268-276(2008)

7. Krallinger, M., Rabal, O., Leitner, F., Vazquez, M., Oyarzabal, J., Valencia, A.: Overview

of the Chemical Compound and Drug Name Recognition (CHEMDNER) Task. In:

Proceedings of the fourth BioCreative challenge evaluation workshop, vol 2(2013)

���

BioCreative IV - CHEMDNER track


