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Abstract. Chemicals are an important class of entities in biomedical re-
search and clinical application. We introduce the tmChem system used to create 
our submissions to the BioCreative IV CHEMDNER Task. tmChem is a chemi-
cal named entity recognizer combining two conditional random fields models 
and several post-processing steps, including abbreviation resolution. We pooled 
the training and development data and randomly split this pool into 6000 ab-
stracts for training and 1000 abstracts for evaluation during development. We 
report micro-averaged performance of 0.8827 f-measure on the CEM task 
(mention-level evaluation) and 0.8745 f-measure on the CDI task (abstract-level 
evaluation). We also report a high-recall variation with micro-averaged recall of 
0.9290 on the CEM task, with the precision of 0.8323. tmChem is available at: 
http://www.ncbi.nlm.nih.gov/CBBresearch/Lu/Demo/tmChem 

Keywords: Chemical named entity recognition; Conditional random fields; 
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1 Introduction 

The effects of chemicals on living systems of every scale make them an 
exceptionally important class of entities for biomedical research and 
clinical application. These effects may be therapeutic (as in drugs), in-
vestigational (as in drug discovery) or entirely unintentional (as in ad-
verse effects or environmental toxicities). While extracting chemical 
mentions from biomedical literature has been attempted previously, the 
task has not yet yielded results approaching those of better-studied enti-
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ty types such as genes and proteins [1 - 3]. This is likely due in part to 
both the great variety of biologically relevant chemical structures and to 
the somewhat different properties chemical mentions exhibit. These 
properties include systematic and semi-systematic methods for describ-
ing chemical structure (e.g. formulas and IUPAC names), whose highly 
compositional nature make it difficult to precisely determine the entity 
boundaries, or even the number of entities present.  

This paper describes our submissions to the CHEMDNER task at Bi-
oCreative IV, a named entity recognition task for chemicals, using the 
tmChem system. We participated in the CEM (Chemical Entity Men-
tion) subtask, which evaluates performance at the mention level, and 
also the CDI (Chemical Document Indexing) subtask, which evaluates 
performance at the abstract level. For a complete description of the 
task, we refer the reader to the task overview [4]. 

2 Methods 

Many successful named entity recognition systems have improved per-
formance by exploiting the complementary strengths of multiple mod-
els [2]. The tmChem system combines two linear chain conditional 
random fields (CRF) models employing different tokenizations and 
feature sets. Model 1 is an adaptation of the BANNER named entity 
recognizer to chemicals [5]. Model 2 was created using CRF++ [6] by 
repurposing part of the tmVar system for locating genetic variants [7]. 
Both models also employ multiple post processing steps. We then use 
several strategies to combine the output of the two models into the dif-
ferent runs submitted to the CHEMDNER task. 

2.1 CRF Model 1 

Model 1 is an adaptation of BANNER [5], which is built on the 
MALLET toolkit [8], to chemical entities. We used the IOB label set 
ZLWK�RQO\�RQH�HQWLW\�ODEHO��³&+(0,&$/´� and a CRF order of 1. We 
employ a finer tokenization than normally used with BANNER, break-
ing tokens not only at white space and punctuation but also between 
letters and digits and also between lower case letters followed by an 
uppercase letter. 

The feature set combines the feature set typically used in BANNER 
(including individual tokens, lemmas, part of speech, word shapes, 
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character n-grams of length 2 to 3 and others) with the following addi-
tional features: 

1. Character n-grams of length 4: Recognizing that chemicals are rich in
semantically meaningful morphemes, we added character n-grams of
length 4.

2. ChemSpot: The output of the ChemSpot system is used as a feature
[1], providing functionality similar to a lexicon but with increased
flexibility.

3. Chemical elements: We use patterns to recognize element symbols
�³7F´��DQG�element names �³7HFKQHWLXP´��

4. Amino acids: We also use patterns to recognize amino acid names
and both 3-character and 1-character amino acid abbreviations.

5. Chemical formulas: We use a pattern to identify tokens consisting of
a sequence RI�HOHPHQW�V\PEROV��VXFK�DV�³)&+�´�WKH�ILUVW�WRNHQ�LQ�WKH
IRUPXOD�³)&+�&+�1��´

6. Amino acid sequences: Finally, we used a pattern to recognize se-
quences of amino acids such as ³3KH-Cys-Tyr,́  which crosses multi-
ple tokens.

Conditional random field models are typically used to infer the single
most probable sequence of labels for a given input, the joint probability 
[9]. While most of our experiments exclusively use joint probability, 
we also found it useful to determine the marginal probability ± the 
probability that each individual mention was correct ± to provide confi-
dence values for the CDI task and to improve recall. However the 
MALLET implementation of marginal probability only provides the 
marginal probability of each label. We therefore approximate the mar-
ginal probability of each mention using n-best inference, which deter-
mines the n label sequences with the highest joint probability [10]. We 
find the set of mentions present in the n=20 label sequences with the 
highest joint probability, and then consider the marginal probability of 
each mention to be the sum of the joint probabilities of the label se-
quences where the mention appears.  

2.2 CRF Model 2 

We developed a second CRF model using the CRF++ library [6] by 
repurposing part of the tmVar system for locating genetic variants [7]. 
This model also uses the IOB label set, but uses an order 2 model and 
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the same tokenization as tmVar. Specifically, tokens are separated at 
whitespace and punctuation, digits, lowercase letters and uppercase 
letters are divided into separate tokens. This model also uses signifi-
cantly different features than Model 1, as described below:  

1. General linguistic features: We included the original token and stems
using the Porter stemmer. We also extracted the prefixes and suffixes
(length: 1 to 5) as features.

2. Character features: ,83$&�PHQWLRQV��H�J���³�-(4,5-dimethyl-thiazol-
2-yl)-2-5-diphenyltetrazolium-EURPLGH´�� LQFOXGH� PDQ\� GLJLWV� DQG
non-alphanumeric characters. For each token we therefore calculated
several statistics as its features, including the number of characters,
number of digits and number of uppercase and lowercase letters.

3. Semantic features: We defined several binary features representing
characteristics specific to chemicals, including suffixes �H�J��³-yl,´ ³-
oyl,´� ³-one,́  ³-ate,́  ³acid,́  etc.), alNDQH� VWHPV� �H�J�� ³meth,́  ³eth,́
³proṕ  and ³WHWUDFRV´�� trivial rings �H�J�� ³benzene,́ ³pyridiné  and
³toluené � and simple multiplierV��³di,´ ³tri´ DQG�³tetrá �

4. Chemical elements: hydrogen, lithium, beryllium, boron, carbon, etc.
5. Case pattern features: We applied the case pattern features from

tmVar [7]. Each token is represented in a simplified form. Upper
case alphabetic characters are replacHG�E\�µ$¶�DQG�ORZHU�FDVH�FKDUac-
ters are UHSODFHG� E\� µD¶�� /LNHZLVH, digits (0-9) are UHSODFHG� E\� µ�¶�
Moreover, we also merged consecutive letters and numbers and gen-
HUDWHG�DGGLWLRQDO�VLQJOH�OHWWHU�µD¶�DQG�QXPEHU�µ�¶�DV�IHDWXUHV�

6. Contextual features: We included the general linguistic and semantic
features of three tokens from each side as context. This is larger than
for Model 1, which uses only two tokens on each side.

Note that the different tokenization causes even the features which 
Models 1 and 2 share to be expressed differently.  

2.3 Post-processing methods 

We employed several post-processing steps, which varied slightly be-
tween Models 1 and 2. These steps include enforcing tagging con-
sistency, abbreviation resolution, boundary revision to balance paren-
thesis, and recognizing identifiers.  

 We improved consistency ± and significantly improved recall ± by 
tagging all instances of a specific character sequence as chemicals if 
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that sequence was tagged by the CRF model at least twice within an 
abstract. This module was only used by Model 1.  

We used the Ab3P tool to find local abbreviation definitions, such as 
³DOORSUHJQDQRlone (AP)́ � [11]. In both models, if the long form was 
tagged by the CRF model, then all instances of the abbreviation would 
be tagged in the result. Model 2 employed two additional rules. First, if 
both the abbreviation and long form mention were tagged by the CRF 
model, then all mentions of the long form would be tagged. Second, if 
the long form mention was not tagged, then mentions matching the ab-
breviation were removed.  

We attempt to balance each mention with respect to parenthesis, 
square brackets and curly brackets (braces) by adding or removing one 
character to the right or left of the mention. If no variant results in bal-
anced parenthesis, we simply drop the mention. This module is used by 
both Model 1 and 2. 

We created a lexicon of chemical identifiers from the CTD database 
(http://ctdbase.org/) by extracting the chemical names consisting of 2 to 
5 letters, followed by at least two digits. We apply these as patterns, 
allowing the characters between the letter and digit blocks to vary. For 
example, the lexicon name ³16&-������´�EHFRPHV�the regular expres-
sion ³16&>\-\B�@^���`������´� This module is also used by both Model 
1 and 2. 

2.4 Converting CEM results to CDI results 

Our CEM runs used a fixed confidence of 0.5 for all mentions, but use-
ful ranking in the CDI task required more informative values. We used 
n-best decoding in Model 1 to calculate the marginal probability for 
each mention; Model 2 does not implement n-best decoding, and in-
stead uses a small fixed probability. We calculate the probability that 
the mention appears at least once in the abstract as one minus the prob-
ability that all instances of the mention are wrong, making use of an 
assumption that each mention is independent. That is, LÔ:P;, the proba-
bility that a given chemical mention text P appears in an abstract, given 
that that the text was found in the abstract as a mention J times, with 
mention-level probabilities L5

à:P; through :P;: 

:P; Ñks :P;o 
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This calculation naturally combines the probability that the mention 
appears with its frequency within the abstract. 

2.5 Model combinations 

Each of our submitted runs 1 ± 5 used a different strategy for combin-
ing results; each of the 5 strategies was then used to prepare both the 
CEM and CDI submission. Run 1 was the output of Model 1 and its 
post-processing steps. Run 2 was the same for Model 2. Run 3 com-
bined the results of Model 1 and 2, intending to maximize recall while 
reducing precision only a moderate amount. Run 4 used the Model 1 
results, but replaced short mentions (length 5 to 15), with the corre-
sponding result from Model 2. Run 5 combined Run 3 with the men-
tions returned by n-best decoding in Model 1 with at least a marginal 
probability of 0.10, with the intention of providing even higher recall. 

3 Results 

We pooled the training and development data and randomly split this 
pool into 6000 abstracts for training and 1000 abstracts for evaluation 
during development. We report in Table 1 and Table 2 the results of 
training Models 1 and 2 on our training split, preparing Runs 1 through 
5 as submitted, and evaluating on our development split. Results for 
each run are shown in Table 1. Results of training Models 1 and 2 on 
the training and development sets, then testing on the test set are found 
in the CHEMDNER task overview [4].  

Table 1. Micro-averaged CEM results for each run on our internal development set, as 
measured by precision (P), recall (R) and f-measure (F). The highest value is shown in bold. 

Run P / R / F 
Run 1 0.8773 / 0.8758 / 0.8766 
Run 2 0.8781 / 0.8634 / 0.8707 
Run 3 0.8323 / 0.9290 / 0.8780 
Run 4 0.8659 / 0.9002 / 0.8827 
Run 5 0.7651 / 0.9290 / 0.8391 
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Table 2. Macro-averaged CEM results for each run on our internal development set, as 
measured by precision (P), recall (R) and f-measure (F). The highest value is shown in bold. 

Run P / R / F 
Run 1 0.8702 / 0.8799 / 0.8615 
Run 2 0.8681 / 0.8750 / 0.8589 
Run 3 0.8359 / 0.9338 / 0.8682 
Run 4 0.8590 / 0.9063 / 0.8691 
Run 5 0.7619 / 0.9386 / 0.8207 

Table 3. Micro-averaged CDI results for each run on our internal development set, as measured 
by precision (P), recall (R), f-measure (F) and average precision (AP). The highest value is 
shown in bold. 

Run P / R / F AP 
Run 1 0.8732 / 0.8664 / 0.8698 0.7903 
Run 2 0.8572 / 0.8806 / 0.8687 0.7727 
Run 3 0.8138 / 0.9270 / 0.8667 0.8220 
Run 4 0.8565 / 0.8934 / 0.8745 0.8077 
Run 5 0.7422 / 0.9270 / 0.8244 0.7923 

Table 4. Macro-averaged CDI results for each run on our internal development set, as 
measured by precision (P), recall (R), f-measure (F) and average precision (AP). The highest 
value is shown in bold. 

Run P / R / F AP 
Run 1 0.8714 / 0.8837 / 0.8667 0.8098 
Run 2 0.8581 / 0.8941 / 0.8643 0.7909 
Run 3 0.8260 / 0.9373 / 0.8661 0.8484 
Run 4 0.8561 / 0.9098 / 0.8713 0.8322 
Run 5 0.7487 / 0.9413 / 0.8169 0.8315 

4 Conclusion 

We found our approach of combining multiple CRF models and post-
processing to be effective overall. The models used different tokeniza-
tions, feature sets, CRF implementations and some differences in post 
processing. Applying different tokenizations may be particularly ap-
propriate for chemicals, since their tokenization is known to be diffi-
cult. Unfortunately, combining the results of multiple models incurs 
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some inconvenience for practical use. We are currently working to in-
tegrate those parts of the two models which can be harmonized and to 
fully automate the process of combining the model results. 

It is interesting to note that we are now able to report performance 
for chemicals competitive with (or even greater than) the performance 
typically reported for genes and proteins. Moreover, we believe that 
additional performance improvements are likely, given the short devel-
opment time allowed for the task. 
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