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Abstract. Exploration of the chemical patent space is essential for early-stage
medicinal chemistry activities. The BioCreative CHEMDNER-patents task focuses on the recognition of chemical compounds in patents. This includes
recognition of chemical named entities in patents (CEMP), classification of
chemical-related patent titles and abstracts (CPD), and recognition of genes and
proteins in patent abstracts (GPRO). In this study we tackled the CEMP and
CPD tasks. We investigated an ensemble system where a dictionary-based approach is combined with a machine-learning approach to extract compounds
from text. For this the performance of several lexical resources was assessed using Peregrine, our open source indexing engine. We combined our dictionarybased results on the patent corpus with the results of tmChem, a CRF-based
chemical recognizer. To improve the performance of tmChem, three additional
feature types where introduced (POS tags, lemmas, and word-vector clusters).
When evaluated on the training data, our final system obtained an F-score of
85.21% for the CEMP task, and an accuracy of 91.53% for the CPD task. On
the test set, our system ranked sixth among 21 teams for CEMP with an F-score
of 86.82%, and second for CPD with an accuracy of 94.23%.
Keywords. Patent mining; Named entity recognition; Chemical databases;
Conditional random fields; Word vectors; Text mining; CHEMDNER-Patents;
CEMP; CPD

1

Introduction

Exploration of the chemical and biological space covered by patents
is essential for early-stage medicinal chemistry activities [1]. Analyzing
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patents can help understand compound prior art, and lead to identification of alternative starting points for chemical research. Typically, patent information is manually extracted [2]. This process is timeconsuming and expensive due to the complexity of chemical patents
(e.g., large size, unstructured, spelling mistakes, and OCR text). Automatic approaches can help to ease this process, but have proven to be
complex and challenging [3]. One of the issues is that they require a
gold-standard corpus for algorithm training and evaluation [4].
The CHEMDNER-patents track 2 challenge in BioCreative V [5] focuses on the extraction of chemical and biological data from medicinal
chemistry patents, and consists of three tasks: CEMP (Chemical Entity
Mention in Patents), focusing on chemical named entity recognition in
patents; CPD (Chemical Passage Detection), focusing on the classification of patent titles and abstracts according to whether they contain
chemical entities; and GPRO (Gene and Protein Related Object), focusing on the recognition of gene and protein mentions in patents.
The Erasmus MC team participated in the CEMP and CPD tasks. For
the CEMP task we used an ensemble approach where dictionary-based
approaches are combined with a machine-learning approach. For the
dictionary-based approach we used Peregrine, our open-source indexing software [6] along with seven lexical resources. For the machinelearning approach we used the tmChem chemical recognizer system
[7], which uses a conditional random field (CRF) classifier to extract
chemical named entities. We improved the performance of tmChem by
including additional features such as lemma, POS tags and word clusters [8]. We applied the same system in the CPD task to classify chemical-related titles and abstracts.
2

Methods

Data
The corpus that the task organizers made available for training consisted of 14,000 manually annotated patent titles and abstracts, divided
into a training and development set of 7,000 patents each [5]. The final
test set contained 40,000 titles and abstracts of which only 7,000 were
annotated. During system development, only the annotations of the
training and development sets were made available to the challenge
participants. To generate the evaluation results we used the BioCreative
evaluation software [9], and focused on micro-averaged recall, preci-

103

Patent mining: combining dictionary-based and machine -learning approaches

sion, and F-score to assess system performance. We also used the
Markyt prediction analysis toolkit [10] to visualize the results.
Pre-processing
The tmChem application could not handle some of the input characters (the tmChem pre-processing step did not remove some of the special characters). Therefore we standardized all input text. For this the
input text consisting of title and abstract was converted into byte arrays
(using Java libraries) and then converted back into UTF-8.
Dictionary-based approach
Peregrine was used to analyze the performance of different lexical
resources. The tool was used with the same settings and tokenizers previously used for the BioCreative CHEMDNER challenge [11].
Lexical resources
We extracted chemical terms from the seven lexical resources:
ChEBI, ChEMBL, DrugBank, HMDB, NPC, TTD, and a subset of
PubChem containing compounds with structure-activity relationships
and/or other biological annotations [1, 11]. Chemical terms were only
extracted if structure information was available [12].
Exclusion list
To improve the precision of the dictionary-based approach we expanded our term exclusion list previously defined for chemical named
entity recognition [11], with exclusion terms mentioned in the CEMP
annotation guidelines. Any term that was in the exclusion list was automatically removed from the output.
Exclusion ratio
To further improve the precision of the dictionary-based approach,
for each term in the training set the ratio of true-positive and falsepositive detections was calculated. Any recognized term in the development set with a ratio lower than 0.3 was disregarded. If the ratio was
not available (the term was not seen in the training set), the term was
not excluded. Before processing the test set, ratios were calculated for
all terms in the combined training and development sets.
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Machine-learning approach
We used the tmChem chemical recognizer system, the best performing system in the previous BioCreative chemical named entity recognition challenge [13]. The tmChem system is an ensemble system that
combines the output of two CRF-based systems. The first system is a
modified version of BANNER, the second approach is based on the
tmVAR system [7]. Previous results of tmChem showed that the performance of the second system outperformed the first and the ensemble
system. Therefore we only used the second system, which employs
CRF++ libraries [14].
Features
Our initial feature set consisted of all features extracted by tmChem,
including stemming, word morphology, prefixes and suffixes, character
counts (digit, uppercase, lowercase), semantic affixes (such as trivial
rings), and chemical elements.
Three additional types of features were calculated and used with
tmChem:
(a) POS tags and lemmatization features
We determined POS tags using the MaxentTagger [15] and lemmas
using BioLemmatizer [16]. For this, the training and development sets
were converted to BioC, an XML format for document annotation [17],
and a pipeline with BioC-compliant tools was set up to generate the
POS tags and lemmas.
(b) Word embedding cluster features
Recent studies have shown that features based on clusters of word
vectors can improve classification performance [8, 18]. We used the
word2vec tool [19] to generate word vectors. The tool uses K-means
clustering to generate clusters of the word vectors. We used the number
of the cluster to which a word belonged as a feature.
We generated separate word clusters during the training and test
phase of the challenge. The training clusters were generated from the
14,000 titles and abstracts in the training and development sets. We
extended these data with 200 full chemical patents used in a previous
study [4]. We experimented with different values of K (300, 500,
1000). The clusters for the test set were generated using all 40,000 abstracts plus the 200 full patents with K = 1000.
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Post-processing
We applied different post-processing steps. For the dictionary-based
approach, we identified all missed terms (false negatives) and reindexed the text for these terms. Only terms with an exclusion ratio of
0.5 were accepted. For the machine-learning approach, the tmChem
post-processing steps were used [7].
The best combination of dictionary-based approach and machinelearning approach was used for the final ensemble system.
Text classification
For the CPD classification task we used the output of the CEMP task.
If a chemical term was recognized in the title or abstract, it was categorized as chemical-related text.
3

Results

Table 1 shows the performance of the dictionary-based approach on
the development set. Use of the exclusion list gives a substantial precision improvement for most dictionaries. PubChem provides the highest
recall and F-score among the individual lexical resources, while
ChEMBL provides the highest precision. The table also shows the performance of several combinations of lexical resources. We previously
used ChEBI-HMDB in BioCreative 4 [11]. In this study, we selected
ChEMBL-DrugBank, the combination with the highest precision.
Table 1: Performance of different dictionaries and dictionary combinations with and without removal of exclusion terms.
Dictionary
ChEBI
ChEMBL
DrugBank
HMDB
NPC
TTD
PubChem

Without exclusion
P
R
F
56.51 29.47 38.74
84.53 20.46 32.94
68.20 17.28 27.58
66.11 29.38 40.68
30.90 44.85 36.59
66.89 14.07 23.24
34.30 47.11 39.69

With exclusion
P
R
F
78.87 28.42 41.79
85.11 19.87 32.22
85.15 16.89 28.19
79.59 28.19 41.63
55.23 30.61 39.39
80.90 13.89 23.71
67.03 45.64 54.30

Combined
ChEBI-HMDB
ChEMBL-DrugBank

30.85 50.32
55.46 36.98
70.51 23.94

53.66 48.59
78.12 35.45
83.02 23.16

38.25
44.37
35.74
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Table 2 shows the performance of the ensemble system trained on
the training corpus and evaluated on the development corpus. We only
present dictionary-based results for the combination of ChEMBL and
DrugBank as they provided the highest F-score on the training data
when combined with the CRF. The best ensemble system obtained an
F-score of 85.21% with a precision of 84.88% and a recall of 85.55%.
Table 2: Performance of the ensemble system trained on the training set
and tested on the development set.
System
Dictionary based (ChEMBL-DrugBank)
+ Exclusion list
+ Term removal (exclusion ratio 0.3)
+ CRF original features
+ Post-processing (CRF)
+ POS + lemmatization features
+ Word cluster features
+ Missed terms (exclusion ratio 0.5)

P
70.51
83.02
88.85
84.96
84.50
84.72
84.88
75.88

R
23.94
23.16
23.09
83.83
84.91
85.09
85.55
88.63

F
35.74
36.21
36.65
84.39
84.70
84.90
85.21
81.76

Using the best ensemble system, for the CPD task we obtained a sensitivity of 95.31%, a specificity of 84.87%, an accuracy of 91.53%, and
a MCC of 81.51%.
On the test set, among the 21 teams that submitted results, our system
obtained the sixth place for CEMP (F-score 86.52%) and the second
place for CPD (accuracy 94.23%, MCC 87.03%).
4

Discussion

Our final system for the CEMP task obtained an F-score of 85.21%
on the development set, with balanced precision and recall. This yielded an accuracy of 91.53% on the CPD task. The decision to include
machine learning approaches was made based on the high performance
of CRF systems in the BioCreative CHEMDNER challenge [13].
The recall of our lexical resources is low, and even a combination of
all dictionaries gives a recall and precision of only 50%. The low recall
can be explained because the majority of systematic chemical terms are
not present in lexical resources. Meanwhile the machine-learning approach provided a much higher precision and recall (86% and 81%,
respectively). In order to maintain the high precision of the ensemble
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system, we used the lexical resources the highest precision (ChEMBL
and DrugBank). This provided us with a system that improves the machine-learning performance, albeit slightly.
Although providing structure information about the recognized
chemicals was not part of the challenge, this information is often important in practical applications. We can readily associate dictionary
terms with structures since we limited our lexical resources to chemical
records with structures (which provides structural information for 23%
of the recognized chemical terms.) For the machine-learning approach,
the mapping of recognized terms to structures is less straightforward,
but part of these terms will be systematic chemical identifiers. These
can also be converted into chemical structures using chemical naming
conversion software [20].
Contrary to our expectation, the inclusion of false-negative terms that
were missed in the training set decreased the performance on the development set. This is mainly caused by new terms for which an exclusion
ratio could not be computed because they have not been found before
due to tokenization issues. We included the missing terms in two of our
rounds. This was done based on the assumption that the exclusion ratio
list will improve when trained on training and development set.
We plan to make the system available as a web service, accessible
through our website [www.biosemantics.org]. Peregrine is available for
download from the same location. The ontologies and the word vector
clusters can be made available upon request.
5
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