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This thesis concerns the application of text mining to the analysis of toxicogenomics data. 
We begin this chapter by introducing toxicogenomics and text mining as disciplines, and 
then we continue with describing work already done in integrating text mining with 
toxicogenomics data analysis methods, and the problems encountered. We then end with 
an outline of the work done in this thesis.  
 

Toxicogenomics 

To predict the toxicity of a compound in humans is essential when assessing the safety of 
a medical drug, a food ingredient or pesticide. Before compound administration to 
humans, toxicity testing is traditionally performed in animal models, where acute toxic 
endpoints such as mortality and behavior, and chronic toxic endpoints such as 
reproduction, long-term survival and growth, can be studied. Such studies are time-
consuming and costly, and not in line with growing emphasis on the 3Rs principle: the 
reduction, replacement and refinement of animal use [1]. As an alternative to animal 
testing, toxicogenomics approaches are being developed. In toxicogenomics, gene and 
protein activity within a particular cell or tissue of an organism in response to toxic 
substances is studied with the aim to predict in vivo effects from in vitro models [2]. One 
important technology in toxicogenomics is the DNA microarray: a collection of 
microscopic DNA spots attached to a solid surface. DNA microarrays are used to measure 
the activity (the expression) of thousands of genes at different time points at once to 
create a global picture of cellular function, for example in response to a treatment. Such 
a global picture of gene expression is called a gene expression profile. The assumption 
that similar gene expression profiles dictate similar physiological responses underlies the 
use of gene expression profiling in toxicogenomics to discern the toxicological properties 
of a chemical entity. It motivates the use of clustering approaches, where chemical 
entities with similar gene expression profiles are grouped together with the aim to define 
chemical classes, and connectivity mapping, which produces a ranked list of compounds 
with a similar gene expression profile to the query compound. Gene expression profiling 
is also used in mechanistic analysis, where the biology behind a toxicological endpoint at 
the genomics level is of interest, and in prediction analysis, where gene signatures that 
can act as early predictors of toxicity are sought. In the following section we will describe 
more closely the areas of class discovery and separation, connectivity mapping, 
mechanistic analysis, and identification of early predictors of toxicity. 
 

Class discovery and separation 

One of the first approaches used to analyze toxicogenomics data was the clustering of 
genes within or between samples based on their expression levels with the aim to group 
compounds with similar toxic mechanisms [3]. However, the study design of a classic 
gene expression experiment in for example cancer biology where tumor samples are 
compared with nontumor samples, is different from a typical toxicogenomics study. In a 
toxicogenomics study, time series and dose-response relationships play a much larger 
role, and the use of several compounds for comparison further complicates the analysis. 
These compounds may have unique or common expression signatures and low-dose 
exposures that may show very small and/or early gene expression changes difficult to 
distinguish from controls. Nevertheless, clustering approaches have been successfully 
used to separate two or more classes of samples according to a particular exposure 
condition or phenotype [4-6]. Other statistical methods that have been used in the area 
of toxicogenomics to perform class separation and/or prediction include analysis of 
variance (ANOVA) and linear discriminant analysis methods [7], t-test [8], linear and 
logistic regressions [9], principal component analysis [10], and support vector machines 
[11]. 
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Connectivity mapping 

Connectivity mapping is performed with the aim to infer toxicity about a new chemical 
entity via chemicals for which the toxicity is already known (Figure 1). A gene expression 
profile is compared to reference gene expression profiles collected in databases such as 
the commercial ToxExpress [12] from GeneLogic, the DrugMatrix [13] database from 
Entelos, and the publicly available Chemical Effects in Biological Systems (CEBS) [14] 
database from the National Institutes of Health in the U.S. Pattern matching techniques 
are used to produce a ranked list of chemical entities with gene expression changes 
similar to the one induced by the query compound (the suspected toxic agent) 
(pioneered in [15]). 
 

 
Figure 1: Connectivity mapping. A gene expression signature of a suspected toxic agent 
is compared to gene expression signatures of known toxic agents. 
 

Mechanistic analysis 

Mechanistic analysis is performed to unravel the biology behind a toxicological endpoint 
at the genomics level, and includes investigating how the differential expression of genes 
affects biological pathways and processes. By describing a pathway or biological process 
as a group of genes and/or gene products, one can test the involvement of the particular 
pathway or biological process in the toxic response to a chemical. If for example the 
toxicological endpoint is hepatotoxicity (liver toxicity) in response to the drug 
acetaminophen, one would expect the biological process named “oxidative stress” to 
appear in the bioinformatic analysis results since that is one of the mechanisms by which 
acetaminophen causes hepatotoxicity [16]. Gene annotation databases such as the Gene 
Ontology (GO) database [17] and pathway databases such as Kyoto Encyclopedia of 
Genes and Genomes (KEGG) [18] are commonly used in mechanistic analyses since they 
contain such groupings of genes into biological processes and pathways, respectively. 
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Such a group of genes can also be referred to as a gene set, and analysis methods that 
utilize gene sets are called gene set analysis (GSA) methods. An alternative to the GO 
and KEGG databases, more directed at toxicogenomics, is the Comparative 
Toxicogenomics Database (CTD) [19], which includes curated data from the published 
literature describing cross-species chemical-gene/protein interactions and chemical- and 
gene-disease associations. GSA has become standard when analysing gene expression 
data during the last years and a wide variety of methods have been proposed that use 
different statistical tests to associate gene sets with a gene expression data set. In brief, 
three different types of statistical tests are available: (i) tests for the overrepresentation 
of a gene set in a list of differentially expressed genes using a hypergeometric or 
equivalent test; (ii) methods that use the P-values of all the genes. Well-known is the 
gene set enrichment analysis (GSEA) [20], which uses ranked P-values and tests 
whether the ranks of genes in a gene set differ from a uniform distribution; (iii) 
regression analyses that use the actual expression levels of the genes in the gene set 
and test whether these are associated with the studied phenotype, for example the 
global test [9, 21]. Software programs for performing GSA or other bioinformatic 
analyses specifically aimed at toxicogenomics data include the commercial IPA-Tox from 
Ingenuity Pathway Analysis [22] and MetaDrug from GeneGo [23]. A public alternative is 
ToxProfiler from the Netherlands Organization for Applied Scientific Research [24].  
 

Identifying early predictors of toxicity 

The identification of predictive biomarkers is another important application area for 
toxicogenomics. The path to finding such biomarkers by expression profiling is 
treacherous, but the search can be aided by bioinformatics approaches (for a recent 
review, see [25]). Normally a battery of bioinformatics techniques is used, as illustrated 
by the two following examples. In an early study aimed at predicting nephrotoxicity, 
Fielden and coworkers [26] produced a gene signature that could predict the future 
development of renal tubular degeneration weeks before it appeared histologically. To 
derive a signature, a three-step process of data reduction, signature generation and 
cross-validation was used. The signature used to predict the presence or absence of 
future renal tubular degeneration was derived using a sparse linear programming 
algorithm, which is a classification algorithm based on support vector machines. The 
authors noticed that many of the genes in the signature were of unknown function, and 
as a result the mechanism of action was difficult to infer. In another example, this time 
aimed at hepatotoxicity, Huang and coworkers [27] found that apoptosis-related genes 
could predict liver necrosis observed in rats exposed to a compendium of 
hepatotoxicants. They first grouped the liver samples by the level of necrosis exhibited in 
the tissue. Next, the level of necrosis was derived according to three different methods: 
1) the severity scores of the injury; 2) the differentially expressed genes from an ANOVA 
model; and 3) the GO biological processes enrichment shared by adjacent necrosis 
levels. They then used a Random Forest classifier with feature selection to identify 
informative genes (a so called “gene signature”). The gene signature was analyzed for 
gene function using Ingenuity Pathway Analysis for pathway enrichment and network 
building.  
 

Text mining and its application in toxicogenomics 

The bioinformatics approaches to toxicogenomics data analysis outlined in the previous 
sections make use of manually curated knowledge bases such as GO, KEGG and CTD, 
either as a step in the analysis process or at the end when it is time to interpret the 
results. For example, gene signatures from an experiment where compounds belonging 
to different toxicological classes are separated based on gene expression changes might 
be investigated for significantly different GO processes. However, information in manually 
curated knowledge bases is not sufficient in coverage and this situation is unlikely to 
change in the near future [28]. Text mining is therefore seen by many as a valuable tool 
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to provide meaning to data [29]. Text mining can be defined as the use of automated 
methods for exploiting the enormous amount of information available in the biomedical 
literature [30]. In the following sections we will first introduce the basics of text mining, 
then we will continue to describe how it has been used to find explicit and implicit 
relationships between biomedical concepts, how it has been applied in the analysis of 
gene expression data, and end by suggesting how it can be applied in toxicogenomics. 
Box 1 explains common text-mining jargon. 
 

Box 1. Text-mining jargon 

Concept 

A concept is commonly defined a cognitive unit of meaning - an abstract idea or a mental 
symbol sometimes defined as a “unit of knowledge”. In text-mining a concept is uniquely 
identifiable. 

Thesaurus 

A thesaurus is a list containing the preferred term referring to a concept and all its 
synonyms. One commonly used thesaurus in biomedical text-mining is the UMLS 
metathesaurus. It is organized by concept, and each concept has specific attributes (i.e. 
terms and definition) defining its meaning and is linked to the corresponding concept 
names in the various source vocabularies. 

Indexing/tagging 

Indexing is the process of scanning all documents for relevant terms referring to a  
concept. It is also referred to as tagging. The process also usually includes storing the 
term statistics per document in a database.  

Text corpus 

A text corpus is a set of documents containing unstructured text (usually electronically 
stored and processed). Text corpora are used to do information retrieval and extraction.  

Precision and recall 

Precision is defined as the number of relevant concepts retrieved by a search divided by 
the total number of concepts retrieved by that search (true positives /( true positives + 
false positives)), while recall is defined as the number of relevant concepts retrieved by a 
search divided by the total number of existing relevant concepts (true positives/(true 
positives + false negatives)). In broader terms: precision is the fraction of retrieved 
instances that are relevant, while recall is the fraction of relevant instances that are 
retrieved. 
 

Concept identification in free text 

A typical concept identification pipeline is shown in Figure 2. The first step in the concept 
identification pipeline concerns the retrieval of documents with relevant information from 
databases that predominantly contain textual information, a task commonly referred to 
as information retrieval [31]. A common resource used by the biomedical text mining 
community is the MEDLINE database. A scientist seeking information usually queries 
MEDLINE through the web-based interface and search engine named PubMed, which is 
provided by the National Library of Medicine (NLM). For larger scale searches, 
programming utilities are offered by the NLM. However, due to risks of server overload, 
the NLM places different limits on these services, and bioinformaticians are often faced 
with the need to obtain a local version of MEDLINE. A local copy also gives software 
developers greater control over how they use the data, and facilitates the development of 
customizable interfaces. A common way to store a local copy of MEDLINE is in a MySQL 
database, which then can be queried from the bioinformaticians programming 
environment, for example in Eclipse using the Java programming language. Once the 
local copy is in place, an update procedure needs to be configured so that the database 
remains up-to-date. The local copy of the MEDLINE database can then be used for text 
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mining purposes. Depending on the question that is asked, different subsets of the 
MEDLINE document collection can be created. For example, if we are interested in all 
documents describing gene annotation in mice, we can formulate a query that will 
retrieve documents that only concern genes and mice. This will form our text corpus. 

The next step in the concept identification pipeline concerns the identification of 
relevant terms in the document collection. To continue our example about mouse genes, 
we now would like to know which genes are mentioned in the text. 
 
 

 
Figure 2: Thesaurus-based concept identification pipeline. An indexing engine/tagger 
identifies terms referring to concepts in free text using a thesaurus of biomedical 
concepts.  
 

Approaches to term identification generally fall into one of three categories: 
thesaurus-based systems, rule-based systems, and statistics-based systems. All 
approaches have their disadvantages: thesaurus-based systems are dependent on fast 
updates and large coverage of the underlying thesauri or dictionaries; to craft the rules 
for a rule-based system is time consuming and requires a high level of domain 
knowledge, and statistics-based systems, which use machine learning techniques, need 
annotated corpora to train the classifiers. One important advantage of thesaurus-based 
systems is the possibility to perform term mapping, where an identified term is linked to 
a main concept and to reference data sources. A typical record in a thesaurus contains 
the concept listed together with its synonyms and referent data sources. A thesaurus-
based system has two parts: a thesaurus and an indexing engine or tagger: a piece of 
software that recognizes the concepts from the thesaurus in free text. The tagger that is 
used in this thesis is called Peregrine [32], and has recently been released under an open 
source license as detailed in [33]. In addition to term identification, usually some form of 
disambiguation procedure is implemented in the tagger to map the term in the text to 
the correct concept. This is especially important for gene symbols and chemical name 
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abbreviations, which are notoriously ambiguous. Disambiguation of terms is important 
since terms can have different meanings (“word senses”) (e.g. “BAP” is a shared 
synonym between the two chemicals “Benzo(a)pyrene” and “Benzyladenine”, and has an 
additional 58 meanings according to Acronym Finder [34], including “Blood Agar Plate”, 
“BiP-Associated Protein”, and “British Association of Psychotherapists”). Word-sense 
disambiguation algorithms can be distinguished as supervised, unsupervised, or using 
established knowledge [35]. Peregrine uses established knowledge to disambiguate 
terms on the fly during the indexation process. 
 

Information extraction 

Once the document collection is in place and has been indexed by the tagger, meaningful 
associations can be extracted from the text, such as relationships between genes and 
toxicological endpoints, or chemicals and toxicological endpoints. There are currently two 
different approaches to this problem, one based on co-occurrence of terms and the other 
on natural language processing (NLP) techniques. The idea behind co-occurrence is that 
if two concepts are mentioned together, in for example the abstract of a scientific article 
or a sentence or phrase within that abstract, there might be a relationship between these 
two concepts. Since two concepts, for example a gene and a chemical, can co-occur 
without there being a meaningful relationship between them, most co-occurrence based 
approaches make use of algorithms that take the occurrence frequency of the concepts 
into account in some way [36-39]. NLP techniques focus on the extraction of precise 
relationships between genes and other biomedical concepts, using techniques varying 
from the detection of simple patterns such as “chemical A - action X - gene B” that is 
used by for example Pharmspresso [40], to the complete parsing of whole sentences 
(e.g. [41]). Hybrid approaches exist as well [42-44]. As a general trend, a system based 
on co-occurrence will have a higher recall and lower precision compared to a system 
based on NLP, which in turn will have a higher precision but lower recall. 
 

Literature-based discovery 

Literature-based discovery builds on the techniques for concept identification and 
information extraction, but adds the extra dimension of trying to discover or predict 
previously unknown relationships between biomedical entities. Swanson was the pioneer 
in this field already in the 1980’s, publishing studies that were able to predict connections 
years before they were established in clinical trials [45, 46]. He proposed a model 
commonly referred to as Swanson’s ABC model. The model states that if ‘A influences B’ 
and ‘B influences C’, then ‘A may influence C’. Others have built upon this model and 
managed to reproduce the studies by Swanson, and/or identify novel hypothetical 
relationships [47-57]. A few studies have been reported where new relationships have 
actually later been confirmed in animal models or in vitro assays: Wren et al. suggested 
that chlorpromazine may reduce cardiac hypertrophy, and validated this hypothesis in a 
rodent model [58]; Hettne et al. related the transcription factor nuclear factor kappa B to 
Complex Regional Pain Syndrome type I (CRPS-I) [59], a relation that was later 
confirmed in an animal model of CRPS-I [60]; Van Haagen et al. confirmed a predicted 
protein-protein interaction between Calpain 3 and Parvalbumin B experimentally [61]; 
and Frijters et al. validated newly predicted relationships between compounds and cell 
proliferation in an in vitro cell proliferation assay [62]. 
 To relate two concepts to each other several authors have used the vector space 
model, as vectors can be compared efficiently and transparently, and the model yields a 
measure of the strength of the relationship [63]. An example of a tool that uses the 
vector space model is Anni 2.0 [64]. In Anni 2.0, a concept is represented by a concept 
profile. A concept profile is a list of concepts with for every concept a weight to indicate 
the importance of its association to the main concept, based on co-occurrence. To 
construct a concept profile, first PubMed records are associated to a concept using the 
indexing engine Peregrine equipped with a thesaurus. For all concepts except genes the 
PubMed records are comprised of the texts in which the concept is mentioned. For genes 
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only a subset of PubMed records are used in order to limit the impact of ambiguous 
terms and distant homologs. GO terms are sometimes given as words or phrases that are 
infrequently found in the normal texts. To still provide broad coverage of GO terms, the 
PubMed records that were used as evidence for annotating genes with this GO term are 
added. For every concept in the thesaurus that is associated to at least five PubMed 
records, a concept profile is created. This concept profile is in reality a vector containing 
all concepts related to the main concept (direct co-occurrence), weighted by their 
importance using the symmetric uncertainly coefficient [64]. Figure 3 presents an 
overview of the concept profile generation process. Concept profiles can be matched to 
identify similarities between concept profiles via their shared concepts (indirect 
relations), for instance to identify genes associated with similar biological processes. Any 
distance measure can be used for this matching such as the inner product, cosine, angle, 
Euclidean distance or Pearson’s correlation. By next-generation text mining we mean 
knowledge discovery based on indirect relations, in comparison to first-generation text 
mining where only known relations are extracted. 
 

  
Figure 3: Overview of the concept profile generation process. 
 

Assigning gene function: text mining applied to gene expression 
data 

Techniques for information extraction and literature-based discovery have been applied 
previously to support the analysis of gene expression data. The majority of these 
techniques work with gene lists. They can retrieve concepts or terms strongly associated 
to the selected genes and/or cluster the genes to retrieve functionally coherent 
subclusters [65]. The main differences between these methods concern the following two 
aspects: i) usage of text words (all words in the texts or only words that map to concepts 
in a thesaurus); ii) relationships considered (only direct co-occurrence or also indirect 
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relationships). Apart from the tools that focus on retrieving gene relations from a list of 
genes, some methods retrieve functional associations shared between gene lists of 
different experiments [49, 66]. 

The analyses performed by the mentioned text mining-based approaches are of an 
exploratory nature, and do not provide a statistical evaluation for the identified 
associations in the context of the performed experiment. However, the algorithms can 
readily be combined with the three previously mentioned classes of statistical approaches 
for GSA. An approach for the first class of tests, for the overrepresentation of a gene set 
in a list of differentially expressed genes, could simply entail the creation of gene sets, 
for instance by applying a threshold on the literature-derived association scores between 
genes and biomedical concepts. Sartor et al. provide literature-based gene sets in their 
tool ConceptGen [67], which uses Gene2MeSH [68] to identify gene and MeSH term pairs 
with a significantly higher number of co-occurrences than expected by chance. Frijters 
and coworkers [69] and Leong and Kipling [70] calculate biomedical term 
overrepresentation for a set of regulated genes in a similar fashion to standard class one 
over-representation tools. 

Several text-mining approaches have been published that resemble the earlier 
mentioned class two approaches that use the P-values of all the genes. Kueffner and 
coworkers [71] integrate the rank of the genes after sorting on P-value with an analysis 
of the literature. However, their approach is based on factorization, which complicates 
the interpretation of their results, and does not include formally testing retrieved 
associations. Minguez and coworkers [72] test if a ranked list of genes shows a 
significant correlation with the genes’ associations to a biomedical term. These 
associations are based on the literature and reflect the extent to which a gene and a 
biomedical term that occur together in documents exceed the co-occurrence rate 
expected by chance. 

One could also imagine a class three, regression-based test, which uses the actual 
expression levels of the genes in the gene set, in combination with text-mining derived 
information. The association scores between two concepts based on concept profile 
matching could provide such a source of literature information.  
 

Application in toxicogenomics 

Toxicogenomics could benefit from the use of text mining through the whole process 
from experimental setup to the final analysis of the data. In the setup of a 
toxicogenomics experiment, text mining can help answering questions regarding the 
selected compounds. Examples of such questions are: “which genes are known to be 
affected?”, “which pathologies are known to be induced?”, and “what other chemicals are 
known to have a similar effect?”. Traditionally, these type of questions would be 
answered by searching databases such as the Toxicology Data Network “TOXNET” [73], 
available from the NLM, PubMed, or the CTD. This usually works fine when information is 
sought for well-investigated and “fashionable” chemicals such as Bisphenol A, for which a 
search in the CTD results in 1,245 manually curated gene interactions (14 March 2012), 
but for chemicals that are unfashionable and/or not very well investigated, the results 
are often disappointing. For example, a search on the fungicide Flusilazole in the CTD 
resulted in only two manually curated genes associated with the compound. One cannot 
exclude the possibility that more information is locked away in the literature, confirming 
the non-completeness of manually curated knowledge bases. Here, thesaurus-based text 
mining can prove valuable since it can find information about chemicals in the literature, 
and importantly also map the chemical to its identifier (like a Chemical Abstract Service 
(CAS) number or InChI string) via information found in the thesaurus. Naturally, the 
success of a thesaurus-based text mining approach depends on the coverage of terms in 
the thesaurus for toxicogenomics and how well the terms can be resolved by NLP. Genes, 
chemicals, pathways, and toxicological endpoints are obviously important when applying 
text mining in toxicogenomics. The bioinformatics community has spent a lot of effort in 
developing text-mining tools for genes and pathways (mostly represented by GO 
concepts from the ontologies on biological processes and molecular functions). The 
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identification of these entities in text remains a challenge, but dictionary and rule-based 
methods as well as machine learning techniques are now well established (the 
proceedings of the BioCreative challenges [74] give a good overview about the state-of-
the-art methods and their performance). The Peregrine tagger equipped with a dictionary 
of gene names has been reported to have a precision of 0.75 and a recall of 0.76, placing 
the system in the above average performance range according to the Proceedings of the 
BioCreative II workshop. However, due to a lack of annotated chemical compound test 
corpora before year 2008, the performance for dictionary-based chemical name 
recognition was measured in only one study before that time: Zimmermann and 
coworkers [75] reported a 80% precision and 99% recall on a modified version of the 
GENIA corpus [76]. They, however, made it very clear that the high recall was due to the 
artificial nature of the test corpus (since chemical entities in the GENIA corpus mostly 
consist of ion names (e.g. Ca+), these entities were removed and replaced by 
compounds randomly picked from their own small-molecule dictionary). In 2008, Kolarik 
and coworkers [77] created a test corpus consisting of 100 manually annotated PubMed 
abstracts. Using a simple case insensitive string search, ignoring hyphens, they tested 
the recall and precision for a number of public resources of chemical names and a 
combined version of the dictionaries. The best recall was achieved using a combination of 
all resources (precision 0.13, recall 0.49) and the best precision was achieved using 
KEGG drug (precision 0.59, recall 0.12). These modest performance numbers made clear 
that dictionary-based chemical text mining did not measure up to the numbers achieved 
for gene name identification, and important links in the chain of events from a chemical 
exposure to toxicological endpoint would therefore for a large part be missing when 
applying text mining to toxicogenomics.  

Continuing with the step after performing the toxicogenomics experiment, i.e., the 
data analysis, one can imagine text mining playing a role in all the bioinformatic 
approaches that we described earlier (i.e. class discovery and separation, connectivity 
mapping, mechanistic analysis, and identifying early predictors of toxicology). Frijters 
and coworkers showed that text mining applied to expression data from toxicogenomics 
experiments can separate compounds that have distinct biological activities and yield 
detailed insight into the mode of toxicity [78]. They created keyword profiles for 
compounds based on co-occurrence in MEDLINE between the mentions of the 
differentially expressed genes in the experiments and keywords from an in-house 
thesaurus. The pathology thesaurus used in their study was however limited to liver 
pathologies and co-occurrences between genes and chemicals were not included. Van 
Dartel and coworkers used gene sets created with Anni 2.0 to show that dedicated gene 
sets allow for detection of cardiomyocyte differentiation-related effects in the in 
embryonic stem cells in the early phase of differentiation [79], but only direct co-
occurring concepts were used. Some attempts have been done to relate chemical 
structures to gene expression patterns in microarray experiments using literature-derived 
chemical response-specific gene sets. Minguez and coworkers [72] used their tool 
MarmiteScan to associate chemicals with the characteristics of acute myeloid leukemia 
cell differentiation. However, there is no information about the size and scope of the 
chemical dictionary they used to mine the literature and their gene sets are not 
separately available, thus forcing the user to use their GSA method. There is also no 
possibility to test a subset of the gene sets, for example only those relevant for 
evaluation of developmental toxicity. Patel and Butte [80] associated chemical response-
specific gene sets derived from the CTD with six gene expression data sets selected 
based on their diversity with respect to species, chemical exposure and cell type. Manual 
curation of chemical-gene interactions from publications is however a very time-
consuming process producing high-quality information but with limited coverage, 
reflected by the number of chemicals for which Patel and Butte could create gene sets 
(1,338 chemicals). We hypothesize that many more gene sets can be created using text 
mining.  
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Aim and outline of this thesis 

Toxicogenomics is a new discipline with its own challenges, and few attempts have been 
done to apply text mining in toxicogenomics [78]. The bioinformatics community has 
reported low performance numbers for chemical name identification in text, resulting in 
the omission of important links in the chain of events from chemical exposure to 
toxicological endpoint. There is need for research detailing how useful the information in 
current public chemical databases is for text mining aimed at interpreting toxicogenomics 
data. We aim to improve the concept profiling technique to work with chemical 
information, and to apply the technique to interpret data from toxicogenomics 
experiments. Concept profiling is an established technique, but its use in toxicogenomics 
has not previously been explored. We hypothesize that concept profiling can be used 
together with GSA methods for compound ranking à la connectivity mapping, for 
mechanistic analysis, for toxic class discrimination, and for prediction analysis.  
 
Since a thesaurus forms the base for the technique, the first part of the research 
described in this thesis was aimed at constructing and evaluating a thesaurus fitted for 
mining textual data relevant to toxicogenomics. In Chapter 2 we describe a number of 
rules that can be used to make a dictionary of biomedical terms ready for text-mining 
purposes, and we present a tool that implements these rules. In Chapter 3 and Chapter 

4, we describe the creation of a chemical dictionary with minimal use of human 
intervention, and show that this chemical dictionary performs well when compared to 
manual efforts. We also highlight areas in the field of chemical name identification in 
free-text needing improvement. 

The updated thesaurus was used to create concept profiles, and the second part 
of the research concerns the application and evaluation of the technique. In Chapter 5 
the developed methods and dictionaries are applied for the first time in a GSA framework 
with the aim to associate biological processes and drugs with a gene expression data set, 
and to predict survival. In Chapter 6 we generalize the method by producing gene sets 
that can be used by any GSA tool, and test these gene sets on a wide variety of gene 
expression data sets from toxicogenomics experiments. 
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Abstract 

Background 

Identification of terms is essential for biomedical text mining. We concentrate here on 
the use of vocabularies for term identification, specifically the Unified Medical Language 
System (UMLS). To make the UMLS more suitable for biomedical text mining we 
implemented and evaluated nine term rewrite and eight term suppression rules. The 
rules rely on UMLS properties that have been identified in previous work by others, 
together with an additional set of new properties discovered by our group during our 
work with the UMLS. Our work complements the earlier work in that we measure the 
impact on the number of terms identified by the different rules on a MEDLINE corpus. 
The number of uniquely identified terms and their frequency in MEDLINE were computed 
before and after applying the rules. The 50 most frequently found terms together with a 
sample of 100 randomly selected terms were evaluated for every rule.  

Results 

Five of the nine rewrite rules were found to generate additional synonyms and spelling 
variants that correctly corresponded to the meaning of the original terms and seven out 
of the eight suppression rules were found to suppress only undesired terms. Using the 
five rewrite rules that passed our evaluation, we were able to identify 1,117,772 new 
occurrences of 14,784 rewritten terms in MEDLINE. Without the rewriting, we recognized 
651,268 terms belonging to 397,414 concepts; with rewriting, we recognized 666,053 
terms belonging to 410,823 concepts, which is an increase of 2.8% in the number of 
terms and an increase of 3.4% in the number of concepts recognized. Using the seven 
suppression rules, a total of 257,118 undesired terms were suppressed in the UMLS, 
notably decreasing its size. 7,397 terms were suppressed in the corpus.  

Conclusions 

We recommend applying the five rewrite rules and seven suppression rules that passed 
our evaluation when the UMLS is to be used for biomedical term identification in 
MEDLINE. A software tool to apply these rules to the UMLS is freely available at 
http://biosemantics.org/casper.  
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Background 

Biomedical text mining has been shown to be valuable for diverse applications in the 
domains of molecular biology, toxicogenomics, and medicine. For example, it has been 
used to functionally annotate gene lists from microarray experiments [71, 81-83], create 
literature-based compound profiles [78], generate medical hypotheses [50, 84], find new 
uses for old drugs [45, 46, 85], and measure protein similarity [86, 87]. The 
identification of biomedical terms in natural language is essential for biomedical text 
mining. The process of term identification consists of three tasks: term recognition, term 
classification and term mapping [88, 89]. Approaches to term identification generally fall 
into three categories: lexicon-based systems, rule-based systems, and statistics-based 
systems making use of different machine learning techniques [90]. All approaches have 
their disadvantages: lexicon-based systems are dependent on fast updates and large 
coverage of the underlying lexicons; to craft the rules for a rule-based system is time 
consuming and requires a high level of domain knowledge, and statistics-based systems 
need annotated corpora to train the classifiers. Term mapping, in which terms are linked 
to reference data sources, is the last step in the term identification process. Term 
mapping is only possible using lexicon-based term identification and is the focus of this 
paper (for comprehensive reviews on term identification see for example [88-92]). In 
addition, the lexicon-based approach deals with general medical terms for which it is 
difficult to design general matching patterns that are used by rule-based systems. It 
provides information concerning the semantic relations between terms and supports 
synonym and referent data source mapping, which is not possible using rule-based or 
statistically-based term identification. Specifically, we use the Unified Medical Language 
System (UMLS) meta-thesaurus provided by the U.S National Library of Medicine (NLM) 
[93]. The 2007AA edition of the UMLS contains more than 1.3 million concepts and 6.4 
million terms referring to these concepts from more than 100 different vocabularies. 
These vocabularies cover different aspects of the biomedical field and have been 
developed for such different purposes as disease and procedure coding, adverse event 
reporting, literature indexing, billing, and gene function identification. NLM checks terms 
from different vocabularies for synonymy, assigns a unique concept identifier (CUI) and 
assigns concepts to one or more semantic types from the UMLS Semantic Network.  

Naturally, the usefulness of the lexicon-based approach depends on the coverage 
of terms in the vocabulary for the particular domain and how well the terms are suited 
for natural language processing. The UMLS is not primarily intended as a resource for 
text mining, so not all of its terms are suitable for this purpose. For example, terms for 
coding of concepts can include specialized syntax (e.g., brackets) that is not suitable for 
text mining solutions ("undesired terms"). The following definition of a term in the UMLS 
can be found in the UMLS Glossary [94]: "A word or collection of words comprising an 
expression. In the Metathesaurus, a term is the class of all strings that are lexical 
variants (made singular and normalized to case) of each other". his definition allows for 
expressions that are not terms according to certain theories of terminology, in which 
terms are expressions that are actually used in domain-specific communication [95-97]. 
In fact, the UMLS abounds of expressions that are not expected to occur in any written or 
oral communication but are intended to precisely paraphrase the exact meaning of a 
concept. This has been illustrated by, for example, Srinivasan et al. [98, 99], who found 
that by using normalized matching (i.e. ignoring case variation, punctuation, possessive 
markers, inflectional variation and word order) only a total of 34.3% of the 1,451,824 
terms in the January 2002 version of the UMLS (non-English terms and terms with a 
suppressible term type excluded) could be found in a 11.5 million MEDLINE abstract 
corpus. McCray et al [99] could only find 10% of the UMLS terms when using a smaller 
corpus of 439,741 MEDLINE abstracts (UMLS 2001 version, 1,397,429 English terms, 
string features retained except for case variation). The lower match result in comparison 
with Srinivasan et al. might be explained by the difference in the matching methods, the 
UMLS version, and by the smaller corpus used. McCray et al. [99, 100] also investigated 
the nature of the strings in the UMLS and evaluated them for their use in natural 
language processing. The investigation resulted in a number of properties that could be 
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used to filter unwanted strings from the UMLS. Rogers and Aronson [101] identified a 
number of filtering rules and term types which help in filtering the UMLS for the update 
of the MetaMap program [102].  

This paper is inspired by McCray et al. [99, 100] and Rogers and Aronson [101] in 
that we aim to make the UMLS more useable for text-mining purposes. We do this by 
removing and adding synonyms to the UMLS, which are supposed to increase the 
accuracy and efficiency of biomedical term identification using the UMLS. We manually 
evaluate the impact of the rules on a MEDLINE corpus. 

Methods 

The rewrite rules were implemented to increase the recall of UMLS concepts in text. The 
suppression rules on the other hand were implemented to rid the UMLS of terms that are 
undesired when it comes to term identification either because they affect the precision of 
the term identification, e.g. the synonym "2" for the term "clinical class", the synonym 
"EC 2.7.1.-" for the concept "human CDC7 protein", or because they affect the efficiency 
of the term identification, i.e. long and vague terms that are unlikely to be found in text 
such as the term "poisoning by other and unspecified drugs and medicinal substances" or 
terms that are useless for concept identification such as the concept with the single term 
"WHILE". We applied the rules to the 2007AA version of the UMLS in UTF8 coding and 
then indexed citations from the MEDLINE database (1965-2007) (we refer to this as "the 
corpus" in the rest of the paper). Finally, the identified rewritten terms were manually 
assessed for their correspondence to the original UMLS terms and the identified 
suppressed terms were manually assessed for their usefulness for automatic text mining 
purposes. A detailed description of the procedure follows.  

UMLS extraction 

The UMLS 2007AA version was downloaded from the UMLS knowledge source server 
[103] and installed locally using the MetamorphoSys tool provided by NLM for 
customizing the UMLS. The default settings in MetamorphoSys were used to create the 
UMLS subset, using the option to include all vocabularies in the English language. Strings 
marked as suppressible by the NLM as well as strings longer than 255 characters were 
not included in the analysis. This approach resulted in 2,844,004 strings, based on the 
String Unique Identifier (SUI) field in the UMLS. These strings belonged to 1,294,936 
concepts, based on the CUI field in the UMLS. Duplicate strings within a concept were 
removed by comparing strings after conversion to lower case and removal of 
punctuation; 2,696,820 strings remained and these are henceforth referred to as 
"terms".  

Corpus creation 

All MEDLINE citations (title and abstract) available at the time of this study, with 
publication dates ranging from January 1965 to December 2007 (17,674,805 citations, of 
which 9,446,335 have an abstract) were used as a test corpus.  

Creation of rules 

A set of nine rewrite rules and eight suppression rules were given. A description of the 
rules together with motivation and differences in comparison to original source (when 
applicable) is provided below. In order to avoid introducing duplicates and homonyms 
when applying the rewrite rules, a new term was not added to the concept if it could 
already be found among the synonyms for that concept or any other concept (case 
insensitive matching after removal of punctuation).  

1) Rewrite rules 

Syntactic inversion [99, 101]: add syntactic inversion of term if a term contains a 
comma followed by a space and does not contain a preposition or conjunction (e.g. 
"Failure, Renal"). We added the condition that only one such pattern of a comma 
followed by a space is to be found in a term for the rule to be executed.  
Possessives [101]: remove the possessive "'s" at the end of a word (e.g. "Alzheimer's 
disease") and add the rewritten term.  
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Short form/long form [104]: add short form and long form of term (e.g. "Selective 
Serotonin Reuptake Inhibitors (SSRIs)"). Schwartz and Hearst's algorithm [104] achieved 
96% precision and 82% recall on a standard test collection, which was as good as 
existing approaches at the time [104] and still competitive according to recent 
comparison studies [105, 106]. An advantage of the algorithm is that, unlike other 
approaches, it does not require any training data. Two extra conditions were added to 
the original rule by Schwartz and Hearst: 1) the short form must be found at the end of 
the term, and 2) the first letter of the short form should be the same as the first letter of 
the long form. These conditions were added in order to adjust the rule to extract 
abbreviations from a dictionary instead of from biomedical text.  
Angular brackets [101]: remove expressions within angular brackets anywhere in a 
term. This pattern was previously used in the UMLS to denote polysemy or homonymy of 
a term, i.e. a term having different meanings. Terms having this property still exist in the 
UMLS, even though the property is not assigned to new terms. We have adjusted the rule 
to remove expressions within angular brackets anywhere in a term since these 
expressions usually contain meta-information about a term, which is unlikely to be found 
in text (e.g. "Chondria <beetle>").  
Semantic type : remove expressions within parentheses that match the list of semantic 
types in the UMLS (e.g. "Surgical intervention (finding)"). This rule was developed by our 
group based on the observation that the semantic type to which the term belongs to is 
often added as meta-information about the term.  
Non-essential parentheticals [99, 101] has been split into four rules in order to make 
the error analysis more transparent:  

1. Begin parentheses removes expressions within parenthesis at the beginning of a 
term (e.g. (protein) methionine-R-sulfoxide reductase)  
2. Begin brackets removes expressions within brackets at the beginning of a term 
(e.g. [V] Alcohol use)  
3. End parentheses removes expressions within parenthesis at the end of a term 
(e.g. flagellar filament (sensu Bacteria))  
4. End brackets removes expressions within brackets at the end of a term (e.g. 
Gluten-free foods [generic 1])  

In addition, we have added the condition that the rule does not apply to terms belonging 
to the semantic group Chemicals & Drugs. The reason for this condition is that chemical 
expressions by nature often contain both brackets and parentheses at the beginning or 
end of a term.  

2) Suppression rules 

Short token [99, 101]: remove term if the whole term after tokenization and removal of 
stop words is a single character, or is an arabic or roman number. For this rule, the stop 
word list from PubMed [107] was used. This rule differs from the one in [99, 101] in that 
it takes each token into account separately (e.g. the term "10*9/L" would be tokenised 
to "10 9 L" and removed by this rule since every token either is a number or a single 
character).  
Dosages [99]: the original rule addressed terms belonging to certain term types defined 
by the NLM in the UMLS, namely BD (Fully-specified drug brand name that can be 
prescribed), CD (Clinical Drug) or MS (Multiple names of branded and generic supplies or 
supplements). This rule was further refined by us to remove all terms that contain a 
dosage in percent, gram, microgram or milliliter (e.g. Oxygen 2%).  
At-sign : this rule was implemented by us to remove terms that contain the @-character 
(e.g. ADHESIVE @@ BANDAGE).  
EC numbers [101]: Remove terms that contain enzyme classification numbers as 
defined by IUPAC (e.g. EC 2.7.1.112). The justification for this rule is that an EC number 
in the UMLS usually is mapped to a specific enzyme while it actually refers to a class of 
enzymes.  
Any classification [99]: remove terms containing the following properties: "NEC" at the 
end of a term and preceded by a comma, "NEC" within parentheses or brackets at the 
end of a term and preceded by a space, "not elsewhere classified", "unclassified", 
"without mention" (e.g. "Unclassified sequences").  
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Any underspecification [99, 101]: remove terms containing the following properties: 
"not otherwise specified", "not specified", or "unspecified"; "NOS" at the end of a term 
and preceded by a comma, or "NOS" within parentheses or brackets at the end of a term 
and preceded by a space (e.g. "Other and unspecified leukaemia").  
Miscellaneous [99, 101]: remove terms containing the following properties: "other" at 
the beginning of a term and followed by a space character or at the end of a term and 
preceded by a space character; "deprecated", "unknown", "obsolete", "miscellaneous", or 
"no" at the beginning of a term and followed by a space character (e.g."Other").  
Words > 5 [100]: remove terms that contain more that five words (e.g. "Head and Neck 
Squamous Cell Carcinoma"). This rule is not applied to terms belonging to the semantic 
group Chemicals & Drugs.  

Term and concept recognition 

For the term and concept recognition we used our concept recognition software Peregrine 
[108]. For this study, Peregrine was set up to mimic a minimal, general-purpose concept 
recognizer performing case-insensitive string lookup (ignoring punctuation), similar to, 
for instance, TextPresso [109]. Largest match was turned off, meaning that nested terms 
were counted both as a match for a longer and for a short term. Our choice of set-up was 
based on the fact that we clearly wanted to see the effect of the rewrite and suppression 
rules.  

Evaluation 

Each rule was evaluated separately. To assess the effect of a rule, the difference in the 
set of terms identified in the corpus before and after applying the rule was determined. 
For rewrite rules, the number of different additional terms found was determined. In 
addition, for each term its frequency of occurrence in the corpus was computed. For the 
suppression rules, the number of different suppressed terms was determined and for 
each term the number of times it was suppressed in the corpus. A manual analysis of the 
top 50 most frequent terms and 100 randomly selected terms was performed for each 
rule. This analysis was used to determine the size of the effect and to judge its quality.  

Results 

Generation of new synonyms and suppression of undesired ones 

The number of new terms generated by the rewrite rules and number of terms 
suppressed by the suppression rules are shown in Table 1. The syntactic inversion rule 
generated the highest number of new terms (231,976 terms). The number of homonyms 
generated for every rule is shown in Table 2. The homonyms were not used in the 
MEDLINE indexation. The words > 5 rule suppressed the highest number of terms in the 
thesaurus (653,128 terms). When excluding the words > 5 rule, a total of 257,118 
undesired terms was suppressed in the UMLS, thereby decreasing its size in megabyte by 
25%.  
 
Table 1. New terms generated by the rewrite rules and terms suppressed by the 
suppression rules.  
Rule Terms in thesaurus 

Original 2,696,820 

Rewrite rules  

Syntactic inversion 231,976 

Possessives 10,388 

Short/long form 288 

Angular brackets 2,824 

Semantic type 7,231 

Begin parentheses 376 

End parentheses 45,265 

Begin brackets 11,402 

End brackets 17,620 
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Suppression rules   

Dosages 171,369 

Short token 2,044 

At-sign 123 

EC numbers 161 

Any classification 5,299 

Any underspecification 40,237 

Miscellaneous 37,885 

Words > 5 653,128 

"Terms in thesaurus" indicates the number of new terms generated by the rewrite rules and the number of 
terms suppressed by the suppression rules, for every rule. The row "Original" indicates the total number of 
terms in the thesaurus when no rewrite or suppression rule was applied. 
 
 

Impact on number of identified terms in the MEDLINE corpus 

Of the 2,696,820 original UMLS terms, 651,268 (24.2%) were uniquely identified in the 
corpus, with an occurrence count of roughly 4 billion; 397,414 of the 1,294,936 distinct 
concepts (30.6%) were identified. The different rewrite and suppression rules had a 
different impact on the number of identified terms (Table 3). Syntactic inversion (12,433 
distinct terms) had the highest impact on number of distinct terms found in the MEDLINE 
corpus.  

Words > 5 (5,734 distinct terms) had the highest impact on the number of distinct 
terms suppressed in the MEDLINE corpus. 
 

Table 2. Number of homonyms (%) generated for every rewrite rule.  

Rewrite rule No of homonyms (%) 

Syntactic inversion 303 (0.1) 

Possessives 40 (0.4) 

Short/long form 321 (52.7) 

Angular brackets 218 (7.2) 

Semantic type 130 (1.8) 

Begin parentheses 28 (6.9) 

End parentheses 5,505 (10.8) 

Begin brackets 249 (2.1) 

End brackets 37,083 (67.8) 

The percentage is relative to the total number of rewritten terms for every rule. 
 
In addition, terms suppressed by the short token rule and the miscellaneous rule are 
found with an extremely high frequency (short token: roughly 2 billion times, 
miscellaneous: 91,576,083 times).The rewrite rules also had different impact on the 
coverage regarding unique concepts. By rule syntactic inversion we have improved 
coverage by 2.8%, by rule possessives the improvement was 0.2%, by rule short/long 

form the improvement was 0.05%, by rule angular brackets the improvement was 0.2%, 
by rule semantic type the improvement was 0.07%, by rule begin parentheses the 
improvement was 0.006%, by rule end parentheses the improvement was 1.1%, by rule 
begin brackets the improvement was 0.06%, by rule end brackets the improvement was 
0.06%, overall 5.0%  

Manual error analysis of identified terms 

A sample of the 50 most frequent terms in the corpus and 100 random terms were 
analyzed for every rule (see additional file 1: The 50 most frequent and 100 random 
terms). Based on a manual analysis of the sample terms, we found that six of the nine 
rewrite rules resulted in incorrectly rewritten terms: angular brackets, short/long form, 
begin parentheses, end parentheses, begin brackets, and end brackets (Table 4).  
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The three incorrect terms generated by the angular brackets rule were the terms: 
"<timing>C (_cum_)<meal>" rewritten as "C (_cum_)", "every <integer> weeks" 
rewritten as "every weeks", "every <integer> minutes" rewritten as "every minutes". 
Projecting the results from the random sample, the three incorrect terms would 
correspond to 22 terms (3% of 743 terms) found in the corpus by this rule.  

The two incorrect terms generated by the short/long form rule in the sample were 
the terms "Control of skeletal myogenesis by HDAC & calcium/calmodulin-dependent 
kinase (CaMK)" which gave the long form "calmodulin-dependent kinase" and "Polibar 
Rapid (P/P)" which gave the short form "P/P". These terms do not correspond to their 
original UMLS terms, since the first UMLS term describes a process which is incorrectly 
rewritten as an enzyme, and "P/P" is not a short form of Polibar Rapid. Projecting the 
results from the random sample, the two incorrect terms would correspond to four terms 
(2% of 216 terms) found in the corpus by this rule.  

Only 26 terms generated by the begin parentheses rule were found in the 
MEDLINE corpus (Table 3) and only one was correct: "(protein) methionine-R-sulfoxide 
reductase" rewritten as "methionine-R-sulfoxide reductase". Almost all other terms 
corresponded to the activity of enzymes where the application of the rule resulted in a 
less specific term, e.g. "(2-5')oligo(A) synthetase activity" rewritten as "oligo(A) 
synthetase activity". The number of terms in the random sample was equal to the total 
number of terms found in the corpus by this rule. There is therefore no need to project 
the results from the random sample.  

Table 3. Rewritten or suppressed terms and concepts found in the corpus.  

Rule Terms in corpus (all) Terms in corpus (distinct) 
Concepts in corpus 

(distinct) 

Original 3,992,662,340 651,268 397,414 

Rewrite rules       

Syntactic inversion 529,058 12,433 11,291 

Possessives 34,211 1,134 946 

Short/long form 305,541 216 182 

Angular brackets 30,124 743 731 

Semantic type 218,838 259 259 

Begin parentheses 523 26 25 

End parentheses 8,916,764 4,776 4,494 

Begin brackets 176,791 274 251 

End brackets 65,873 241 236 

Suppression rules 

Dosages 109,246 5,014 4,885 

Short token 1,906,901,846 1009 945 

At-sign 0 0 0 

EC numbers 45,138 149 146 

Any classification 6,972 42 36 

Any 
underspecification 9,470 322 290 

Miscellaneous 91,576,083 1,257 1,095 

Words > 5 179,051 5,734 4,665 

"Terms in corpus (all)" indicates the number of occurrences of the new terms generated by the rewrite rules 
and the terms suppressed by the suppression rules in the corpus. "Terms in corpus (distinct)" and "Concepts in 
corpus (distinct)" indicate the number of unique terms and concepts produced or suppressed by the rules that 
were found in the corpus. The row "Original" indicates the total number of terms found in corpus when no 
rewrite or suppression rule was applied. 
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The end parentheses rule had four incorrect terms in the random sample. The incorrect 
terms in the random sample all corresponded to loci on a chromosome, e.g. 
"t(3;6)(p13;q25) " rewritten as "t(3;6)". Terms generated by this rewrite rule are found 
with a high frequency in the corpus (Table 3), which can be explained by the fact that the 
removal of end parentheses can result in very general terms. For example, rewriting the 
term "Controls (Instrument)" results in the general term "Controls" that is found 609,492 
times in the MEDLINE corpus. Projecting the results from the random sample, the four 
incorrect terms would correspond to 191 terms (4% of 4,776 terms) found in the corpus 
by this rule.  

The high error rate for the rule begin brackets is due to the fact that many of the 
incorrectly rewritten terms correspond to biological activities of proteins such as the term 
" [pyruvate dehydrogenase (lipoamide)] phosphatase activity", which is incorrectly 
rewritten as "phosphatase activity". On the other hand, many of the correctly rewritten 
terms corresponded to terms that start with a code, e.g. " [D]Respiratory abnormalities", 
which is correctly rewritten as "Respiratory abnormalities". Projecting the results from 
the random sample, the nine incorrect terms would correspond to 25 terms (9% of 274 
terms) found in the corpus by this rule.  

Almost all incorrect terms produced by the end brackets rule corresponded to 
antigens of a specific bacterial strain, e.g. "Shigella flexneri 2a [II:3,4]" incorrectly 
rewritten as "Shigella flexneri 2a". Terms generated by this rewrite rule are found with a 
high frequency in the corpus (Table 3), which can be explained by the fact that the 
removal of end brackets from terms such as "Abstracts [Publication Type]" results in the 
very general term "Abstracts", which is found 25,082 times in the MEDLINE corpus. 
Projecting the results from the random sample, the five incorrect terms would correspond 
to 12 terms (5% of 241 terms) found in the corpus by this rule.  
 
Table 4. Number of correct and incorrect terms for each of the rewrite and suppression 
rules. 
Rule Most frequent Random 

Rewrite rules Correct Incorrect Correct Incorrect 

Syntactic inversion 50 0 100 0 

Possessives 50 0 100 0 

Short/long form 49 1 98 2 

Angular brackets 50 0 97 3 

Semantic type 50 0 100 0 

Begin parentheses 1 25 - - 

End parentheses 49 1 96 4 

Begin brackets 38 12 91 9 

End brackets 46 4 95 5 

Suppression rules         

Dosages 50 0 100 0 

Short token 50 0 100 0 

At-sign - - - - 

EC numbers 50 0 99 0 

Any classification 50 0 100 0 

Any underspecification 50 0 100 0 

Miscellaneous 50 0 100 0 

Words > 5 0 50 5 95 

The calculations are based on the, for every rule, 50 most frequently found terms in the corpus and 100 
randomly selected terms in the corpus (if available). The At-sign rule has no values because terms 
suppressed by this rule were not found in the corpus. 
 
Most terms suppressed by the words > 5 rule were found to be valuable terms that did 
not need to be suppressed, e.g. "Carcinoma of the Head and Neck", "insulin-like growth 
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factor binding protein 1". Projecting the results from the random sample, the 95 incorrect 
terms would correspond to 4,432 terms (95% of 4,665 terms) found in the corpus by this 
rule.  

None of the suppression rules except the words > 5 rule caused any correct term 
to be suppressed in the sample (Table 4). All suppressed terms were either too generic 
(e.g. "Unspecified conditions", "Of"), highly unlikely to be found in the literature (e.g. 
"Symptoms, signs and abnormal clinical and laboratory findings, not elsewhere 
classified"), or suppressed for specific needs (terms from the dosages and EC numbers 

rules).  

Discussion 

To make the UMLS more suitable for biomedical text mining we implemented and 
evaluated nine term rewrite and eight term suppression rules. In the creation of these 
rules, we used and refined many of the UMLS string properties identified by McCray et al. 
[99, 100] and Rogers and Aronson [101], together with an additional set of new 
properties discovered by our group during our work with the UMLS. Our work 
complements the work by McCray et al. and Rogers and Aronson in that we measured 
the impact on the number of terms identified by the different rules on all of MEDLINE 
(1965-2007), whereas the others only reported the number of strings in the UMLS that 
were affected by the specific string properties, and in that we also performed a manual 
analysis of the rewritten terms retrieved from the corpus and of the terms that were 
suppressed in the corpus. This was done in order to establish that the rewritten terms 
indeed correspond to the original terms and that only undesired terms were suppressed 
by the suppression rules.  

The goal set for the rewrite rules was to increase the number of synonyms for a 
UMLS concept and thereby also increase the number of times a concept will be correctly 
identified in text, thus increasing the recall of biomedical term identification. Good 
rewrite rules should not generate terms that do not correspond to the original term. This 
holds true for the rules syntactic inversion, possessives and semantic type. The angular 

brackets rule and the short/long form rule generated a few incorrect cases. The incorrect 
cases from the angular brackets rule represent repeat patterns used in coding meal-
related timings in patient records. These terms are in fact compositional grammar 
representing a class of "terms" in which various parts of a complex term are separated to 
their primitive codes and then put together through, for example, qualifiers. 
Hypothetically, such template terms could yield instance terms that have matches in the 
text. Rewriting these terms alters the template pattern and therefore the meaning of the 
term. Despite the incorrect cases generated by the angular brackets rule we recommend 
it to be used, but with a manual check of the results. We argue that this is feasible 
considering the small number of incorrect cases. We also recommend the use of the 
short/long form rule together with a manual check of the results. We find this advisable 
since the number of terms generated by the rule is relatively small (288 terms) but 
significant: it for example adds the commonly used abbreviation "SSRIs" to the term 
"Selective Serotonin Reuptake Inhibitors". It can also be noted that about half of the 
terms generated by this rule were homonyms. This indicates that the rule gives rise to 
quite ambiguous terms, which is another reason why we recommend a manual check of 
the results of this rule. Our analysis revealed that even though the different rules for 
rewriting terms with parentheses or brackets had an impact on the number of rewritten 
terms found, the quality of the rewritten terms was not perfect. The terms giving most 
problems were the names of biological entities, such as a genetic locus or the activity of 
an enzyme. These problems might be solved by introducing the criteria that 
parentheticals at the beginning (end) of a term should only be removed if they are 
followed (preceded) by a white space. This however would cause the rules to miss 
obvious cases without a white space where rewriting is necessary, such as " [M]Lymphoid 
leukaemias" (where the [M] is specific for the Read Codes vocabulary). A more promising 
way to tackle this problem is to analyze what kind of strings are found between 
parentheticals in the UMLS and based on these findings try to rewrite the terms. Our 
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group has in this manner found that in 7,231 cases in the UMLS, the string between 
parentheses at the end of a term actually corresponds to the semantic type to which the 
term belongs. The implementation of this semantic type rule caused 259 new distinct 
terms to be found 218,838 times in our corpus and thus improves the recall of the UMLS-
based term matching. Using the rewrite rules that passed our evaluation (rules 1-5) we 
were able to identify 1,117,772 new occurrences of 14,784 rewritten terms in the corpus. 
Projecting the results from the manual evaluation of 100 random rewritten terms per 
rule, 26 of these 14,784 terms would be incorrect.  

Removal of erroneous synonyms improves the precision of the UMLS terms and 
removal of unnecessary terms and synonyms reduces the size of the UMLS, thus 
improving its efficiency. The evaluation of the suppression rules showed that all except 
one, namely the words > 5 rule, are safe to apply when the UMLS is to be used for 
concept identification in text.  

Use scenarios 

The following use scenarios illustrate the usefulness of the rules: 

1) Concept-based biomedical information extraction 

The rules that passed the evaluation in this work can be used to prepare the UMLS for 
use in a lexicon-based information extraction pipeline with the goal of identifying 
biomedical concepts in text. For illustration, we used the rules to prepare the UMLS for 
the indexing of MEDLINE abstracts with MetaMap. It is worth mentioning that most of the 
rules are already partly or fully implemented in MetaMap and that it is not possible to 
measure the exact effect of the different rules on MetaMap since MetaMap also performs 
a number of steps (part-of-speech tagging, shallow parsing and normalization) that all 
affect its performance. MetaMap also has an internal rule engine that cannot be switched 
on or off for specific rules. Indeed, by applying the rules to the UMLS and subsequently 
indexing a random set of 10,000 MEDLINE abstracts using MetaMap, only a minor 
increase in recall and precision was gained (31 additional concepts were recognized and 
95 concepts were suppressed, all manually checked and found to be correctly recognized 
or suppressed). It is worth noting that MetaMap is not designed to work on large 
corpora: indexing the 10,000 abstracts took 33 hours on a medium performance 
computer. Using Peregrine with the settings described in this paper, 17,674,805 citations 
(9,446,335 of these have an abstract) were indexed within the same amount of time.  

2) Chemical name identification 

In a separate study, we used the rules suitable for chemical terms as a pre-processing 
step in the creation of a multi-source chemical dictionary [110]. We used the suppression 
rules short token, dosages, at-sign, any underspecification, and miscellaneous, and the 
rewrite rules syntactic inversion, possessives, and short form/long form for this purpose. 
The dictionary was tested on a corpus annotated with chemical entities [111] and recall 
and precision was calculated. The rules doubled the precision, leaving the recall 
practically unchanged. From this use case it is obvious that the suppression rules played 
a large role in increasing the precision of a chemical dictionary by removing highly 
ambiguous terms that are rarely used as synonyms for chemicals in text. Examples of 
such synonyms are single letter acronyms and general English words. The rewrite rules 
played a less important role, only generating a few extra hits that did not influence the 
recall much.  

Limitations 

A limitation for the generalizability of our study is that we restricted ourselves to 
MEDLINE and did not include other types of text such as electronic patient records, which 
have a different structure that might influence the performance of the rules.  

Future work 

A restriction on size or on the type of content within parentheticals might lead to 
additional useful rewrite or suppression rules. Furthermore, a vocabulary-based 
suppression of terms in the UMLS might also be applicable since each vocabulary has 
been independently developed and adheres to its own rules. One could for example 
question the use of the vocabulary NCI modified Common Terminology Criteria for 
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Adverse Events v3.0, 2003 (NCI-CTCAE), for which only two out of the 4504 terms in the 
vocabulary were found in the corpus. A quick analysis of the terms in NCI-CTCAE showed 
that many of them may be useful for clinical applications but not for knowledge discovery 
aiming at for example finding links between chemicals and adverse events in free text. 
An example is the term "CTCAE Grade 1 Supraventricular extrasystoles (Premature Atrial 
Contractions; Premature Nodal/Junctional Contractions)", which is very specific but will 
not be found in free text. Another example comes from Read codes where an axis 
indicator as [M] is often used before a term.  

To further investigate the generalizability of the rules they should be tested on 
another type of text than MEDLINE, for example electronic patient records.  

Conclusions 

We recommend the usage of the five rewrite rules and seven suppression rules that 
passed our evaluation when the UMLS is to be used for term identification in free text. 
Using these five rewrite rules we were able to identify 1,117,772 new occurrences of 
14,784 rewritten terms in MEDLINE. Without the rewriting, we recognized 651,268 terms 
belonging to 397,414 concepts; with rewriting, we recognized 666,053 terms belonging 
to 410,823 concepts, which is an increase of 2.8% in the number of terms and an 
increase of 3.4% in the number of concepts recognized. Using the seven suppression 
rules, a total of 257,118 undesired terms were suppressed in the UMLS, thereby 
decreasing its size in megabyte by 25%, and 7,397 terms were suppressed in the corpus. 
By rewriting and suppressing the UMLS (and thereby increasing its recall and precision) it 
becomes more suitable for biomedical text mining purposes, such as information retrieval 
and knowledge discovery.  

All the rules evaluated in this paper can be applied to UMLS data by using the 
software program Casper, which is available online at http://www.biosemantics.org. 
Casper takes a UMLS data file as input and gives a rewritten and suppressed UMLS data 
file as output. This UMLS data file can then be used together with any concept 
recognition software of choice. Please note that Casper operates on UMLS data, for which 
a license is needed.  

Additional files 

The additional files of this chapter are freely available at the Journal of Biomedical 
Semantics website: http://www.jbiomedsem.com/content/1/1/5/additional 
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Abstract 

Motivation 

From the scientific community, a lot of effort has been spent on the correct identification 
of gene and protein names in text, while less effort has been spent on the correct 
identification of chemical names. Dictionary-based term identification has the power to 
recognize the diverse representation of chemical information in the literature and map 
the chemicals to their database identifiers.  
Results 

We developed a dictionary for the identification of small molecules and drugs in text, 
combining information from UMLS, MeSH, ChEBI, DrugBank, KEGG, HMDB and 
ChemIDplus. Rule-based term filtering, manual check of highly frequent terms and 
disambiguation rules were applied. We tested the combined dictionary and the 
dictionaries derived from the individual resources on an annotated corpus, and conclude 
the following: (i) each of the different processing steps increase precision with a minor 
loss of recall; (ii) the overall performance of the combined dictionary is acceptable 
(precision 0.67, recall 0.40 (0.80 for trivial names); (iii) the combined dictionary 
performed better than the dictionary in the chemical recognizer OSCAR3; (iv) the 
performance of a dictionary based on ChemIDplus alone is comparable to the 
performance of the combined dictionary.  
Availability 

The combined dictionary is freely available as an XML file in Simple Knowledge 
Organization System format on the web site http://www.biosemantics.org/jochem. 
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Introduction 

Biomedical text mining has been shown to be valuable for diverse applications in the 
domains of molecular biology, toxicogenomics, and medicine. The techniques behind 
current text mining applications focus, however, for a great part on the ability of the 
system to correctly identify gene and protein names in text, while less effort has been 
spent on the correct identification of chemical names [91, 112]. Indeed, the domains of 
genomics and chemistry have developed quite separate from each other, until now, with 
the important difference that genomic databases and the bioinformatics tools used to 
mine them arise from an open-source and open-access friendly community while 
chemistry has a long tradition of closedness and restricted access to data [75, 113]. This 
is, however, about to change as more and more chemical resources are becoming freely 
available [e.g. the chemistry search engine ChemSpider (http://www.chemspider.com)], 
giving rise to the new research field of chemical genomics [114-116]. ChemSpider has an 
internal dictionary containing links to many public chemical databases and provides web 
services to access the data. The dictionary is, however, not downloadable and there is no 
information published on how the dictionary was created and evaluated, which makes it 
difficult to include it in text mining applications.  

Finding biomedical terms in natural language is essential for biomedical text 
mining. Biomedical named entity recognition (NER) is the task of identifying the 
boundary of a substring and then map the substring to a predefined category [92]. 
Approaches to NER generally fall into three categories: dictionary-based systems, rule-
based systems and statistically based systems making use of different machine learning 
techniques [90]. The challenges of chemical name identification differ from the ones in 
the genomics field in the sense that the exact placement of tokens such as commas, 
spaces, hyphens and parentheses plays a much larger role. Chemical NER in general has 
been reviewed by Banville [117] and methods for confidence-based chemical NER have 
been evaluated by Corbett and Copestake [118]. According to Klinger et al. [77], the 
only chemical NER software freely available to the academic community is OSCAR3 
(http://sourceforge.net/projects/oscar3-chem) [119]. OSCAR3 uses a combined NER 
approach of overlapping 4 g together with a dictionary based on the Chemical Entities 
(CM) of Biological Interest (ChEBI) ontology [120].  

In this article, we focus on the task of term identification, which goes beyond NER 
to also include term mapping, i.e. the linking of terms to referent data sources. To 
achieve this, a dictionary with database links is essential. For instance, the Whatizit 
system is able to directly link protein names to their respective UniProt-ID using a 
dictionary generated from the UniProt database [121]. Naturally, the usefulness of the 
dictionary approach depends on the coverage of terms in the dictionary for the particular 
domain and how well the terms are suited for natural language processing. Recently, 
resources such as DrugBank [122] and the Unified Medical Language System (UMLS) 
metathesaurus [93] have been applied for the identification of drug names in text [123, 
124] [for a recent review of literature mining in support of drug discovery, see Agarwal 
and Searls [125]]. In this work, we aim at a broader level of chemical identification 
where also the organism's own biomolecules such as metabolites and signaling molecules 
are included, referred to as small molecules in the rest of this article. Dictionary-based 
approaches aiming at identifying small molecules in text have used different proprietary 
resources to create their dictionary: Singh et al. [126] used the proprietary Compound 
Knowledge Base system [127], and Zhu et al. [128] used the proprietary Chemical 
Abstracts Services (CAS) Registry numbers [129]. Due to a lack of annotated chemical 
compound test corpora, before the year 2008 only one study reported the recall and 
precision of a small-molecule dictionary: Zimmermann et al. [75] evaluated a dictionary 
consisting of the chemical part of the Medical Subject Headings (MeSH) [130] together 
with ChEBI using the ProMiner system [131] on a modified version of the GENIA corpus 
[76], and reported 80% precision and 99% recall. They, however, made it very clear that 
the high recall was due to the artificial nature of the test corpus (since CM in the GENIA 
corpus mostly consist of ion names (e.g. Ca+), these entities were removed and replaced 
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by compounds randomly picked from their small-molecule dictionary). Recently, Kolarik 
et al. [111] created a test corpus consisting of 100 manually annotated PubMed 
abstracts. Using a simple case insensitive string search, ignoring hyphens, they tested 
the recall and precision for MeSH headings, MeSH supplementary concept records, 
ChEBI, PubChem [132], DrugBank, KEGG drug [133], KEGG compound [134], Human 
Metabolome database (HMDB) [135], and for a combined version of the dictionaries, with 
the goal of gaining knowledge about the suitability for a dictionary with curation effort. 
The best recall was achieved using the a combination of all resources (precision 13%, 
recall 49%) and the best precision was achieved using KEGG drug (precision 59%, recall 
12%).  

The objectives of this study are (i) to create a combined dictionary to identify 
small molecules and drugs in free text, and (ii) to study the impact on precision and 
recall of term rewrite and suppress rules, manual check of highly frequent terms and 
disambiguation rules.  
 

Methods 

Choice of chemical resources 

We focused on freely available and downloadable terminology resources containing small 
molecules from the context of human studies. A description of resources included is 
provided below.  

Chemicals from a broad chemical space 

The UMLS (http://www.nlm.nih.gov/research/umls/) contains information about 
biomedical and health-related concepts, their various names and the relationships among 
them. It is provided by the US National Library of Medicine (NLM). All entities, henceforth 
referred to as concepts, in the UMLS are assigned a unique concept identifier (CUI); the 
terms belonging to the concept are, in turn, assigned a unique term identifier (LUI), a 
unique string identifier (SUI) and a unique atom identifier (AUI). We extracted concepts 
based on the CUI and terms based on the SUI. In addition, every concept has at least 
one semantic type from the Semantic Network 
(http://www.nlm.nih.gov/pubs/factsheets/umlssemn.html) assigned to it. These 
semantic types have been aggregated into semantic groups [136]. Similar to Wilbur et 

al. [137], we used the semantic types belonging to the semantic group ‘Chemicals & 
Drugs’ and removed the types T120 ‘Chemical Viewed Functionally’, T122 ‘Biomedical 
and Dental Material’ and T192 ‘Receptor’. In contrast, we excluded the semantic types 
T200 ‘Clinical Drug’ (e.g. ‘fluorescein 250 mg/ml injectable solution [fluorescein lite]’), 
T126 ‘Enzyme’ (e.g. ‘Kininase III’), T116 ‘Amino Acid, Peptide or Protein’ (e.g. ‘alpha 1-
antitrypsin-leukocyte elastase complex’) and T103 ‘Chemical’ (e.g. ‘Chemicals’), and in 
addition, we added the semantic type T129 ‘Immunologic Factor’ (e.g. ‘Efalizumab’). The 
different choice of removal or inclusion of semantic types compared with Wilbur et al. 
[137] was determined based on a manual analysis of a random set of 100 terms from 
each semantic type, with the criteria that the terms should mainly represent small 
molecules or drugs and be likely to be found in text. Since the UMLS does not contain 
CAS numbers or InChI strings, the concepts were mapped to CAS numbers via the MeSH 
identifier in the UMLS. The resulting dictionary will be referred to as UMLSchem.  
MeSH (http://www.nlm.nih.gov/mesh/) is a controlled vocabulary thesaurus from the 
NLM. The terms are organized in a hierarchy to which synonyms as well as inflectional 
term variants are assigned. Similar to the UMLS, every concept in MeSH has a semantic 
type attached to it. We extracted records concerning small molecules from MeSH by 
filtering for the same semantic types as we used for the UMLS. We will refer to this 
dictionary as MeSHchem.  
MeSH supplemental concept records (http://www.nlm.nih.gov/mesh/) are used to 
index chemicals, drugs and other concepts for MEDLINE and are searchable by Substance 
Name [NM] in PubMed. We extracted records concerning small molecules from MeSH by 
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filtering for the same semantic types as we used for the UMLS and MeSH. We will refer to 
this dictionary as MeSHsupp.  
Chemical Entities of Biological Interest (ChEBI) (http://www.ebi.ac.uk/chebi/) is an 
ontology of molecular entities, hosted by the European Bioinformatics Institute.  
PubChem (http://pubchem.ncbi.nlm.nih.gov/) is a component of the US National 
Institutes of Health's Molecular Libraries Roadmap Initiative and is organized as three 
linked databases (PubChem Substance, PubChem Compound and PubChem BioAssay) 
within the NCBI's Entrez information retrieval system. PubChem Substance is a chemical 
repository with little or no manual check and curation of the records. PubChem 
Compound is a subset of PubChem Substance which contains validated chemical 
depiction information but no chemical synonyms. In order to retrieve high-quality 
information while at the same time incorporating as many synonyms as possible, a 
PubChem subset dictionary was made consisting of the PubChem Substance records that 
contain a link to a PubChem Compound entry.  

Drug terminology 

DrugBank (http://www.drugbank.ca/) combines detailed drug data with drug target 
information. It is provided by the University of Alberta.  
KEGG drug (http://www.genome.jp/kegg/drug/) is a chemical structure-based 
information resource for all approved drugs in the US and Japan. It is maintained by the 
Kanehisa Laboratories. We will refer to this dictionary as KEGGd.  

Metabolic substances 

KEGG compound (http://www.genome.jp/kegg/compound/) is a database for metabolic 
compounds and other chemical substances that are relevant to biological systems. It is 
maintained by the Kanehisa Laboratories. We will refer to this dictionary as KEGGc.  
HMDB (http://www.hmdb.ca/) contains detailed information about small molecule 
metabolites found in the human body. HMDB is provided by the University of Alberta.  

Toxic substances 

ChemIDplus (http://www.nlm.nih.gov/pubs/factsheets/chemidplusfs.html) is a web-
based search system that provides access to structure and nomenclature authority files 
used for the identification of chemical substances cited in NLM databases, including the 
TOXNET system. NLM provides a ChemIDplus subset for download which does not include 
the structure or the toxicity data available from the NLM's online version of the database.  

Data extraction 

All data was downloaded on November 4, 2008. Since we aim to create a dictionary for 
small molecules and drugs, it is desirable that each separate record in the dictionary 
represents a unique substance. There are currently two accepted standards that provide 
unique identifiers for chemical substances: CAS Registry Numbers [proprietary, assigned 
by the CAS registry (http://www.cas.org/)] and InChI strings [non-proprietary, 
developed by International Union of Pure and Applied Chemistry (IUPAC) 
(http://www.iupac.org/inchi/)]. Only records containing CAS numbers or InChI strings 
were included in the extracted versions of the databases. Non-English terms [term 
contained a non-English language or a non-English country at the end of the term, e.g. 
3,4-Benzopirene (Italian)] and terms longer than 255 characters were removed. If a 
term contained the name of the original vocabulary or pharmaceutical company (for 
drugs) at the end of the term [e.g. Goserelin acetate (JAN/USP), Wellferon 
(GlaxoSmithKline)], this part was removed. For each database, we extracted the data 
from the fields used for entry term, synonyms, summary structures and identifiers 
(Supplementary Material 1). If available, the entry term was set as preferred term, 
otherwise the first synonym was used. After extraction, all resources were transformed 
into the Simple Knowledge Organization System (SKOS) thesaurus format 
(http://www.w3.org/TR/skos-reference/). SKOS provides a standard way to represent 
knowledge organization systems using the Resource Description Framework.  
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Dictionary pre-processing 

We have previously investigated the effect of a number of rewrite and suppress rules, 
collectively called filtering rules, on the terms in the UMLS [138]. The number of uniquely 
identified terms and their frequency in MEDLINE were computed before and after 
applying the rules. The 50 most frequently found terms together with a sample of 100 
randomly selected terms were evaluated per rule. Using the rewrite rules that passed our 
evaluation, we were able to identify 1 117 772 new occurrences of 14 784 rewritten 
terms, and using the suppress rules that passed our evaluation, a total of 257 118 were 
suppressed in the UMLS. We also implemented a software tool to apply these rules to the 
UMLS (http://biosemantics.org/casper). We decided to use the rules suitable for chemical 
terms to rewrite and suppress terms in the chemical dictionaries. The rules are listed and 
explained below together with references to the original sources.  
Short token filter rule [99, 101]: remove term if the whole term after tokenization 
and removal of stop words is a single character, or is an Arabic or Roman number (e.g. 
‘T’ as an abbreviation for ‘Tritium’). For this rule, the stop word list from PubMed 
(http://www.ncbi.nlm.nih.gov/books/bv.fcgi?highlight=stopwords&rid=helppubmed.table
.pubmedhelp.T43) was used. This rule resembles the one mentioned in McCray et al. 
[136] and Rogers and Aronson [101] with the difference that it takes each token into 
account separately.  
Dosages rule [136]: the original rule addressed terms belonging to certain term types 
in the UMLS, namely BD (fully specified drug brand name that can be prescribed), CD 
(Clinical Drug) or MS (Multiple names of branded and generic supplies or supplements). 
This rule was further refined by us to remove all terms that contain a dosage in percent, 
gram, microgram or milliliter (e.g. ‘Theophylline 0.4% and dextrose 5% in plastic 
container’ as a synonym for ‘Theophylline’).  
At-sign rule: this rule was implemented by us to remove terms that contain the @-
character (e.g. ‘sNqDLLQxbRvuUQX@’ as a synonym for ‘1,4-dibromobutan-2-ol’).  
Any underspecification rule  [101, 136]: remove terms that contain any of the following 
features: ‘not otherwise specified’, ‘not specified’ or ‘unspecified’; ‘NOS’ at the end of a 
term and preceded by a comma, or ‘NOS’ within parentheses or brackets at the end of a 
term and preceded by a space (e.g. ‘unspecified phosphate of chloroquine diphosphate’ 
as synonym for ‘chloroquine diphosphate’).  
Miscellaneous rule [101, 136]: remove terms that contain the following features: 
‘other’ at the beginning of a term and followed by a space character or at the end of a 
term and preceded by a space character, ‘deprecated’, ‘unknown’, ‘obsolete’, 
‘miscellaneous’ or ‘no’ at the beginning of a term and followed by a space character (e.g. 
‘no stereochem’ as synonym for ‘Encainide’).  
Syntactic inversion rule [101, 136]: add syntactic inversion of term if a term contains 
a comma followed by a space and does not contain a preposition or conjunction (e.g. 
‘acid, gamma-vinyl-gamma-aminobutyric’ is rewritten to ‘gamma-vinyl-gamma-
aminobutyric acid’). We added the condition that only one such pattern of a comma 
followed by a space is to be found in a term for the rule to be executed.  
Possessives rule [101, 136]: remove the possessive ‘s’ at the end of a term (e.g. 
‘Ringer's lactate’ rewritten as ‘Ringer lactate’) and add the rewritten term.  
Short form/long form rule [104]: add short form and long form of term [e.g. 
‘Hydrogen chloride (HCL)’ is split into ‘Hydrogen chloride’ and ‘HCL’]. The rule is based on 
the abbreviation finding algorithm described by Schwartz and Hearst [104]. The 
algorithm achieved 96% precision and 82% recall on a standard test collection, which 
was as good as existing approaches at the time [104] and still competitive according to 
recent comparison studies [105, 106]. An advantage of the algorithm is that, unlike other 
approaches, it does not require any training data. Two extra conditions were added to 
the original rule by Schwartz and Hearst: (i) the short form must be found at the end of 
the term, and (ii) the first letter of the short form should be the same as the first letter of 
the long form. These conditions were added in order to adjust the rule to extract 
abbreviations from a dictionary instead of from biomedical text.  

Manual check of highly frequent terms 
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A set of 100 000 randomly selected MEDLINE abstracts were indexed (see Section 2.5) 
with each dictionary, and the top 500 most frequent terms found in the set per dictionary 
were selected for manual evaluation. If they corresponded to a general English term (e.g. 
‘access’), they were added to a master list of unwanted terms. This master list was then 
used to filter all dictionaries separately.  

Data resource combination 

We merged entries if they had the same CAS numbers [similar to Zimmerman et al. 
[75]], database identifier, or InChI string.  

Identification of chemical names 

For the term and concept identification, we used our concept recognition software 
Peregrine [139]. The Peregrine system was designed with two goals in mind. First of all, 
it should be easy to maintain. There is only a single step (manual check of highly 
frequent terms) that requires human involvement when implementing a new lexicon. The 
second goal was speed. Because Peregrine does not rely on part-of-speech tagging or 
natural language parsing, it is very fast: 100 000 MEDLINE records can be processed in 
213 s on a standard PC. The whole of MEDLINE can be processed within a single day 
[140]. The Peregrine system translates the terms in the dictionary into sequences of 
tokens or words. When such a sequence of tokens is found in a document, the term, and 
thus the chemical associated with that term, is recognized in the text. Some tokens are 
ignored, since these are considered to be non-informative (‘of’, ‘the’, ‘and’ and ‘in’). We 
used Peregrine with the following settings: case-insensitive, word-order sensitive and 
largest match. In its default setting, the tokenizer in Peregrine considers everything that 
is not a letter or a digit to be a word delimiter. To fine-tune the tokenizer for chemical 
concept recognition we made the following adjustments: full stops, commas, plus signs, 
hyphens, single quotation marks and all types of parentheses ((, {, [) were excluded 
from the word delimiter list. After tokenization, the tokens were stripped of trailing full 
stops, commas and non-matching parentheses. Parentheses were also removed if they 
surrounded the whole token. In addition, a list of common suffixes was used to remove 
these suffixes at the end of tokens (Supplementary Material 2). The suffix list was 
obtained by scanning the whole UMLS (i.e. not just the chemical part) for suffixes that 
were English verbs or adjectives.  
 

 

Figure 1. Term disambiguation scheme. 
 

Disambiguation rules 

Disambiguation of terms is important since terms not only can have different meanings 
(‘word senses’) in a dictionary but also in text (e.g. ‘BAP’ is a shared synonym between 
the two chemicals ‘Benzo(a)pyrene’ and ‘Benzyladenine’ and has an additional 44 
meanings according to Acronym Finder (http://www.acronymfinder.com), including 
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‘Blood Agar Plate’, ‘BiP-Associated Protein’ and ‘British Association of Psychotherapists’). 
Word-sense disambiguation algorithms can be distinguished as supervised, unsupervised 
or using established knowledge {Alexopoulou, 2009 #96;Edmonds, 2006 #97}. 
Peregrine uses established knowledge to disambiguate terms on the fly during the 
indexation process. Specifically, Schuemie et al. [108, 141] evaluated a number of rules 
to disambiguate gene names found in text. These disambiguation rules are potentially 
also applicable to chemical names. Disambiguation of terms found in text was carried out 
as follows (Fig. 1). We first determine whether a term is a dictionary homonym, i.e. if it 
refers to more than one entity in the dictionary. If the term is a dictionary homonym, but 
it is the preferred term of that entity, it is further handled as if it is not a dictionary 
homonym. If the term is not a dictionary homonym it still needs further processing since 
it can have many meanings in text. Therefore, terms that are not complex (i.e. longer 
than five characters or containing a number) are also considered potential homonyms, 
and require extra information to be assigned. A (potential) homonym is only kept if (i) 
another synonym of the entity is found in the same piece of text; (ii) a keyword (i.e. a 
word or ‘token’ that occurs in any of the long-form names of the small molecule, and 
appears less than 1000 times in the dictionary as a whole) is found in the same piece of 
text.  

Annotated test corpus 

The annotated corpus (http://www.scai.fraunhofer.de/chem-corpora.html) from Kolarik 
et al. (2008)[111] was used to test the chemical dictionaries. The corpus consists of 100 
MEDLINE abstracts with 1206 annotated chemical occurrences divided into the following 
groups: multi-word systematic names (IUPAC, 391 occurrences), partial chemical names 
(PART, 92 occurrences), sum formulas (SUM, 49 occurrences), trivial names (including 
single word IUPAC names) (TRIV, 414 occurrences), abbreviations (ABB, 161 
occurrences) and chemical family names (FAM, 99 occurrences). Larger drug molecules 
such as protein drugs were not annotated. See Kolarik et al. [77] for details on the 
creation of the corpus.  

Results 

Dictionary characteristics 

The number of concepts in the dictionaries before any processing and removal of 
concepts that did not have a CAS number or InChI string were the following: ChEBI 20 
606; ChemIDplus 367 358; DrugBank 4776; HMDB 6892; KEGGc 13 543; KEGGd 7737; 
MeSHchem 6831; MeSHSupp 100 198; PubChem 3 987 338; UMLSchem 197 578. Table 
1 shows the characteristics of the different dictionaries after applying filtering and 
manual check of highly frequent terms. No dictionary was completely covered by another 
which justifies a combination of all dictionaries (Supplementary Material 3). Most 
dictionaries contain non-unique records, i.e. two or more records with the same CAS 
number or InChI string. These records were merged when the combined dictionary was 
created. The number of terms affected by the filtering rules and manual check of highly 
frequent terms per dictionary can be found in Supplementary Material 4. The master list 
of unwanted terms from the manual check of highly frequent terms that was used to 
filter all the dictionaries (258 terms) can be found in Supplementary Material 5. 
  
Table 1. Contents of the different vocabularies after removal of concepts lacking a CAS 
number or InChI string and application of filter rules and manual check of highly 
frequent terms 

Dictionary Concepts Terms CAS numbers InChI strings 

ChEBI 11 428 65 409 6436 (6295) 11 212 (11 152) 

ChemIDplus 260 393 1 378 808 260 393 (260 393) – 

DrugBank 4540 37 508 2240 (2218) 4381 (4208) 

HMDB 6859 75 957 2683 (2537) 6857 (6734) 

KEGGc 11 976 31 143 7695 (7661) 11 875 (11 738) 
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KEGGd 6927 18 697 6769 (6670) 6140 (6083) 

MeSHchem 2897 29 023 2897 (2897) – 

MeSHsupp 19 137 92 918 19 137 (19 137) – 

PubChem 383 043 2 121 960 420 737 (395 108) 16 222 (16 108) 

UMLSchem 47 508 126 470 47 509 (18 703) – 

Combined 377 849 2 600 445 400 899 (400 899) 50 254 (50 25 
Notably, PubChem contains more unique CAS numbers than unique concepts. There can be various reasons for 
the ‘extra’ CAS numbers for a compound. For example, the CAS registry may assign different CAS numbers for 
the same compound based on properties such as purity, polymorphism, or country of registration. 

     
aThe numbers in parentheses refer to the number of unique CAS numbers or InChI strings. 
 

Dictionary performance 

Dictionary term strings that matched the start and end positions of the chemical term 
strings in the corpus constituted true positives (TP), dictionary term strings that did not 
match were false positives (FP) and chemical term strings in the corpus that were not 
matched were false negatives (FN). Recall (R), precision (P) and F-score were computed 
in the usual way:  

• Recall=TP/(TP+FN) 

• Precision=TP/(TP+FP) 

• F-score=(2 × P × R)/(P+R)  

Table 2 shows the effect of preprocessing and disambiguation on precision and recall for 
each of the dictionaries. The values reported by Kolarik et al. [77] are also shown, if 
available. It is clear that the preprocessing steps and the disambiguation rules have a 
strong positive influence on the precision of all dictionaries. We also achieve higher recall 
and precision than Kolarik et al. [77] for most dictionaries even in the unprocessed 
stage, which may be explained by updates of the dictionaries since the study by Kolarik 
et al. [111], by our additional criteria to only include entities with a CAS number or InChI 
string, and by our refined search strategy. The combined version of all dictionaries after 
executing all the preprocessing steps and disambiguation rules had the highest recall 
(0.39) but the lowest precision (0.62) compared with all the separate dictionaries using 
disambiguation (Table 2), which led us to investigate the possibility to exclude resources 
with low precision to further improve the precision of the combined dictionary without 
loss of recall. PubChem had the lowest precision (0.58) of all dictionaries before 
application of the disambiguation rules, which raises questions about the quality of the 
data. Indeed, in a recent publication by Richard et al. [142] concerning chemical 
information available in databases and through search engines, the quality of chemical 
information in PubChem was described as ‘user beware’. Also Williams [116] expressed 
concerns about the accuracy of some of the identifiers associated with PubChem 
compounds. In addition, all resources that we used claim to perform manual curation of 
the data except for PubChem. When PubChem was left out of the combined dictionary it 
achieved a precision of 0.67 and a recall of 0.40, both higher than for the combined 
dictionary without PubChem. When removing the dictionary with the second lowest 
precision before disambiguation (ChemIDplus: 0.60), the precision of the combined 
dictionary rose to 0.69 but at the cost of lower recall (0.37) (for comparison, ChemIDplus 
alone achieved better precision with the same recall; Table 2). Since the removal of 
PubChem from the combined dictionary improved both the recall and the precision, the 
combined dictionary without PubChem was used for further analysis. Notably, the curated 
dictionary with disambiguation rules applied has much higher precision (0.67) than the 
combined dictionary reported by Kolarik et al. [111] (0.13), with a difference in recall of 
9 percentage points. The combined dictionary without PubChem contains 1 692 020 
terms belonging to 278 577 concepts. Of these concepts, 266 705 have a CAS number 
and 34 146 have an InChI string. The curated combined dictionary (PubChem excluded) 
with disambiguation rules applied had the highest F-score (F=0.50) at a reasonable 
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precision (0.67), closely followed by the curated version of ChemIDplus with 
disambiguation rules applied (F=0.49, precision=0.71). Overall, the recall was best for 
the TRIV class of entities (Supplementary Material 6), with ChemIDplus as the best 
performing dictionary (recall 0.82) and the combined dictionary (PubChem excluded) as a 
close number two (0.80). The PART class of entities had the lowest recall of all classes 
(0.00) with the combined dictionary (PubChem excluded) and PubChem as the best 
performing dictionary (0.04). The PART class is, however, more relevant when the corpus 
is going to be used for machine learning purposes since parts of chemical names are not 
expected to be found in dictionaries. This class was, therefore, left out of the error 
analysis in Section 3.3.  
 

Table 2. Precision (P), recall (R) and F-score (F) of the dictionaries for the annotated 
corpus 

  
Precision (P), recall (R) and F-score (F) of the dictionaries for the annotated corpus  
To investigate the effect of a general normalization procedure on chemical terms, we ran 
an analysis using the normalization program norm that comes with the LVG normalizer 
[143]. The LVG normalizer operates after the tokenization has taken place but before 
disambiguation of terms. The normalization procedure constitutes lower casing each 
token, converting each token to its base form, ignoring punctuation and sorting the 
tokens in a multi-token term into alphabetic order. The analysis run resulted in one 
percentage point lower precision and one percentage point higher recall. The additional 
terms resulting in the higher recall for the combined dictionary, however, all 
corresponded to family names being mapped to a single chemical in the dictionary (e.g. 
diphenols mapped to diphenol), which for the purpose of term identification is to be 
considered an error. The lower precision was caused by the removal of punctuation, a 
very important feature of chemical terms, which introduces unnecessary homonyms in 
the dictionary [e.g. ‘(-)-Catechol’ (CAS 18829-70-4) becomes the same as ‘Catechol’ 
(CAS 120-80-9)]. To further illustrate the importance of punctuation in chemical term 
identification, we ran an analysis using the original tokenizer in Peregrine (Section 2.5). 
This run resulted in a precision of 0.42 and a recall of 0.40, the much lower precision 
mainly arising from erroneous partial mapping of terms. In contrast, the original 
tokenizer in Peregrine has produced good results (precision 0.75, recall 0.76) for a 
combined dictionary of gene names on the BioCreAtIvE 2 test set [139]. We used an 
updated version of the combined dictionary of gene names on the same BioCreAtIvE 2 
test set with the two different tokenizers, resulting in a precision of 0.74 and recall of 
0.81 (F=0.77) for the original tokenizer and a precision of 0.76 and a recall of 0.79 
(F=0.77) for the modified tokenizer. Judged by these results, punctuation is less 
important for gene names than for chemical names.  

Dictionary Unprocessed Filtered Curated Disambiguation Kolarik 

  P R F P R F P R F P R F P R F 

ChEBI 0.21 0.28 0.24 0.58 0.28 0.38 0.63 0.28 0.39 0.71 0.25 0.37 0.13 0.27 0.18 

ChemIDplus 0.27 0.41 0.33 0.43 0.4 0.41 0.6 0.4 0.48 0.71 0.37 0.49 – – – 

DrugBank 0.4 0.22 0.28 0.5 0.22 0.31 0.7 0.21 0.32 0.77 0.19 0.3 0.33 0.13 0.19 

HMDB 0.21 0.22 0.21 0.57 0.21 0.31 0.66 0.21 0.32 0.71 0.18 0.29 0.21 0.16 0.18 

KEGGc 0.43 0.25 0.32 0.58 0.25 0.35 0.7 0.25 0.37 0.72 0.23 0.35 0.3 0.24 0.27 

KEGGd 0.63 0.16 0.26 0.73 0.16 0.26 0.76 0.16 0.26 0.78 0.16 0.27 0.59 0.12 0.2 

MeSHchem 0.7 0.23 0.35 0.7 0.23 0.35 0.74 0.23 0.35 0.75 0.22 0.34 0.34 0.27 0.3 

MeSHsupp 0.75 0.08 0.14 0.75 0.08 0.14 0.82 0.08 0.15 0.83 0.07 0.13 0.15 0.1 0.12 

PubChem 0.24 0.47 0.32 0.39 0.47 0.43 0.58 0.47 0.52 0.73 0.35 0.47 0.15 0.33 0.21 

UMLSchem 0.43 0.32 0.37 0.62 0.32 0.42 0.74 0.32 0.45 0.78 0.29 0.42 – – – 
Combined 
(PubChem 
included) 0.18 0.49 0.26 0.36 0.49 0.42 0.51 0.49 0.5 0.62 0.39 0.48 0.13 0.49 0.21 
Combined 
(PubChem 
excluded) 0.2 0.47 0.28 0.39 0.46 0.42 0.55 0.46 0.5 0.67 0.4 0.5 – – – 

For comparison, the results from Kolarik et al. (2008) have also been included. 
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To compare a pure dictionary-based term identification approach with a combined NER 
approach, we ran OSCAR3 on the corpus. To make the comparison as fair as possible, 
only CM were counted, thus excluding the other entity classes in OSCAR3 (ASE=enzyme, 
CPR=chemical prefix, RN=reaction, CJ=chemical adjective, ONT=ontology term). Using 
this approach, OSCAR3 had a precision of 0.45 and a recall of 0.82 on the corpus, giving 
an F-score of 0.58. If only entities that had been mapped to the dictionary in OSCAR3 
(we will refer to these as OSCAR3_dict) were taken into account, the system achieved a 
precision of 0.68 and a recall of 0.25, giving an F-score of 0.37, comparable to the 
curated version of ChEBI in our approach with disambiguation rules applied. Recall values 
for the different entity classes are presented in Table 3. The curated combined dictionary 
had the highest recall value for the TRIV class of entities, which also was the highest for 
that class for all approaches. OSCAR3_dict scored higher than the curated combined 
dictionary for the PART and FAM classes of entities. OSCAR3 had a high recall over all 
entity classes.  
 
Table 3. Recall values for the entity classes as defined by Kolarik et al. (2008) using 
the curated combined dictionary with disambiguation rules applied (=Combined), 
OSCAR3 (=OSCAR3) and the dictionary in OSCAR3 (=OSCAR3_dict) 

Entity class Combined OSCAR3 OSCAR3_dict 

IUPAC (391) 0.21 0.82 0.08 

PART (92) 0.04 0.84 0.1 

SUM (49) 0.29 0.82 0 

TRIV (414) 0.8 0.79 0.5 

ABB (161) 0.22 0.84 0.08 

FAM (99) 0.19 0.84 0.44 

  

Error analysis 

We performed a manual error analysis for the combined curated dictionary with 
disambiguation rules applied and the results from OSCAR3 and OSCAR3_dict. A random 
set of maximum 25 false negatives from each class (Table 4) and a random set of 50 
false positives (Table 5) were analyzed for each approach. We defined six error 
categories for the false negatives: partial match (e.g. only ‘azaline’ in ‘azaline B’ was 
recognized); annotation error (e.g. only part of the chemical name has been marked in 
the text: ‘thiophen’ in ‘thiophene’); not in dictionary; removed by disambiguation (e.g. 
single letter ‘T’); removed by manual check of highly frequent terms (e.g. ‘acid’); and 
tokenization error [e.g. ‘Ca(2+)’ will not be found in the sentence ‘… free calcium 
concentration ([Ca(2+)]i) of human peripheral blood lymphocytes…’ due to the 
positioning of the ‘i’ that does not allow the surrounding brackets to be removed from the 
entity]. For the false positives, we defined four error categories: partial match; 
annotation error; out of corpus scope (e.g. larger drug molecules such as protein drugs); 
not a chemical (e.g. ‘n=34’ was tokenized and mapped to ‘N 34’, which is a synonym for 
Calcium Carbonate). The major reason that entities were not found (i.e. were false 
negatives) was that they simply were not in the combined curated dictionary or the 
dictionary in OSCAR3_dict, or for OSCAR3, were not recognized by the NER algorithm 
(Table 4). For the combined curated dictionary, this holds true for all classes except ABB, 
for which a larger part was removed during the disambiguation step. This is not 
surprising since abbreviations are notoriously ambiguous and difficult to resolve. For 
OSCAR3, the exceptions are instead the IUPAC class, where a majority of the false 
negatives were only partially found and the SUM class for which the tokenizer performed 
poorly. For the false positives, it was clear that the corpus is not optimal for a dictionary 
that aims at both small molecules and drugs, since larger drug molecules have not been 
annotated in the corpus. This was true for 42% of the entities in the random set for the 
combined dictionary approach, 32% of the entities in the random set for the 
OSCAR3_dict and 26% of the entities in the random set for OSCAR3 (Table 5). Another 
major source for the false positives using all approaches was partial matches of longer 
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chemical names. For OSCAR3, it can be noted that it recognized a higher percentage of 
non-CM than the combined dictionary and OSCAR3_dict.  
 
Table 4. Error analysis of a random sample of max 25 false negatives from each class 
for the combined curated dictionary (PubChem excluded) with disambiguation rules 
applied (=Comb.), OSCAR3 (=OSC) and the dictionary part of OSCAR3 (=OSC_d) 
Error type TRIV SUM IUPAC FAM ABB 

  
Co

mb 
OS

C 
OSC

_d 
Co

mb 
OS

C 
OSC

_d 
Co

mb 
OS

C 
OSC

_d 
Co

mb 
OS

C 
OSC

_d 
Co

mb 
OS

C 
OSC

_d 

Partial match 3 1 3 0 0 0 0 23 3 0 4 2 0 3 0 
Annotation 
error 2 2 3 0 0 1 1 2 1 0 0 0 0 0 0 
Not in 
dictionary/recog
nized 15 21 19 16 0 22 24 0 21 24 12 23 8 18 25 
Removed by 
disambiguation 5 0 0 7 0 0 0 0 0 1 0 0 12 0 0 
Removed by 
manual check of 
highly frequent 
terms 0 0 0 1 0 0 0 0 0 0 0 0 2 0 0 
Tokenization 
error 0 1 0 1 9 2 0 0 0 0 0 0 3 4 0 

 
Table 5. Error analysis of a random sample of 50 false positives for the combined 
curated dictionary (PubChem excluded) (=Combined) with disambiguation rules applied, 
OSCAR3 (=OSCAR3) and the dictionary part of OSCAR3 (OSCAR3_dict) 
Error type False positives 

  Combined OSCAR3 OSCAR3_dict 

Partial match 15 9 20 

Annotation error 6 6 9 

Out of corpus scope 21 13 16 

Not a chemical 8 22 5 

 

Discussion 

For all dictionaries, the best F-scores in combination with high precision are reached with 
the disambiguation rules applied. Disambiguation is, therefore, of high importance when 
the dictionaries are to be used for text mining purposes. The combined curated dictionary 
(excluding PubChem) with disambiguation rules applied had the best F-score of all of the 
separate curated dictionaries with disambiguation rules applied, even better than 
PubChem and ChemIDplus which themselves are made up of combinations of different 
resources. Still, the good performance of the combined dictionary can be weighted 
against the time-consuming process of downloading, curating and combining all the 
different resources. The best alternative to a combined dictionary would be ChemIDplus, 
which showed a minor difference in performance compared with the combined dictionary. 
The downloadable version of ChemIDplus does, however, not contain InChI strings.  

The largest part of the false positives could be contributed to the fact that not all 
chemicals were tagged in the corpus. Even though the corpus is a welcome initiative, it is 
not ideal for the testing of a dictionary that is a combination of small molecules and 
drugs since large drug molecules such as protein drugs are not annotated. The other 
major factor that caused false positives was that parts of chemical terms were recognized 
as whole entities. This happened because the dictionary did not contain the larger term. 
A way around this would be to first determine the boundaries of a chemical and then map 
it to a dictionary. This, however, seems to only partly solve the problem since even 
though OSCAR3 uses such an approach, it scored high in the partial match error category 
for both the false negatives (class IUPAC) and the false positives. The fact that more 
than half of the false positives were caused by problems that have nothing to do with the 
dictionary (entity out of corpus scope, or annotation error), put the relatively low 
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precision of 0.67 in a different light. If these false positives would be excluded from the 
analysis, the combined dictionary would have a precision of 0.90.  

According to our study, a recall of 0.49 (at a precision of 0.51) would be the 
highest achievable recall for a pure dictionary approach to term recognition and mapping. 
This is the recall reached by the curated combined dictionary (PubChem included) 
without disambiguation rules applied. Kolarik et al. [111] reached the same recall at a 
precision of 0.13. If higher recall is desired, an approach such as has been implemented 
in OSCAR3, i.e. a combined NER approach using machine learning together with a 
dictionary, would be the better choice. This approach has, however, the disadvantages of 
lower precision (at least on the corpus used in this study) and an incomplete mapping of 
entities to external data sources. The precision of OSCAR3 on the corpus (0.45) is lower 
than what has been reported by Corbett et al. [144] on a non-public PubMed corpus 
(0.75), but the recall (0.82) is better (Corbett et al. reported a recall of 0.74). Notably, 
many (44%) of the false positives arising from OSCAR3 fell under the non-CM error 
category. These were mainly abbreviations of entities such as ‘CNS’ for ‘Central Nervous 
System’ or ‘AD’ for ‘Alzheimer Disease’ or text structures that resemble CM such as ‘11a–
c’ or ‘IC(50)’. The false positives arising from non-chemical abbreviations could possibly 
be removed with the use of the disambiguation rules described in this study. If the false 
positives that were due to corpus mismatch and annotation errors are removed from the 
calculation, the precision is still lower (57.3%) but at least closer to the one earlier 
reported. The difference in precision and recall can be due to differences in the 
annotation scheme of CM underlying the training corpus used in OSCAR3 and the corpus 
by Kolarik et al. [111]. The dictionary in OSCAR3 had a lower recall than the combined 
dictionary [precision 0.68 (0.84 when corrected for corpus mismatch and annotation 
errors) and recall 0.25 versus precision 0.67 (0.90 when corrected for corpus mismatch 
and annotation errors) and recall 0.40], which suggests that the dictionary in OSCAR3 
would benefit from a combined dictionary approach. However, embedding the combined 
dictionary from this study in OSCAR3 is out of the scope of this article and we suggest 
this for future research.  

In our study and in the study by Kolarik et al. [111], an important class with low 
recall was IUPAC. The main reason for not finding these entries was that they simply 
were not present in the combined dictionary, even though IUPAC-like names had been 
added when available. Clearly, dictionary-based term identification is not capable of 
identifying multiple-term systematic names to a satisfactory extent since not enough of 
these types of names are available in current resources. If only a synonym for an entity 
is missing, this might be solved by term variant generation but if the whole entity is 
missing from the dictionary it can only be solved by adding the entity to the dictionary. 
Spelling errors might be helped by fuzzy matching [145-148], with a possible cost to 
precision. In contrast, machine-learning or rule-based systems have reported good 
performance for the recognition of multiple-term systematic names [e.g. Klinger et al. 
reported an F-score of 0.82 on a PubMed corpus for their method based on conditional 
random fields (CRFs) and CRFs was also used in a high proportion of entries in the latest 
BioCreative evaluation [149], OSCAR3 had a recall of 0.82 for the IUPAC class of entities 
on the corpus used in this study, Corbett and Copestake an F-score of 0.83 for a system 
of cascaded classifiers on a PubMed corpus and Wren [150] a recall of 0.93 with an 
average precision of 0.83 (depending upon the cutoff score used) for a first order Markov 
model on a PubMed corpus], but then the problem remains of mapping a term to its 
referent data source.  

The lower recall of 0.40 for the combined dictionary with the disambiguation rules 
applied compared to without disambiguation is foremost due to the problem associated 
with the disambiguation of abbreviations and summary structures. Yu et al. [151] divided 
the problem of disambiguating abbreviations into two types. First, abbreviations may be 
disambiguated (‘defined’) near their occurrence in the text. The second type of 
abbreviation appears without the intended full form nearby. This second type of 
abbreviation is more prevalent and harder to disambiguate [151, 152]. Abbreviations and 
summary structures of chemicals are of the second type, in the sense that they are used 
in abstracts to a large extent without the long form of the term, which will cause these 
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entities to be removed since there is not enough extra information to make sure that 
they actually represent a CM. Using full text articles instead of abstracts might be an 
answer but unfortunately there has been a report of high (75%) occurrence of 
abbreviations without their long forms also in full text articles [151]. To resolve this, 
another way of taking the context into account is needed, using for example document 
labeling. If a document is labeled, a term could be assigned directly if it was not an in-
dictionary homonym.  
 

Conclusions 

In this article, we present a method to prepare a chemical dictionary for dictionary-based 
text mining. We conclude that preprocessing of terms with limited manual check of highly 
frequent terms together with disambiguation rules increase precision with a minor loss of 
recall, leading to a an acceptable overall performance for a combined dictionary. In 
addition, the combined dictionary performed better than the dictionary in the state-of-
the-art chemical recognizer OSCAR3. We also conclude that ChemIDplus performs almost 
as well as a combined version of all dictionaries.  
 

Supplementary information:  

Supplementary data are available at Bioinformatics online: 
http://bioinformatics.oxfordjournals.org/content/25/22/2983/suppl/DC1 
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Abstract 

Background 

Previously, we developed a joint chemical dictionary (Jochem) for the identification of 
small molecules and drugs in text based on a number of publicly available databases and 
tested it on an annotated corpus. To achieve an acceptable recall and precision we used a 
number of automatic and semi-automatic processing steps together with disambiguation 
rules. However, it remained to be investigated which impact an extensive manual 
curation of a multi-source chemical dictionary would have on chemical term identification 
in text. ChemSpider is a chemical database that has undergone extensive manual 
curation aimed at establishing valid chemical name-to-structure relationships. 

Results 

We acquired the component of ChemSpider containing only manually curated names and 
synonyms. Rule-based term filtering, semi-automatic manual curation, and 
disambiguation rules were applied. We tested the dictionary from ChemSpider on an 
annotated corpus and compared the results with those for the Jochem dictionary. The 
ChemSpider dictionary of ca. 80 k names was only a 1/3 to a 1/4 the size of Jochem at 
around 300 k. The ChemSpider dictionary had a precision of 0.43 and a recall of 0.19 
before the application of filtering and disambiguation and a precision of 0.87 and a recall 
of 0.19 after filtering and disambiguation. The Jochem dictionary had a precision of 0.20 
and a recall of 0.47 before the application of filtering and disambiguation and a precision 
of 0.67 and a recall of 0.40 after filtering and disambiguation. 

Conclusions 

We conclude the following: (1) The ChemSpider dictionary achieved the best precision 
but the Jochem dictionary had a higher recall and the best F-score; (2) Rule-based 
filtering and disambiguation is necessary to achieve a high precision for both the 
automatically generated and the manually curated dictionary. ChemSpider is available as 
a web service at http://www.chemspider.com/ and the Jochem dictionary is freely 
available as an XML file in Simple Knowledge Organization System format on the web at 
http://www.biosemantics.org/Jochem. 
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Background 

Finding chemical terms in free text is essential for text mining aimed at exploring how 
chemical structures link to biological processes [117]. However, the techniques behind 
current text mining applications have mainly focused on the ability of the system to 
correctly identify gene and protein names in text, while less effort has been spent on the 
correct identification of chemical names [2,3][91, 112]. This is however about to change 
as more and more chemical resources are becoming freely available [114-116]. For 
example, resources such as DrugBank [122] and the Unified Medical Language System 
metathesaurus (UMLS) [93] have been applied for the identification of drug names in 
text [123, 124] (for a recent review of literature mining in support of drug discovery see 
Agarwal and Searls [125]). Briefly, the challenges of chemical name identification differ 
from the ones in the genomics field in the sense that the exact placement of tokens such 
as commas, spaces, hyphens, and parentheses plays a much larger role. Chemical 
named entity recognition (NER) in general has been reviewed by Banville [117] and 
methods for confidence-based chemical NER have been evaluated by Corbett and 
Copestake [118]. 

In this paper we focus on the task of term identification, which goes beyond NER 
to also include term mapping, i.e. the linking of terms to reference data sources. In the 
case of chemicals, they can also be identified by a specific structure representation such 
as a connection table, an InChI string or a simplified molecular input line entry 
specification (SMILES). To achieve this, a dictionary with database links, or structures, is 
essential. Naturally, the usefulness of the dictionary approach depends on the coverage 
of terms in the dictionary for the particular domain and how well the terms are suited for 
natural language processing. Previously, we developed a combined dictionary named 
Jochem for the identification of small molecules and drugs in text based on a number of 
publicly available databases and tested it on an annotated corpus [110]. To achieve an 
acceptable precision (0.67) and recall (0.40) we used a number of automatic and semi-
automatic processing steps together with disambiguation rules. However, it remained to 
be investigated which impact an extensive manual curation of a multi-source chemical 
dictionary would have on chemical term identification in text. We expect that a higher 
precision can be reached with a manually curated dictionary. 

Around 8% of the chemicals in Jochem contain structure information in the form 
of InChI strings. It should be noted that we did not validate the correctness of the 
association between the chemical names and the chemical structures/compounds as that 
was not the focus of the work. The challenges of chemical NER are clearly not limited 
only to the identification and extraction of a particular chemical name but also the 
association of the chemical name with an appropriate chemical structure or compound. 
ChemSpider [153] is an online database of chemical compounds and associated data and 
was developed with the intention of building a structure-centric database for the 
chemistry community. The chemicals contained within the database are sourced from 
over 200 different data sources including chemical vendors, government databases, 
commercial databases, open notebook science projects, blogs and personal chemistry 
collections deposited by members of the community. During the process of integrating 
and associating data from various sources the ChemSpider development team has 
identified a multitude of issues in regards to the quality of chemical structure 
representations. These include varying levels of accuracy in stereochemistry, the mis-
association of chemical names with chemical entity and a myriad of other issues whereby 
chemical names are associated with incorrect chemical structures. The challenge here is 
one of assertion - what is a "correct" chemical structure and who asserts that it has a 
specific representation? While the chemical structure of benzene can be represented as 
either a series of alternating single and double bonds or as in a Kekule form, the 
connection table of atoms and bonds as captured in an electronic format remains 
consistent. In terms of compounds of biological interest the structure representation for a 
particular drug is based on the collective wisdom of the company registering the 
compound, the patent representation and a multitude of databases containing associated 
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information. The challenges of both conventions and assertions are taken into account 
when creating a validated dictionary of chemical names and associated structure 
representations. 

As a result of the challenges associated with poor quality chemical name-structure 
relationships ChemSpider was developed to include a curation platform whereby chemists 
could participate directly in the validation of the relationships. A web-based interface to 
approve, delete and add chemical names to chemical entities was delivered and a multi-
level curator role was established so that when members of the community made 
suggested changes to the relationships master curators would then further investigate 
and approve their work. ChemSpider was released to the community in March 2007 and 
many tens of thousands of curation actions have provided a highly curated dictionary. 

The objective of this study is to determine the impact of manual curation of 
chemical name-structure relationships on the precision and recall of chemical term 
identification. 

Results 

The ChemSpider dictionary was filtered according to a set of pre-processing steps and 
tested on an annotated corpus (see Methods for details on the pre-processing steps and 
the corpus). Before pre-processing, the ChemSpider dictionary contained 157,173 terms 
belonging to 84,065 entities and after pre-processing 160,898 terms belonging to 84,059 
entities. The processed version of Jochem contains 1,692,020 terms belonging to 
278,577 entities. Dictionary term strings that matched the start and end positions of the 
chemical term strings in the corpus constituted true positives (TP), term strings that 
were not marked as chemical term strings in the corpus but still matched a dictionary 
term string were false positives (FP), and chemical term strings in the corpus that were 
not matched were false negatives (FN). Recall (R), precision (P), and F-score were 
computed in the usual way: 

• Recall = TP/(TP+FN) 

• Precision = TP/(TP+FP) 

• F-score = (2*P*R)/(P+R) 

Table 1 shows the effect of pre-processing and disambiguation on precision and recall for 
the dictionaries. It is clear that the pre-processing steps and the disambiguation rules 
have a strong positive influence on the precision of both dictionaries. The ChemSpider 
dictionary had higher precision (0.87) and lower recall (0.19) compared to the Jochem 
dictionary (precision 0.67 and recall 0.40). The Jochem dictionary had the highest F-
score (0.50). A combination of both dictionaries showed changes of less than 1 
percentage point in recall and precision values (results not shown). The combination was 
created by matching concepts on CAS numbers and/or InChI strings, resulting in a 
merged dictionary with 317, 275 concepts. The overlap between the dictionaries was 
calculated to 45,361 concepts. 

Overall, the recall was best for the TRIV class of entities (Table 2), with Jochem as 
the best performing dictionary (recall 0.80). The PART class of entities had the lowest 

Table 1. Precision (P), recall (R) and F-score (F) of the dictionaries on the annotated 
corpus. 

Dictionary Unprocessed         Filtered 
Frequent terms 
correction Disambiguation 

  

  P R F P R F P R F P R F 
  

ChemSpider 0.43 0.19 0.26 0.81 0.19 0.31 0.85 0.19 0.31 0.87 0.19 0.31 

Jochem 0.2 0.47 0.28 0.39 0.46 0.42 0.55 0.46 0.5 0.67 0.4 0.5 
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recall of all classes (0.00, ChemSpider dictionary). The PART class is however more 
relevant when the corpus is going to be used for machine learning purposes since parts 
of chemical names are not expected to be found in dictionaries. This class was therefore 
left out of the error analysis below. 

Error analysis 

We performed a manual error analysis for the dictionaries with disambiguation rules 
applied (see Methods). The major reason that entities were not found (i.e., were false 
negatives) was that they simply were not in the dictionaries (Table 3). For the Jochem 
dictionary, this holds true for all classes except ABB for which most belong to the 
category "removed by disambiguation". The major source of false positives for both 
dictionaries was partial matches of longer chemical names (Table 4). Notably, 
ChemSpider only had one entity out of corpus scope and no entities that were non-

chemicals. 

Discussion 

The Jochem dictionary had the highest recall and the best F-score, but a lower precision 
than the ChemSpider dictionary. The precision of 0.87 (at a recall of 0.19) for the 
ChemSpider dictionary is the best reported for a chemical dictionary on the corpus used 
in this study. From the analysis of the false positives it was obvious that the ChemSpider 
dictionary was less out of the scope of the corpus and contained less non-chemical 
names than Jochem. As mentioned in previous work [110], the false positives in the 
categories entity out of corpus scope and annotation error might possibly be excluded 
from the analysis because these errors cannot be attributed to the dictionaries. When the 
false positives from these categories were excluded, Jochem had a precision of 0.82 and 
ChemSpider a precision of 0.91.  

Table 2. Recall values for the entity classes per dictionary. 

Entity class ChemSpider Jochem 

IUPAC (391) 0.08 0.21 

PART (92) 0 0.04 

SUM (49) 0.25 0.29 

TRIV (414) 0.45 0.8 

ABB (161) 0.01 0.22 

FAM (99) 0.02 0.19 

IUPAC: multiword systematic names, PART: partial chemical names, SUM: sum formulas, TRIV: trivial names 
(including single word IUPAC names), ABB: abbreviations, FAM: chemical family names. 

Table 3. Error analysis of a random sample of max 25 false negatives from each class 
for ChemSpider (CS) and Jochem (CL). 

Error type TRIV SUM IUPAC FAM ABB 

  CS CL CS CL CS CL CS CL CS CL 

Partial match 0 3 0 0 0 0 0 0 0 0 

Annotation error 0 2 0 0 0 1 0 0 0 0 

Not in dictionary 25 15 22 16 25 24 25 24 25 8 

Removed by disambiguation 0 5 0 7 0 0 0 1 0 12 
Removed by manual check of highly 
frequent terms 0 0 0 1 0 0 0 0 0 2 

Tokenization error 0 0 3 1 0 0 0 0 0 3 
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Worth noticing is that the precision for the manually curated dictionary from 
ChemSpider on the corpus without the use of the pre-processing steps was about half 
compared to the processed version. A reason for this might be that the dictionary was 
not curated with text-mining purposes in mind. For example, synonyms such as "As" for 
"Arsenic" might be correct but will give rise to many false positives when the dictionary is 
used for text mining. However, it should be noted that the ChemSpider team used their 
own curated dictionaries as the basis of their semantic markup approaches on the 
ChemMantis [154] platform. Their entity extraction approach accounted for direct 
identification of elements and included a list of stop words to allow for improved 
precision. 

The recall for the Chemspider dictionary is substantially lower than that of Jochem 
in all categories except for the SUM class. It is to be expected that the ChemSpider 
dictionary scores lower for the FAM class since ChemSpider is a structure-centered 
database, but the relatively low recall for the IUPAC, TRIV and ABB classes were 
surprising. We therefore performed a search in the online version of ChemSpider (August 
8, 2009) for the false negatives in these classes. Indeed, an additional 3 of the random 
25 IUPAC false negative, 20 of the 25 random TRIV false negatives, and 10 of the 25 
random ABB false negatives were found in the online version of ChemSpider. These 
differences might be explained by the update speed of the online ChemSpider database 
as hundreds of thousands of chemical entities can be added within a week. As of 
September 2009 there are eight million chemical entities waiting to be deduplicated into 
the ChemSpider database and there has been an increase of almost 10% in the unique 
number of chemical entities since this manuscript was started. There are presently over 
23 million unique chemicals in the database. 

Since despite the increased volume of ChemSpider only three of the 25 random 
IUPAC false negatives were found in the online version of ChemSpider, we performed a 
structural evaluation of the remaining 22 false negatives. This deep analysis of the 
structures of the false negatives from the IUPAC class highlights three different issues: 
firstly the annotation of the corpus, secondly the sometimes inconsistent or incorrect way 
scientists write chemical names in articles, and thirdly the ChemSpider database 
coverage. 

The annotation issues follow. Two chemicals were annotated as IUPAC in the 
corpus but did not respond to unique structures (e.g. hexa-acetyl was annotated as 
IUPAC in the sentence "...it formed a hexa-acetyl derivative..."). We argue that these 
chemicals should be annotated as PART instead. Two cases were not chemical names but 
internal abbreviations in the abstract (e.g (S)-(-)-3-PPP). We argue that these should 
belong to the ABB class instead. These four cases reflect the relatively low annotator 
agreement on the corpus (80%) [111]. One annotation error concerns two chemicals 
after each other that were annotated as one in the sentence "On interaction with 
anhydrous potassium acetate 14-bromcarminomycinone (III) yield 14-
acetoxycarminomycinone (IV)". Five annotation "errors" were family names (e.g. 1-
(carboxyalkyl)hydroxypyridinones). These cases are however not annotation errors 
according to the class definition of the FAMILY class in Kolarik et al. [111], where 
"Substances used as bases for building various derivatives and analogs were tagged as 
IUPAC, not as FAMILY (e.g. 1,4-dihydronaphthoquinones)", but they are not expected to 
be found in ChemSpider since ChemSpider focuses on single compounds. 

The way chemical names are written in articles concern the following cases: two 
were too generic to correspond to unique structures (e.g. 5-O-tetradecanoyl-2,3-

Table 4. Error analysis of the false positives (percentage) for ChemSpider and Jochem. 

Error type False positives 

  ChemSpider Jochem 

Partial match 21 (64%) 96 (41%) 

Annotation error 11 (33%) 29 (13%) 

Out of corpus scope 1 (3%) 79 (34%) 

Not a chemical 0 28 (12%) 
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dideoxy-L-threo-hexono-1,4-lactone), and six were non-systematic names for which no 
structure could be drawn (e.g. N-(trifluoroacetyl)-14-phenyl-14-selenaadriamycin). Since 
ChemSpider strives to include only valid structures, these names are not expected to be 
found using ChemSpider. The poor quality of chemical names in common usage was 
discussed by Bretcher [155] already in the year 1999 and is 10 years later still an issue. 
Although many chemistry journals nowadays have rules about the naming of compounds 
and demands on the addition of structure information, this information has not always 
been updated for older issues, and unfortunately few MEDLINE abstracts contain 
structure information. 

Database coverage applies to the following cases: three chemicals were present in 
the database as structures but lacked the specific synonym used in the abstract, and one 
was not present at all in the database at the time of this study (8-(methylthio)-
1,2,3,4,5,6-hexahydro-2,6-methano-3-benzazocine) but has since been added to the 
database. These cases therefore fit into the not in dictionary category. 

The fact that many of the random false negatives were found in the online 
ChemSpider database put the low recall of the manually curated ChemSpider dictionary 
in a different light. The ongoing online community-based annotation of chemical names 
in ChemSpider will ensure an increase in recall of the dictionary while hopefully 
maintaining the precision, and surely the important link to chemical structure. Jochem 
requires a more thorough accuracy check of text-mining results due to the lower 
precision compared to the ChemSpider dictionary but will retrieve more entities. On the 
other hand, in contrast to ChemSpider, Jochem is downloadable in its whole and can be 
used as a basis for the creation of a manually curated chemical dictionary for text 
mining. Structure information can be added for the entities lacking this information once 
it is available in the underlying databases. 

Partial matches of compounds were an important issue for both dictionaries and 
something that might be solved by detection of chemical name boundaries before 
matching. However, the false positives in this category did not decrease when a system 
that uses this type of information (OSCAR3, available at 
http://sourceforge.net/projects/oscar3-chem) was tested [110] and further testing of 
different algorithms for chemical name boundary detection in combination with dictionary 
look-up is needed. 

Conclusions 

We conclude the following: (1) The Jochem dictionary had the highest recall (0.40) and 
the best F-score (0.50), but a lower precision (0.67) than the ChemSpider dictionary; the 
ChemSpider dictionary achieved the best precision (0.87) but at a cost of lower recall 
(0.19) than the Jochem dictionary; It should be noted that the ChemSpider dictionary of 
ca. 80 k names was only a 1/3 to a 1/4 the size of Jochem at around 300 k and this 
would be expected to dramatically impact recall. (2) Rule-based filtering and 
disambiguation is necessary to achieve a high precision for both the automatically 
generated and the manually curated dictionary. 

 

Experimental 

Dictionary pre-processing 

The combined chemical dictionary Jochem has been described elsewhere [110]. Briefly, it 
is based on the following resources: the chemical part of the Unified Medical Language 
System metathesaurus (UMLS) [93], the chemical part of the Medical Subject Headings 
(MeSH) [130], the ChEBI ontology [120], DrugBank [122], KEGG drug [156], KEGG 
compound [134], the human metabolome database (HMDB) [135], and ChemIDplus 
[157]. Data from the fields used for entry term, synonyms, summary structure, and 
database identifiers were used to build the Jochem dictionary. CAS registry numbers 
[158] and Beilstein reference numbers [159] were not used for text mining due to their 
presumed ambiguity with other number types in text. CAS numbers do have a specific 
format that should help identify them in text and might be included as synonyms in 
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future releases of the dictionary. Entries were merged if they had the same CAS number, 
database identifier (cross-reference), or InChI string. No manual curation was performed 
to ensure the correctness of merged entities. A set of rules was used to rewrite and 
suppress terms in the dictionary and a manual check for highly frequent terms was 
performed [110]. Briefly, we removed a term if (1) the whole term after tokenization and 
removal of stop words is a single character, or is an arabic or roman number (e.g. "T" as 
an abbreviation for "Tritium"); (2) the term contained any of the following features: a 
dosage in percent, gram, microgram or milliliter, "not otherwise specified", "not 
specified", or "unspecified", "NOS" at the end of a term and preceded by a comma, or 
"NOS" within parentheses or brackets at the end of a term and preceded by a space, 
"other" at the beginning of a term and followed by a space character or at the end of a 
term and preceded by a space character, "deprecated", "unknown", "obsolete", 
"miscellaneous", or "no" at the beginning of a term and followed by a space character 
(e.g. "unspecified phosphate of chloroquine diphosphate" as synonym for "chloroquine 
diphosphate"); (3) the term corresponded to a general English term in the top 500 most 
frequent terms found in a set of 100,000 randomly selected MEDLINE abstracts indexed 
with the Jochem dictionary. We added (1) the syntactic inversion (e.g. "acid, gamma-
vinyl-gamma-aminobutyric" is rewritten to "gamma-vinyl-gamma-aminobutyric acid"); 
(2) the stripped possessive version (e.g. "Ringer's lactate" rewritten to "Ringer lactate"); 
(3) the long form and short form version of a term (e.g. "Hydrogen chloride (HCL)" is 
split into "Hydrogen chloride" and "HCL"). Since a rewritten term will be added to the 
dictionary without removing the original term, an increase in synonyms after using the 
rewrite rules will take place. 

We acquired a dictionary subset from the chemical database ChemSpider 
(February 12, 2009), containing only manually annotated names and synonyms. Before 
manual curation, robots had been used to ensure that there were no inappropriate 
correspondences between the chemical names and the chemical structures. For example, 
it is rather common in the public databases to have the chemical names of salts despite 
the fact that the chemical itself may be a neutral compound. A series of processing runs 
to clean up mis-associations in the following manner improved the validity of names 
associated with structures: 1) for names containing chloride, bromide, iodide, and 
fluoride check the molecular formulae for the presence of the associated halogens in the 
molecular formula and treat as necessary; 2) for names containing nitrite, nitrate, 
sulfate/sulphate, and sulfite/sulphite, check molecular formulae for presence of nitrogen 
or sulphur and remove names as necessary; 3) for hydrate/dihydrate, check for presence 
of one or more waters of hydration and remove names as appropriate; 4) convert names 
to chemical structures using commercial software tools and check for consistency and 
flag as checked by robots. This is a different level of curation than checked by humans. 
The manually annotated names are those approved primarily by users of ChemSpider 
and then further validated by master curators. The result is a highly curated database of 
chemical structures with their associated manually curated identifiers. These identifiers 
are not limited to systematic names and trade names but also include CAS registry 
numbers, EINECS or ELINCS numbers [160] and Beilstein reference numbers. In order to 
make a fair comparison with the Jochem dictionary, we applied the same filtering rules 
and manual check for highly frequent terms to the ChemSpider dictionary as were 
previously applied to the Jochem dictionary. This time, the manual check for highly 
frequent terms was based on a MEDLINE indexation using the ChemSpider dictionary. 

 

Term identification 

We used our concept recognition software Peregrine [139] to index a corpus of annotated 
chemical abstracts from Kolarik et al. [111] http://www.scai.fraunhofer.de/chem-
corpora.html . The Peregrine system translates the terms in the dictionary into 
sequences of tokens. When such a sequence of tokens is found in a document, the term, 
and thus the chemical associated with that term, is recognized. Some tokens are ignored, 
since these are considered to be non-informative ('of', 'the', 'and', 'in'). The tokenizer in 
Peregrine considers everything that is not a letter or a digit to be a word delimiter. 
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Similar to Hettne et al. [110], we made the following adjustments to the tokenizer: full 
stops, commas, plus signs, hyphens, single quotation marks and all types of parentheses 
((, {, [) were excluded from the word delimiter list. After tokenization, the tokens were 
stripped of trailing full stops, commas and non-matching parentheses. Parentheses were 
also removed if they surrounded the whole token. In addition, a list of common suffixes 
was used to remove these suffixes at the end of tokens [59]. We used Peregrine with the 
following settings: case-insensitive, word-order sensitive and largest match. 

The annotated corpus consists of 100 MEDLINE abstracts with 1206 annotated 
chemical occurrences divided into the following groups: multiword systematic names 
(IUPAC, 391 occurrences), partial chemical names (PART, 92 occurrences), sum formulas 
(SUM, 49 occurrences), trivial names (including single word IUPAC names) (TRIV, 414 
occurrences), abbreviations (ABB, 161 occurrences), and chemical family names (FAM, 
99 occurrences). Larger drug molecules such as protein drugs had not been annotated in 
the corpus [111]. The creators used a simple system for detecting IUPAC names [77] to 
select abstracts containing at least one found entity. Next to abstracts selected with this 
procedure, they selected abstracts containing problematical cases as well as abstracts 
containing no entities. The inter-annotator F1 was 80% when recognizing the boundaries 
without considering the different classes. 

We indexed the corpus using three versions of the ChemSpider dictionary: 
unprocessed, filtered (after application of the filtering rules), and frequent terms 
correction (after the check for frequent English terms). To compare the effect of 
disambiguation rules during the indexing process we used the same rules as in Hettne et 
al. [13]. That is, we first determine whether a term is a dictionary homonym, i.e., if it 
refers to more than one entity in the dictionary. If the term is a dictionary homonym, but 
it is the preferred term of that entity, it is further handled as if it is not a dictionary 
homonym. If the term is not a dictionary homonym it still needs further processing since 
it can have many meanings in text. Therefore, terms that are shorter than five characters 
or do not contain a number are also considered potential homonyms, and require extra 
information to be assigned. A (potential) homonym is only kept if (1) another synonym of 
the entity is found in the same piece of text; (2) a keyword (i.e., a word or "token" that 
occurs in any of the long-form names of the small molecule, and appears less than 1000 
times in the dictionary as a whole) is found in the same piece of text. The results from 
the ChemSpider dictionary were compared to the results previously reported for the 
Jochem dictionary. 

 

Error analysis 

A random set of maximum 25 false negatives from each class of entities in the corpus, 
the 232 false positives for Jochem, and the 33 false positives for the ChemSpider 
dictionary were analyzed. For comparison, we used the same error categories for the 
false negatives and false positives as in Hettne et al. [110]. For the false negatives, these 
were: partial match (e.g. only "beta-cyclodextrin" in "hydroxypropyl beta-cyclodextrin" 
was recognized); annotation error (e.g. only part of the chemical name has been marked 
by the annotators in the text: "thiophen" in the sentence"... Gewald thiophene synthesis 
was...", or a whole entity has been overlooked by the annotators); not in dictionary; 
removed by disambiguation (e.g. single letter "T"); removed by manual check of highly 

frequent terms (e.g. "Me"); and tokenization error (e.g. "Ca(2+)" will not be found in the 
sentence "...free calcium concentration ([Ca(2+)]i) of human peripheral blood 
lymphocytes..." due to the positioning of the "i" that does not allow the surrounding 
brackets to be removed from the entity). The error categories for the false positives 
were: partial match; annotation error; out of corpus scope (e.g. larger drug molecules 
such as protein drugs); not a chemical (e.g. the term "metabolite"). 
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Abstract 

Most methods for the interpretation of gene expression profiling experiments rely on the 
categorization of genes, as provided by the Gene Ontology (GO) and pathway databases. 
Due to the manual curation process, such databases are never up-to-date and tend to be 
limited in focus and coverage. Automated literature mining tools provide an attractive, 
alternative approach. We review how they can be employed for the interpretation of gene 
expression profiling experiments. We illustrate that their comprehensive scope aids the 
interpretation of data from domains poorly covered by GO or alternative databases, and 
allows for the linking of gene expression with diseases, drugs, tissues and other types of 
concepts. A framework for proper statistical evaluation of the associations between gene 
expression values and literature concepts was lacking and is now implemented in a 
weighted extension of global test. The weights are the literature association scores and 
reflect the importance of a gene for the concept of interest. In a direct comparison with 
classical GO-based gene sets, we show that use of literature-based associations results in 
the identification of much more specific GO categories. We demonstrate the possibilities 
for linking of gene expression data to patient survival in breast cancer and the action and 
metabolism of drugs. Coupling with online literature mining tools ensures transparency 
and allows further study of the identified associations. Literature mining tools are 
therefore powerful additions to the toolbox for the interpretation of high-throughput 
genomics data.  
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Background 

Gene expression profiling has become an important technology in modern molecular 
biology, but the interpretation of gene expression data is still a challenging task. Many 
gene expression studies reveal expression changes in large numbers of genes. The 
characterization of these changes, for instance in terms of involved biological processes, 
remains difficult and requires an overview of the very large amount of information on 
gene function currently available. Gene annotation databases are commonly used in 
characterization efforts. They group genes according to a shared feature, such as 
involvement in the same biological process. KEGG [161], Biocarta and NetPath [162] are 
among the best known catalogues for metabolic and signal transduction pathways. 
Alternative gene annotation schemes based on protein function, localization and 
expression regulation are available from Gene Ontology (GO) [163] and the molecular 
signature database (MSigDB) [20].  

The gene annotation databases are intensively used to identify functional 
categories, represented by gene sets, which show an association with the gene 
expression data. A wide variety of methods have been proposed for this task (see ref. 
[164] for an overview). In brief, three different types of statistical tests can be 
discriminated: (i) tests for the overrepresentation of a gene set in a list of differentially 
expressed genes using a hypergeometric or equivalent test (see ref. [165] for an 
overview); (ii) methods that use the p-values of all the genes [166, 167]. Well known is 
the gene set enrichment analysis (GSEA), that uses ranked p-values and tests whether 
the ranks of genes in a gene set differ from a uniform distribution [20, 168]; (iii) 
regression analyses that use the actual expression levels of the genes in the gene set 
and test whether these are associated with the studied phenotype, an example is the 
global test [9, 169, 170].  

A serious argument can be made in favor of this last type of tests. The resulting 
p-value has a clear interpretation in the context of the experiment (the probability there 
are no differentially expressed genes in the gene set), confounders can be included in the 
model and the test procedure can be generalized from a test for a single gene (a gene 
set with size one) to a gene set containing all genes. For a further discussion of 
methodological issues we refer to the review by Goeman and Bühlmann [171].  

Results and discussion 

Automated gene annotation 

The construction of gene annotation databases is mostly a manual process in which 
genes are annotated based on information in scientific publications [172]. Due to its 
labor-intensive nature, manual annotation efforts struggle to keep up-to-date [173] and 
focus on a limited subject area. Also, these databases provide a black and white view: a 
gene is either part of a category or not. This implies that some inclusion criterion must be 
used during the annotation, and that all genes are of similar importance to what the gene 
set represents. However, this may not accurately reflect biology and is not very flexible.  

Automated text mining can complement manual approaches, as the automation 
can provide a broader scope, as well as that it more easily provides up-to-date 
information and adaptability. The field of text mining has grown rapidly in recent years, 
with several applications for gene expression data analysis. A selection of web-based 
tools is given in Table 1. The majority of tools work with gene lists. They can retrieve 
concepts or terms strongly associated to the selected genes, [174] and/or cluster the 
genes to retrieve functionally coherent subclusters [36, 37, 39, 64, 81-83, 175-181]. The 
main differences between methods are on the following three aspects: First, which 
information is retrieved from the texts. One approach is to rely on the words of the texts 
directly [81, 180], with some approaches using the automatic combination of related 
words through a factor analysis to reduce the dimensionality [176, 182]. Another 
approach relies on a thesaurus and a tagging engine to identify thesaurus entries in texts 
[36, 39, 64]. Second, methods vary in how texts are linked to genes. Some tools rely on 
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thesaurus based approaches to identify references to genes in texts [37, 64], whereas 
others rely on automated Pubmed queries [179, 180] or manual gene to document links 
such as provided by NCBI’s Entrez gene [181, 182]. Third, the way the associations 
between terms and genes are calculated. Some approaches focus on direct co-
occurrences between genes or concepts in documents [39], whereas other approaches 
allow indirect relations, e.g. two genes regularly co-occur with the same term, to play a 
role in a variety of ways [82, 183]. Apart from the tools that focus on retrieving gene 
relations from a list of genes, some methods retrieve functional associations shared 
between gene lists of different experiments [49, 66]. Finally, text mining can be used in 
combination with other resources in an integrated framework to retrieve functional 
associations between the genes [184].  
 
Table 1. Useful websites for literature-aided interpretation of gene expression profiling 
data 
Name  Description  Website 

Anni  Versatile text mining tool. Exploration of associations 
used in the literature weighted globaltest.  

www.biosemantics.org/anni 

Babelomics  Platform for the analysis of transcriptomics, 
proteomics and genomic data with functional 
profiling.  

babelomics.bioinfo.cipf.es 

Biocarta  Pathway database.  www.biocarta.com 

ConceptGen  An enrichment testing and concept mapping tool that 
includes MeSH-based gene sets  

conceptgen.ncibi.org 

CoPub  A text-mining based enrichment testing tool  services.nbic.nl/cgi-
bin/copub3/CoPub.pl 

GenCLiP  Clustering of gene lists by literature profiling and 
constructing gene co-occurrence networks  

www.genclip.com 

Gene Ontology  Controlled vocabulary for the functonal annotation of 
genes.  

www.geneontology.org 

Gene2MeSH  Contains co-occurrences between genes and MeSH 
terms  

gene2mesh.ncibi.org 

Genelist 
Analyzer  

Statistical evaluation of overrepresentation of 
literature concepts in gene lists  

workerbee.igb.uiuc.edu:8080/BeeSpa
ce/Search.jsp 

Global test  Homepage of the global test R package.  www.bioconductor.org/packages/rele
ase/bioc/html/globaltest.html 

Hanalyzer  Gene network visualization and reasoning tool based 
on literature, ontology and database mining  

hanalyzer.sourceforge.net 

Literature 
weighted global 
test  

Described in this paper  biosemantics.org/weightedglobaltest 

KEGG  Metabolic and regulatory pathway database  www.genome.jp/kegg 

MILANO  Automated searches in Medline for co-occurrence 
with gene-based search terms  

milano.md.huji.ac.il 

MSigDB  Molecular signatures database, gene sets that 
accompany the GSEA test  

www.broadinstitute.org/gsea/msigdb 

NetPath  Curated signal transduction pathways in humans  www.netpath.org 

Pubgene  Contains module that displays literature co-
occurrence networks  

www.pubgene.org 

 

Literature-based annotation and statistical testing 

The analyses performed by the mentioned text mining-based approaches are of an 
exploratory nature, and do not provide a statistical evaluation for the identified 
associations in the context of the performed experiment. However, text mining 
algorithms can readily be combined with the three previously mentioned classes of 
statistical approaches for evaluating gene annotation categories. A class one approach 
could simply entail the creation of gene sets, for instance by applying a threshold on the 
literature derived association scores between genes and biomedical concepts. Sartor et 

al. [67] provide literature-based gene sets in their tool ConceptGen, which uses 
Gene2MeSH (http://gene2mesh.ncibi.org) to identify gene and MeSH term pairs with a 
significantly higher number of co-occurrences than expected by chance. Frijters et al. 
[69] and Leong and Kipling [70] calculate biomedical term over-representation for a set 
of regulated genes in a similar fashion to standard class one over-representation tools. 
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Several text-mining approaches have been published that resemble the earlier mentioned 
class two, GSEA-like approach. Kueffner et al. [185] integrate the rank of the genes after 
sorting on p-value with an analysis of the literature. However, their approach is based on 
factorization which complicates the interpretation of their results, and does not include 
formally testing retrieved associations. Minguez et al. [72] test if a ranked list of genes 
shows a significant correlation with the genes’ associations to a biomedical term. These 
associations are based on the literature and reflect the extent to which rate a gene and a 
biomedical term occur together in documents exceeds the rate expected by chance.  

However to our knowledge, no class three, or regression analysis based text 
mining tool has been published. Here we introduce the literature-weighted global test to 
use text mining-derived associations in combination with a regression based analysis of 
gene expression changes.  

The literature-weighted global test 

The literature-weighted global test is able to identify biomedical concepts associated with 
gene expression changes in genome-wide expression studies. The approach integrates 
previously developed text mining approaches [49, 83, 186] with the global test [9, 21, 
169], a statistical framework to evaluate if a set of genes shows significant changes in 
gene expression.  

In our framework, the sources of textual information are abstracts from MEDLINE, 
a bibliographical database. We use a thesaurus to identify textual references to 
biomedical concepts in the texts. Concepts have a definition, a list of synonymous terms 
and can be linked to, for instance, online databases. In the thesaurus, concepts are 
grouped by semantic categories such as ‘gene’, ‘drug’ or ‘neoplastic process’ and this 
grouping can be used to select interesting sets of biomedical concepts. After the 
identification of concepts in texts, we let concepts be represented by the set of 
documents in which they are mentioned. Subsequently, we use so-called concept profiles 
to characterize the textual information associated to concepts. A concept profile is a list 
of concepts with for every concept a weight to indicate its importance.  

The vector product of two concept profiles is a measure for the strength of the 
association between two concepts. Before, association scores between concept profiles 
have successfully been used to infer functional associations between genes [82, 83] and 
between genes and GO codes [186], to infer novel genes associated with the nucleolus 
[51], and to identify new uses for drugs and other substances in the treatment of 
diseases [187]. We have developed Anni [64] to provide a versatile and user-friendly tool 
to work with concept profiles (www.biosemantics.org/anni). The tool can be used for a 
wide variety of queries, such as finding functional associations between genes or 
retrieving all the genes associated to a disease, and can also serve as a literature-based 
knowledge discovery tool.  

The global test brings a whole framework for statistical testing, including 
analytical graphs and the ability to test for several types of response variables, such as 
two state, multi state and continuous variables, as well as survival. We propose to 
incorporate text-mining derived information in the test, by weighing the participation of 
genes in the test based on the match of their concept profiles with the concept profile of 
a biomedical concept (see the Supplementary Data for implementation details). 

Figure 1 illustrates how the different resources are used and interact. The input 
for the global test is a data set of appropriately normalized gene expression 
measurements and the definition of the experimental variable (e.g. survival time of 
subjects). The literature-derived association scores used to weight the participation of 
genes in the test are provided in matrices that can be downloaded from our regularly 
updated website (http://biosemantics.org/weightedglobaltest). The literature-weighted 
global test calculates a test statistic and a p-value for every biomedical concept tested. 
Diagnostic plots are available, for instance to study the contribution of individual genes to 
the test statistic. The literature evidence underlying the inferred associations between a 
gene and a biomedical concept can be studied with our online tool Anni [64]. 
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Figure 1. Overview of the literature-weighted global test framework (Description in 
paragraph ‘The literature-weighted global test’). Concepts are characterized by concept 
profiles, reflecting the literature context in which a concept is mentioned. Association 
scores reflect the overlap in concept profiles are used to calculate association score 
between genes and other concepts. These association scores serve as the weights for the 
literature weighted global test (represented by the balance). The literature-weighted 
global test calculates a test-static and estimates a p-value for every concept evaluated 
and provides diagnostic plots to study the contribution of individual genes to the test 
statistic. Literature evidence underlying the inferred associations between a gene and a 
biomedical concept can be studied with the online tool Anni 
(www.biosemantics.org/anni) 
 
Below we will illustrate the approach, and compare it to a standard GO analysis, by 
analyzing three data set s in different biomedical domains: (i) cardiac arrhythmia, a 
biomedical domain that is poorly covered by GO; (ii) breast cancer metastasis, where we 
demonstrate the use of patient survival data; (iii) peroxisome proliferator alpha function, 
where gene expression profiles are linked to drug metabolism.  

Evaluation 

Cardiac development and TBX3  

Cardiac development and function are domains poorly covered by GO or other gene 
annotation databases. The literature-weighted global test can be of assistance in this 
type of domains as other classes of concepts can be evaluated. Here, we analyze a 
comparison between normal mouse atrial working myocardium and atria in which the 
transcription factor TBX3 was ectopically expressed. TBX3 expression is usually confined 
to the cardiac conduction system and represses properties of the working myocardium, 
such as fast conduction and contraction, and high level of metabolic activity [188-190]. 
Ectopic expression causes the spread of the conduction myocardium properties, such as 
pacemaker activity, slow conduction and contraction and reduced metabolic activity. In 
these hearts frequent spontaneous contractions and arrhythmias are observed.  
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We tested the semantic category ‘pathologic function’ for association with gene 
expression changes (Table 2). Fifteen of the twenty-five most significant pathological 
functions were found to be associated with disturbances of cardiac conduction or ion 
channel activity, in line with the observed phenotypes of the hearts of the mutant mice.  
 
Table 2.The top 25 most significant concepts retrieved by the literature weighted global 
test for the category ‘Pathological Function’ on the TBX3 data set 
Rank  Concept    p-value 

1 Chronic dilatation  *  1.91E-05 

2 Glycogen depletion   2.07E-05 

3 Neonatal bradycardia  *  3.10E-05 

4 Global developmental delay   3.72E-05 

5 Electrolyte imbalance  *  4.45E-05 

6 Fatty infiltration   4.64E-05 

7 Abnormal cardiac conduction  *  5.01E-05 

8 Cardiac arrhythmia  *  5.14E-05 

9 Ventricular Couplet  *  5.75E-05 

10 Ventricular arrhythmia  *  5.85E-05 

11 Sinus bradycardia  *  6.29E-05 

12 Cardiac Arrest  *  6.43E-05 

13 Neonatal hypoxia   6.52E-05 

14 Upper motor neurone lesion   6.97E-05 

15 Sudden cardiac death  *  7.03E-05 

16 Neurogenic muscular atrophy   7.42E-05 

17 Tetanic uterine contractions   7.53E-05 

18 Sudden death  *  7.79E-05 

19 Tachycardia, Ventricular  *  8.08E-05 

20 Left coronary artery occlusion   8.33E-05 

21 Progressive atrophy   8.35E-05 

22 Ventricular fibrillation and flutter  *  8.59E-05 

23 Ectopic atrial pacemaker  *  8.66E-05 

24 Diffuse atrophy   8.77E-05 

25 Premature ventricular contraction  *  8.95E-05 
Concepts marked with an asterisk are associated with disturbances of cardiac conduction or ion channel 

activity. The p-values have been corrected for multiple testing according to Holm’s method. 
 
GO-terms can be represented by concept profiles. This enables a direct comparison of the 
literature-weighted global test and the standard global test based on the GO consortium 
gene sets, shown in Table 3 for the GO branch Biological Processes (see Supplementary 
Tables S1 and S2 for other branches). The literature-weighted global test retrieves more 
significant GO terms related to cardiac development and cardiac conduction than 
standard GO analysis (7 versus 2 concepts in the top 25 most significant concepts; Table 
3). A review of the top 100 concepts shows that the literature-weighted global test 
retrieves a higher fraction of relevant terms than the standard GO analysis (0.35 versus 
0.26, respectively; Supplementary Table S3). The top concept from the literature-
weighted global test is ‘action potential propagation’ and reflects the observed action 
propagation defect and spontaneous contractions in the mutant mice. To gain insight into 
the workings of the test, the R-package includes several graphs. For example, Figure 2 
shows the genes contributing most to the finding of this concept, among them the gap 
junction proteins Gja1 and Scn5a, which are under direct control of TBX3 [189, 191-
193], as well as several differentially expressed sodium and potassium channels. Using 
the standard GO annotations, action potential propagation is only connected to five genes 
on the microarray. The standard global test only retrieves the generic heart related terms 
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‘heart process’ and ‘heart contraction’, which were represented by an identical set of 52 
genes.  
 

 
Figure 2. Features plot of differential gene expression between TBX3 overexpressing and 
wild-type mice based on the importance weights for the concept ‘Action Potential 
Propagation’. The bottom panel gives unadjusted p-values for differential expression of 
each selected gene, colored for the direction of association (green = upregulated in TBX3, 
red = downregulated in TBX3). The top panel gives a hierarchical clustering (average 
linkage) of the genes based on absolute correlation distance between their expression 
values. Imposed on this graph are the results of the inheritance multiple testing 
procedure of J.J. Goeman and L. Finos (submitted for publication), which is based on the 
same clustering graph and on the importance weights for the concept ‘Action Potential 
Propagation’. Significant branches and leaves (alpha = 0.05) are shown in black, non-
significant branches in gray. To facilitate presentation, all branches that are completely 
non-significant have been pruned from this picture, removing 1953 out of 2024 genes 
that have low importance weight and/or low differential expression. 
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Table 3. The top 25 most significant Biological Processes GO concepts for the standard 
and literature-weighted global test on the TBX3 data set 

 Standard global test      
Literature-weighted global 
test     

Rank GO-concept   p-value  GO-concept   p-value 

1 Apoptotic program   2.69E-05  Action potential propagation  
*
  2.00E-05 

2 Cellular component disassembly   5.84E-05  Seed development   4.41E-05 

3 Monovalent inorganic cation transport   5.98E-05  Xylanase regulator   4.65E-05 

4 Cellular macromolecule catabolic process   6.44E-05  Root morphogenesis   5.54E-05 

5 Macromolecule catabolic process   7.08E-05  Aspartate metabolism   5.62E-05 

6 Regulation of catabolic process   8.06E-05  Activ. of prog. cell death   6.19E-05 

7 Nucleus organization   8.33E-05  Lipoprotein toxin   7.02E-05 

8 Biopolymer catabolic process   9.80E-05  Reg. of programmed cell death   7.47E-05 

9 Energy deriv. by organic comp. oxidation   9.81E-05  Suppression of hr   7.81E-05 

10 DNA catabolic process   1.02E-04  Potassium conductance  
*
  7.92E-05 

11 Catabolic process   1.13E-04  Neural crest cell development   8.01E-05 

12 Lipid catabolic process   1.17E-04  Cation transport   8.11E-05 

13 Regulation of lipid metabolic process   1.26E-04  Muscle hyperplasia   8.19E-05 

14 Heart process  
*
  1.28E-04  l-glutamate transport   9.57E-05 

15 Heart contraction  
*
  1.28E-04  Reg. of cardiac contraction  

*
  1.01E-04 

16 DNA fragmentation, apoptosis   1.30E-04  Activation of atpase activity   1.04E-04 

17 Cell struc. disassembly, apoptosis   1.30E-04  TCE metabolism   1.17E-04 

18 Apoptotic nuclear changes   1.31E-04  Retrograde axonal transport   1.29E-04 

19 Neg. reg. of multicell. organismal process   1.36E-04  Diaphragm contraction   1.35E-04 

20 Purine nucleotide metabolic process   1.36E-04  Membrane hyperpolarization  
*
  1.56E-04 

21 Regulation of TGF-? receptor pathway   1.74E-04  Adherens junction assembly  
*
  1.62E-04 

22 Cation transport   1.96E-04  Generation of action potential  
*
  1.63E-04 

23 Nucleoside triphosph. metabolic process   2.03E-04  Potassium ion conductance  
*
  1.74E-04 

24 Regulation of cell communication   2.04E-04  GlUcose catabolism   1.82E-04 

25 Purine nucleotide biosynthetic process    2.11E-04  Muscle hypertrophy    1.86E-0 
The p-values have been corrected for multiple testing according to Holm’s method. Concepts that are related 
to cardiac conduction and ion channel activity are indicated with an asterisk. 

  

The literature-weighted global test (Venn diagrams in Figure 3) finds more significant 
terms at the 5% confidence level than the standard test (3.6, 1.8, 2.9-times more for 
Biological Process, Molecular Function, Cellular Component). The extra concepts scored 
as significant by the literature-weighted global test are typically more specific than those 
found with the standard global test. This is reflected by the number of genes annotated 
in GO per Biological Process category: a median of 11 genes for those specific for the 
literature-weighted global test versus a median of 123 for the standard global test.  
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Figure 3. Venn diagrams showing the number of significant GO concepts for both the 
literature-weighted global test and the standard global test for the TBX3 data set. The 
three GO branches are Biological processes, Molecular function and Cellular 
compartment. 
 
The top 25 list of the literature-weighted global test contains some apparently false 
positive hits. In Table 3, we see ‘seed development’, ‘xylanase regulator’ and ‘root 
morphogenesis’, which are plant-related concepts. Interestingly, these associations can 
be traced back to the functions in plants of homologues with the same name and 
molecular function as the genes differentially expressed in mice. For example, 
diacylglycerol acetyl transferase 2 (Dgat2) contributes to ‘seed development’, and is an 
enzyme with a conserved function in a wide range of organisms, expressed in the heart 
but also involved in the development of seeds [194]. On one hand, this example 
illustrates the power of the approach to infer relationships across species. On the other 
hand, it suggests that further improvements in the removal of concepts irrelevant to the 
domain under study should be considered.  

Analysis of patient survival and gene expression in breast cancer 

Van de Vijver et al. [195] investigated the association between breast cancer tissue 
expression profiles and patient survival and identified prognostic gene signatures. The 
global test is unique among the gene annotation-based methods, in that it is able to 
analyze survival time as a response. Biological processes previously associated with 
survival [196] mainly relate to cell division, and microtubule organization. The genes in 
these GO categories probably play a role in the development of metastases [197], an 
important predicting factor for survival. Accordingly, frequently prescribed drugs such as 
taxanes inhibit cell division and bind microtubules [198, 199]. We analyzed this ‘classic’ 
data set with the literature-weighted global test and compared the results to the global 
test with standard GO term assignments. Similar to the results for the TBX3 data set, we 
reviewed the top 100 GO terms and found a higher fraction of relevant terms for the 
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literature-weighted global test compared to the standard GO analysis (0.68 versus 0.48, 
respectively) (Supplementary Table S4). Table 4 displays the top 25 GO-terms associated 
with patient survival. Again, the literature-weighted global test produces more specific 
results than the standard global test, presenting concepts such as ‘Telomerase inhibitor 
activity’, ‘polycomb group protein complex’ and ‘thymidine kinase activity’ known to be 
highly relevant for cell division and cancer progression. Although these are genuine GO-
categories, they contain less than 10 annotated genes and are therefore unlikely to be 
found with standard GO-based testing methods. The genes contributing most to the 
finding of these concepts are TSPYL5, EZH2 and TK1, respectively. EZH2 and TK1 were 
previously also associated with metastasis indicating that the molecular processes in 
which they participate are more generally associated with tumor metastasis and survival 
[200, 201]. TSPYL5 is part of Van de Vijver’s 70-gene signature to predict survival in 
breast cancer, but not much is known about the function of the gene. We associated 
TSPYL5 with ‘metastasis’ in Anni and found two papers [202, 203], one of them 
describing its inhibitory activity on growth of tumor cells and its epigenetic silencing in 
gastric cancer and gliomas [202]. In addition, TSPYL5 was associated with metastasis 
through the concepts ‘histone deacetylation’ and ‘telomerase activity’. Evaluations of the 
Cellular Component and Molecular Function GO branches for this data set s are given in 
Supplementary Tables S5 and S6.  

 

Table 4. The top 25 most significant Biological Processes GO concepts for the normal and 
literature-weighted global test for the Van de Vijver data set 

  Standard global test      
Literature-weighted global 
test     

Rank GO-concept    p-value  GO-concept    p-value 

1 DNA replication  *  1.28E-05  Chloroplast fission   1.40E-05 

2 Protein complex localization   2.05E-05  Meiotic cell cycle regulator  *  1.47E-05 

3 Chromosome segregation  *  3.75E-05  Cytokinetic process  *  1.64E-05 

4 Protein–DNA complex assembly  *  3.94E-05  Bouquet formation  *  2.08E-05 

5 Cytokinesis  *  4.55E-05  Meiotic recombination checkpoint  *  2.19E-05 

6 Microtubule cytoskeleton organization  *  5.72E-05  
Heterochromatic silencing 
telomere  *  2.61E-05 

7 Establishment of organelle localization   6.85E-05  Stimulation of atpase activity   2.62E-05 

8 DNA metabolic process   8.13E-05  Septin ring assembly   2.63E-05 

9 Response to DNA damage stimulus  *  8.17E-05  Pyrimidine salvage  *  2.65E-05 

10 Mitotic sister chromatid segregation  *  8.50E-05  Sister chromatid cohesion  *  2.97E-05 

11 Sister chromatid segregation  *  8.50E-05  Hypusine biosynthesis   3.04E-05 

12 Cell cycle  *  8.68E-05  Phosphatidylcholine Biosynthesis   3.05E-05 

13 Cell division  *  9.00E-05  Regulation of dna replication  *  3.06E-05 

14 Mitotic cell cycle  *  1.19E-04  Deoxycytidine metabolism  *  3.28E-05 

15 Cellular macromolecular complex org.   1.47E-04  Telomere clustering  *  3.36E-05 

16 M phase  *  1.52E-04  Cell tip growth   3.47E-05 

17 Microtubule-based process  *  1.64E-04  Leaf morphogenesis   3.69E-05 

18 M phase of mitotic cell cycle  *  1.77E-04  Telomerase inhibitor activity  *  3.71E-05 

19 Nuclear division  *  1.77E-04  Heterocycle biosynthesis   3.73E-05 

20 Mitosis  *  1.77E-04  Mesendoderm development   3.76E-05 

21 Organelle fission   1.77E-04  Activation telomere maintenance  *  3.80E-05 

22 Cell cycle phase  *  1.79E-04  TMP biosynthesis   4.02E-05 

23 Cell cycle process  *  1.90E-04  Centriole replication  *  4.29E-05 

24 Chromosome organization  *  2.07E-04  Double strand break repair  *  4.31E-05 

25 Meiosis  *  2.09E-04  Diakinesis    4.42E-05 
The P-values have been corrected for multiple testing according to Holm’s method. Concepts indicated with an 
asterisk are related to disturbances in cell division and proliferation, or other cancer-related processes. 
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PPARalpha-mediated effects of dietary lipids on intestinal barrier 
gene expression 

The literature-weighted global test can link gene expression data with (drug) metabolism 
as our thesaurus contains a large compendium of drugs and other small molecules. We 
demonstrate this possibility on a data set from de Vogel-van den Bosch et al. [204] that 
evaluates the effect of a synthetic Peroxisome Proliferator Activated Receptor alpha 
(PPARalpha) stimulator, the fibrate WY14643, on the gene expression in the small 
intestine of both wild-type and PPARalpha-null mice. PPARalpha is a nuclear receptor 
highly expressed in enterocytes, and is thought to play a role in the reaction of the 
intestine to fatty acids. The PPARA study reported the following manually annotated 
processes as responsive to PPARalpha stimulation: fatty acid oxidation, cholesterol flux, 
glucose transport, amino acid metabolism, intestinal motility and oxidative stress. We 
replicated this manual literature study in an automatic way by using the global test and 
weighted global test (Supplementary Table S7). With a standard global test on GO 
biological processes, the most significant processes found were related to fatty acid 
metabolism. However, GO categories corresponding to the other manual categories were 
not significant at the 5% level. With the weighted global test we identified significant GO 
categories corresponding to 5 of the manually grouped categories: ‘fatty acid omega 
oxidation’, ‘regulation of cholesterol transport’, ‘glucose transport’, ‘amino acid 
metabolism’ and ‘glutathione metabolism pathway. The GO vocabulary does not contain a 
concept for intestinal motility. Similar to the previous examples, the literature-weighted 
global test produces more specific and less redundant results than the standard global 
test. For example, when the standard global test provided general concepts such as ‘lipid 
metabolic process’, ‘fatty acid metabolic process, ‘carboxylic acid metabolic process’ and 
‘organic acid metabolic process; the literature-weighted global test provided specific 
concepts such as ‘lauric acid metabolism’, ‘arachidonic acid metabolism’ and ‘leukotriene 
metabolism’.  

Subsequently, we used the literature-weighted global test to evaluate the concept 
profiles of drugs. Known PPAR alpha agonists such as clofibrate, gemfibrozil, bezafibrate 
and fenofibrate were found to be significantly associated with the gene expression 
differences between PPARalpha-null and wild-type mice (Supplementary Table S8). The 
most significant drug was benazepril, which is used to treat high blood pressure and 
inhibits angiotensin-converting enzyme (ACE). Indeed, ACE is differentially expressed 
and amongst the top contributing genes. The gene with the highest contribution, 
CYP4A11, showed a large change in gene expression and is directly involved in blood 
pressure regulation [205]. Also some of the most significant concepts found with the 
literature-weighted global test on GO biological processes were associated with high 
blood pressure. We hypothesize that PPAR alpha stimulation also regulates perfusion of 
the intestine.  

Methods 

Preparation of the thesaurus and concept tagging 

The basis of our analysis is a corpus of 12,648,116 MEDLINE abstracts from January 1, 
1980 until July 7, 2009. We used titles, Medical Subject Headings (MeSH) headings, and 
abstracts. Stop words were removed and words were stemmed to their uninflected form 
by the lexical variant generator (LVG) normalizer [143]. Subsequently concepts were 
identified in the texts with the use of a thesaurus. A concept is a defined abstract ideas 
or entities, and the thesaurus provides a list of terms that are used to refer to the 
concept in texts. The thesaurus was composed of three parts: the 2008AB version of the 
Unified Medical Language System (UMLS) [93], a gene thesaurus derived from multiple 
databases and a chemical thesaurus derived from multiple databases [110]. The gene 
thesaurus was a combination of gene names from Entrez-Gene, Online Mendelian 
Inheritance in Man (OMIM) [206], UniProt [207], and the Human Gene Nomenclature 
Database (HGNC) [208] for H. sapiens, M. musculus, R. norvegicus, E. coli, S. cerevisiae, 

D. melanogaster, D. rerio, C. elegans, and G. gallus. Homologous genes between the 



Literature-aided interpretation of gene expression data 

76 

 

species were mapped to each other using NCBI’s HomoloGene database [209]. In order 
to exclude irrelevant concepts, a list of UMLS semantic categories that can confer 
relevant biological information about genes was made (see [83]) and all concepts of 
other semantic categories were not further considered. Following Hettne et al.[210] the 
UMLS thesaurus was also adapted for efficient natural language processing, avoiding 
overly ambiguous or duplicate terms, and terms that are very unlikely to be found in 
natural text. The gene thesaurus was expanded by rewrite rules to improve recall by 
taking into account common spelling variations (see [139]). For instance, numbers were 
replaced with roman numerals and vice versa, and hyphens before numbers at the end of 
gene symbols were inserted or removed (e.g. "WAF1" was rewritten as "WAF-1" and 
added as a synonym). After all processing the UMLS part of the thesaurus consisted of 
635104 concepts, including 111770 genes and 277300 chemicals. 

Concept profiles 

References to concepts in texts are identified with our indexing engine Peregrine [139]. 
To construct a concept profile, a set of Medline records is associated to a concept. For 
concepts in general this set is composed of the texts in which the concept is mentioned. 
For genes only a subset of the medline is observed to limit the impact of ambiguous 
terms and distant homologs. The subset is defined by the Pubmed query: (protein OR 
gene) AND (mammal OR melanogaster OR gallus OR elegans OR rerio OR cerevisiae OR 
coli). GO terms are sometimes given as words or phrases that are infrequently found in 
the normal texts. To still provide broad coverage of GO terms we add the Medline records 
that were used as evidence for annotating genes with this GO term. For efficiency in the 
computation of the concept profiles the number of records used for a profile was limited 
to 10 000. If the set is large the 10 000 most recent records are taken. For every 
concept in our thesaurus that was associated to at least 5 records, we characterized the 
texts with a concept profile. A concept profile of a concept i, for instance a gene, is an M-
dimensional vector wi=(wi1,wi2,…,wiM) where M is the number of concepts in the 
thesaurus. The weight wij for a concept j in this profile indicates the strength of its 
association to the concept i. The weights in a concept profile for concept i are derived 
from the set of texts in which concept i occurs, Di, which is a subset of the total set of 
texts D. To obtain the weight wij we apply the symmetric uncertainty coefficient U(Xi,Yj) 
[211] as suggested and evaluated earlier [63]:  
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Here the variable Xi defines whether a text is in Di, and Yj gives the occurrence frequency 
of concept j. The Shannon entropies H are defined as 

��� = − � ����ln����
�
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Literature-derived association measure 

The literature-derived association measure reflects the similarity of the context in which 
concepts are mentioned in Medline abstracts. Highly related concepts are not necessarily 
restricted to those occurring in the same abstracts (explicit link), but 2 can also co-occur 
with common third concepts in Medline abstracts (implicit link). Since genes are concepts 
themselves, the literature-derived association measure can be expressed as the similarity 
of the concept profiles of a gene and another concept (GO-term, disease, tissue, drug 
etc.). The similarity was evaluated by calculating the cosine of the angle (equivalent to 
the uncentered Pearson correlation) of the two concept profiles. We also evaluated the 
inner product as an alternative to the cosine and got highly similar results. To avoid 
taking large numbers of associations with very low scores into account, all cosines < 1e-
4 (approximately 80% of all possible associations) were set to zero. This threshold was 
empirically determined to cause only slight changes in the results compared to the 
unthresholded test and significantly decrease the computational load. Increasing the 
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threshold significantly changed the results. The resulting scores were used to weigh the 
importance of the genes when testing for the association between the observed 
conditions and a concept using the weighted global test. 

The weighted global test 

The global test [9] is a method to test for association of the gene expression levels of a 
set of genes with a response variable. In its original form, the test treats all genes in the 
set equally, giving each gene equal weight in the test. We replace the global test by a 
weighted variant that uses the literature-derived association measures defined in the 
previous section as weights in the test procedure. The mathematical theory required for 
the construction of the weighted global test is provided by [169]. The global test is 
defined in terms of a regression model for prediction of the response variable from the 
gene expression measurements. The type of regression model depends on the response 
variable: e.g. logistic regression for a two-class response or the Cox proportional hazards 
model for a survival response. In such a regression model the distribution of the 
response of subject i depends on the gene expression measurements xi1,…,xip through a 
linear predictor  

�� = � χijβj
�

�=1
          

     (2) 
 
where each gene j=1,…,p in the gene set of p genes has a regression coefficient βj. The 
null hypothesis of the global test is  
 �0: $1 =. . . = $� = 0,           

  (3)  
 
i.e. the hypothesis that no gene in the gene set is associated with the response. To test 
this hypothesis even in the situation that the number of genes in the gene set is larger 
than the sample size n, the global test treats the regression coefficients as random 
effects, assuming that the coefficient vector $ = $�, … , $'�( has a distribution with mean 
zero and covariance matrix τ2Σ, for some pre-specified positive definite p×p matrix Σ, in 
previous applications Σ=I, and an unkown prior variance parameter τ2. The global test 
proceeds to test the equivalent null hypothesis H0: τ2=0, equivalent to the null hypothesis 
(3), with a score test. The precise mathematical form of the test statistic of this score 
test depends on the specific model (Cox, logistic) used, but always involves a quadratic 
form in the residuals of the fitted model under the null hypothesis. If Σ=I , this quadratic 
form involves the matrix XΣXT, where X={xij} is the n×p matrix of gene expression 
measurements. If a diagonal Σ is used, the quadratic form involves the matrix XΣXT

 

instead, and the diagonal elements of Σ function as importance weights for the 
corresponding genes. The weighting in the resulting test is calibrated in such a way that 
giving a gene an importance weight of k is identical in its effect to duplicating that gene 
in the gene set k times. By its construction, the global test is optimal on average in a 
neighborhood of the null hypothesis, the shape of which depends on the choice of Σ 
[169]. Where in its basic form with Σ=I, the global test weighs all genes in a gene set 
(e.g. GO category) equally and does not use the expression of genes not contained in the 
gene set, the global test framework was adapted for the current study to work with 
gene-specific weights that reflect the strength of the association of a gene with a 
concept, as defined in the previous paragraph. For each concept, the vector of 
association scores for each gene was retrieved, and these scores were incorporated as 
importance weights into the test for that concept using a diagonal matrix Σ with the 
literature-based score of gene i for the tested concept as the ith diagonal element. This 
leads to a weighted test in a very natural way, and the derivation of the resulting test is 
straightforward [169]. For testing each concept, this test uses all genes that have a non-
zero literature-derived score for that concept, but focuses its power on alternatives that 
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have large regression coefficients for genes with high importance weight with the 
response. It should be remarked that the null hypotheses of the weighted test is still 
given by (3), asserting that no gene with a positive importance weight is associated with 
the response. With a large enough sample size, therefore, a test could return a 
significant result even when a single gene with a very small importance weight is 
associated with the response. However, the construction of the test is such that the test 
has very little power for detecting such an alternative, and much more for detecting an 
alternative for which many genes with a large importance weight have an association 
with the response [169]. The ranking of different concepts with different importance 
weight vectors for the same genes can be expected to reflect these power properties 
quite accurately. Testing of multiple concepts requires correction for multiple testing. As 
the tests for different concepts are generally correlated, we suggest using a method of 
multiple testing control that is valid under all dependency structures, e.g. the method of 
Holm [212]. Holm’s method was used in the applications in this paper. In some cases it 
may occur that there is no gene with a high, or specific, association score to the tested 
concept. In this case only weak, potentially spurious, associations will determine the 
outcome. It is therefore important to observe the used association scores in a test and to 
verify that the retrieved concepts represent valid associations. 

Processing of Datasets 

Ectopic expression of TBX3 

In this microarray study the gene expression patterns in the heart of two groups of mice 
were compared (Hoogaars et al. manuscript in preparation). One group consists of 
control mice, the other group ectopically expresses a TBX3 transgene. TBX3 is normally 
only active in the conduction myocardium. In the transgenic mice, TBX3 is also active in 
the working myocardium. RNA from left atria of six TBX3 transgenic mice and six control 
mice (male, 6 weeks) was hybridized to Illumina MouseRef-6 BeadChips. Unprocessed 
intensity values were averaged per bead type and normalized using VSN in R [213]. 
Probesets were annotated with EntrezGene IDs using the annotation file provided by 
Illumina. To summarize the data at the EntrezGene ID level, data from probesets with 
the same EntrezGeneID were averaged. 

Patient survival and gene expression in breast cancer 

This dataset [195] contains gene expression profiles of 295 breast cancer tissue samples 
taken from patients. The orignal aim of the study was to identify genes and pathways 
important for metastasis and survival. For the current study, we used the normalized 
dataset filtered for invariant genes [195]. The survival time of the patients was used as 
the response variable in the global test, and the global test was run with the Cox 
proportional hazards model for uncensored survival [214]. 

PPARalpha-mediated effects of dietary lipids on intestinal barrier gene 

expression 

De Vogel-van den Bosch et al. [204] used the synthetic PPARalpha agonist WY14643 as a 
reference when examining the effects of acute nutritional activation of PPARalpha on 
expression of genes encoding intestinal barrier proteins. Male, 4 months old Wild-type 
(129S1/SvImJ) and PPARalpha -/- mice (129S4/SvJae) were exposed to dietary fatty 
acids with WY14643 as a reference during an exposure time of 6 hours. The exposure 
time of 6 hours was determined with the goal to elucidate the specific, direct contribution 
of PPARalpha in regulating the expression of transport and phase I/II metabolism genes 
in the small intestine. Here we use the PPARalpha activation by WY14643. RNA was 
hybridized on an Affymetrix GeneChip Mouse Genome 430A. We downloaded the raw 
data from the Gene Expression Omnibus (GSE9533) and normalized the data using RMA 
normalization [215]. Probesets were annotated with EntrezGene IDs using the 
bioconductor moe430a.db package. To summarize the data at the EntrezGene ID level, 
read-outs from probesets with the same EntrezGeneID were averaged. 
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Concluding remarks 

A standard functional analysis of gene expression data involves the testing of gene sets 
associated with biological processes. Though powerful, these methods mostly rely on 
manual annotation efforts, which are highly focused and struggle to be complete and up-
to-date. Tools based on literature mining can be continuously updated and provide an 
essentially comprehensive scope. We combined literature mining tools with a thorough 
statistical framework and show that our approach compares favorably to that of a classic 
GO analysis, retrieving more, more relevant and more specific GO terms than an analysis 
based on standard GO annotations.  
As expected given the ambiguous nature of gene names, a notorious problem in text 
mining [216], the automated literature mining comes at the cost of increased number of 
false positives. It is therefore an important feature of our approach that it is transparent 
and that results can readily be traced back to the literature that underlies a result. We 
nevertheless believe that the higher information content of the concepts retrieved by the 
literature-weighted global test, not only including GO terms but also other types of 
concepts such as diseases, organ structures and drugs, makes the test more suitable for 
the interpretation of gene expression data than other available gene set testing 
algorithms.  

Availibility 

The weighted global test is now an integral part of the R-package global test and can be 
obtained from www.bioconductor.org. The matrices containing the literature-derived 
association scores for genes with biological processes, molecular functions, cellular 
components, diseases, pathologic functions, tissues and drugs and a file for the mapping 
between EntrezGene IDs and concept identifiers can be obtained from 
http://biosemantics.org/weightedglobaltest. Example R-code is available from the same 
website. Further investigation of the concept profiles and concepts underlying the 
identified associations can be performed with Anni (www.biosemantics.org/anni) [64].  
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Supplementary Data 

 

Supplementary Table S1: Comparison standard vs. literature-weighted global test on 
the TBX3 dataset of top 25 for the GO category Cellular Component. Highlighted concepts 
are associated with disturbances of cardiac conduction or ion channel activity. 
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Supplementary Table S2: Comparison standard vs. literature-weighted global test on 
the TBX3 dataset of top 25 for the GO category Molecular Function. Highlighted concepts 
are associated with disturbances of cardiac conduction or ion channel activity. 
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Supplementary Table S3: Evaluation of True Positive and False Positive rates for the 
TBX3 dataset. We have evaluated the top100 concepts in Biological Processes for and 
classified each hit as “relevant” (True Positive), “cannot decide”, or “irrelevant or too 
unspecific” (False Positive). Precision was defined as TP/(TP+FP). 
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Supplementary Table S3 (continued) 
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Supplementary Table S4: Evaluation of True Positive and False Positive rates for the 
Van de Vijver dataset. We have evaluated the top100 concepts in Biological Processes for 
and classified each hit as “relevant” (True Positive), “cannot decide”, or “irrelevant or too 
unspecific” (False Positive). Precision was defined as TP/(TP+FP). 
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Supplementary Table S4 (continued) 
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SupplementaryTable S5: Comparison standard vs. literature-weighted global test on 
the Van de Vijver dataset of top 25 for the GO category Cellular Component. Highlighted 
concepts are related to disturbances in cell division and proliferation, or other cancer-
related processes. 
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Supplementary Table S6: Comparison standard vs. literature-weighted global test on 
the Van de Vijver dataset of top 25 for the GO category Molecular Function. Highlighted 
concepts are related to disturbances in celldivision and proliferation, or other cancer-
related processes. 
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Supplementary Table S7: Comparison standard vs. literature-weighted global test on 
the PPARalpha dataset of top 25 for the GO category Biological processes. 
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Supplementary Table S8: The p-value and rank for known PPAR alpha activators after 
evaluation of the semantic category drugs. 
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Abstract 

Background 

Availability of chemical response-specific gene sets for pharmacological and/or toxic 
effect prediction for compounds is limited. The biomedical literature contains a lot of 
information about small molecules that is not currently stored in gene expression 
databases, and this information could be used to build chemical response-specific 
signatures.  
Methods 

Using text-mining (TM), we were able to create 30,211 chemical response-specific gene 
sets. We compared TM-derived gene sets against gene sets derived from the curated 
Comparative Toxicogenomics Database (CTD), using three different gene set analysis 
tools in three case studies (identification of chemical treatment, pharmacological 
mechanism elucidation, and compound toxicity profile comparison).  
Results 

First, we tested the differential expression of the TM-derived gene sets and the CTD-
derived gene sets in data sets of five chemicals (from experimental models). The TM-
derived gene sets matching the chemical treatment were significantly altered (false 
discovery rate -corrected p-values < 0.05) in three data sets and in five data sets the 
CTD-derived gene sets matching the treatments were significantly altered. Second, we 
tested the differential expression of gene sets for six fibrates in a peroxisome 
proliferator-activated receptor alpha knock-out dataset. Six TM-derived fibrate gene sets 
were significantly altered and four CTD-derived fibrate gene sets were significantly 
altered. Finally, we tested the differential expression of 319 TM-derived gene sets for 
environmental toxins in three gene expression data sets of triazoles: 33 gene sets were 
significantly altered. Twenty-one of these toxins had a similar toxicity pattern as the 
triazoles. Using TM-derived gene sets for embryonic structures, we confirmed 
embryotoxic effects seen in the whole embryo culture, and discriminated triazoles from 
other chemicals in a principal component analysis.  
Conclusions 

Gene set analysis with TM-derived chemical response-specific gene sets is a scalable 
method for identifying similarities in gene responses to other chemicals, from which one 
may infer potential mode of action and/or toxic effect. 
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Background 

Connectivity mapping is a promising method, based on gene-expression similarity, that 
can be applied to toxicogenomic data to understand mechanisms of toxicity (for a recent 
review see [217]). In essence, toxicological properties of a chemical entity are discerned 
by connecting a query gene signature generated as a result of exposure of a biological 
system (whole animal, tissue or cell line) to the chemical, to other, already known, 
chemical entities via a database of chemical compound reference gene expression 
signatures (pioneered in [15]. In contrast to gene expression data repositories such as 
Chemical Effects in Biological Systems Knowledge Base 
(http://www.niehs.nih.gov/research/resources/databases/cebs/) that contains data from 
different laboratories running different experimental platforms on different biological 
samples, the data in a reference gene expression signature database comes from 
systematic screening of chemical compounds against specific cell lines simulating 
biological conditions. Unfortunately, building such a reference gene expression signature 
database with many different cell types and compound concentrations represented is not 
easily feasible due to high costs and long development time [80]. For example, in the 
case of the Connectivity Map (cMap) (http://www.broadinstitute.org/cmap/), which is the 
largest public reference gene expression signature database (7,000 expression profiles 
representing 1,309 compounds), not all small molecules were tested in every cell model, 
and not all were tested across the same spectrum of concentrations. Moreover, how to 
best interpret the result of a query is still an open question. 

As an alternative to such reference databases of gene expression signatures, 
genes could be annotated to a chemical response through text mining (TM) techniques. 
The biomedical literature contains a lot of information about small molecules that is not 
currently stored in gene expression databases, and this information could be used to 
build chemical response-specific signatures. For example, searching the biomedical 
literature database PubMed (http://www.ncbi.nlm.nih.gov/pubmed/) with the search 
string “79983-71-4 OR hexaconazole” results in 69 entries, while no information about 
the chemical can be found in the CEBS Knowledge Base or cMap (search performed Nov 
21, 2011). In addition, TM-derived chemical response-specific signatures would not be 
specific to a certain biological system or compound concentration, and might therefore 
provide a less biased view on compound action than standard connectivity maps. Given a 
gene expression experiment where a biological system has been exposed to a chemical, 
these TM-generated chemical response-specific signatures could then be tested against 
the gene expression data set using gene set analysis (GSA) methods [218]. The test 
would produce a ranking of chemicals in a way similar to the results from a connectivity-
mapping query, with the difference that the chemicals are represented by gene sets 
derived from the literature instead of gene expression signatures from a reference 
database. 

Gene set analysis (GSA) has fast become one of the standard methods in 
bioinformatics, and there are many tools available (for a review of tools, see [164]). Most 
GSA tools provide gene sets based on the Gene Ontology (GO) [163], with only a few 
providing additional sources of gene sets such as metabolic pathways, protein domains, 
disease associations, tissue expression, transcription factors sequence motifs, miRNA 
sequences, drug-gene associations [164] and toxicologically relevant gene sets (Boorsma 
et al., submitted). GSA with literature-derived chemical response-specific gene sets has 
been used before to relate chemical structures to gene expression patterns in microarray 
experiments. Minguez et al. [72] used their tool MarmiteScan to associate chemicals with 
the characteristics of acute myeloid leukemia cell differentiation. However, there is no 
information about the size and scope of the chemical dictionary they used to mine the 
literature and their gene sets are not separately available, thus forcing the researcher to 
use their GSA method. There is also no possibility to test a sub-set of the gene sets, for 
example only those that are relevant for evaluation of developmental toxicity. In 
contrast, we provide chemical response-specific gene sets that can be used with any GSA 
tool that allows for user-supplied gene sets. Patel and Butte [80] used the 
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hypergeometric test to associate gene sets derived from curated chemical-gene 
interactions from > 4,000 chemicals in the Comparative Toxicogenomics Database (CTD) 
[219] with six gene expression data sets selected based on their diversity with respect to 
species, chemical exposure and cell type. Manual curation of chemical-gene interactions 
from publications is a very time-consuming process producing high-quality information 
but with limited coverage, reflected by the number of chemicals that Patel and Butte 
could create gene sets for (1338 chemicals). The chemical dictionary used in the CTD 
limits the number of possible chemicals that can be annotated with genes in the CTD. 
CTD's chemical dictionary is a modified subset of descriptors from the “Chemicals and 
Drugs” category and Supplementary Concept Records from the U.S. National Library of 
Medicine (NLM) Medical Subject Headings, a hierarchical vocabulary used to index 
PubMed articles containing > 100 000 chemicals. We aim to increase the number of 
chemicals that can be annotated with genes by using TM instead of manual curation, and 
by the use of a larger chemical dictionary based on an aggregation of a number of 
chemical dictionaries. Jelier et al. [220] used the weighted global test, with weights 
based on drug-gene associations generated from text-mining (TM), to associate known 
peroxisome proliferator-activated receptor alpha (PPARalpha) agonists with the gene 
expression differences between PPARalpha-null and wild-type mice exposed to the fibrate 
WY14643. Although Jelier et al. demonstrated the usefulness of the TM technology for 
gene set testing, its reliability still remains to be investigated by evaluating other 
chemical classes than drugs and considering a wider range of gene expression data sets 
using other GSA methods; this validation is one of the aims of the present study. 

According to a predefined procedure which avoids researcher bias we generated 
gene sets using TM technology, and test these gene sets using three different GSA tools: 
ToxProfiler (Boorsma, Hoogstrate, Hettne, Someren, and Stierum, submitted; 
http://www.toxprofiler.org), the weighted global test 
(http://www.bioconductor.org/packages/release/bioc/html/globaltest.html), and 
GeneCodis (http://genecodis.dacya.ucm.es). Hereby we would like to show that the 
usefulness of TM-based gene sets is not tied to a specific GSA method. To show the 
versatility of data for which the technology is applicable, we test our TM-based gene sets 
with the GSA tools in three different case studies. The first study focuses on identification 
of the chemical treatment, the second on pharmacological mechanism elucidation, and 
the third on compound toxicity profile comparison. We name these case studies 1, 2 and 
3 in the rest of this paper. 

Case study 1 comprises the same gene expression experiments used by Patel and 
Butte [80], as mentioned earlier. We aim to compare the performance of CTD-based 
gene sets with TM-based gene sets in predicting the particular chemical treatment 
response. In case study 2 we analyze the gene expression experiment used by Jelier and 
coworkers [220], as mentioned earlier. For this case study, we aim to predict the 
PPARalpha agonism characteristic of fibrates. Fibrates have a profound pharmacological 
response with well-defined molecular toxicological properties, and constitute a clear test 
case in which both methods (CTD, TM) together with different gene-set testing 
approaches (ToxProfiler, weighed global test, GeneCodis) should perform well. To 
compare our approach to connectivity mapping, we compare the results from the GSA 
tools with the results from the cMap. Since case study 2 is focused on associating drugs 
with a gene expression profile and cMap contains mainly drugs, this case study was 
considered an appropriate choice for which to include a comparison with cMap. In case 
study 3, we demonstrate the power of the TM-based gene sets to link chemicals with 
similar gene expression response, where the manually curated gene sets from the CTD 
fail due to lacking chemical-gene annotations. We do this by analyzing a recently 
published in vitro gene expression data set on three chemicals belonging to the triazole 
class of developmental toxins [5] with the aim to find chemicals with known, or unknown 
(to our knowledge), links to the class. Using TM, we make chemical response-specific 
gene sets for the chemicals contained in the ToxRefDB_DevTox database 
(http://www.epa.gov/ncct/toxrefdb/) [221] and link these gene sets to the data set for 
the triazoles. For the same gene expression data set we show that TM-derived gene sets 
also can be used for other purposes than chemical similarity matching. As an example, 
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gene sets associated with embryonic structures are used to discriminate triazoles from 
other developmental toxicants, and from non-developmental toxicants. 

Methods 

Associating chemicals with genes in the literature  

TM for chemical-gene associations 

The TM-based gene sets were compiled based on a literature-derived score for the 
chemical-gene association. The association score is calculated by matching the concept 
profile of a gene with the concept profile of a chemical. The technology behind the 
creation and matching of concept profiles with the purpose to analyze gene expression 
data has been described elsewhere [64]. In short, software that performs thesaurus-
based indexing is used to identify biomedical concepts in documents. Concept occurrence 
statistics are then used to build a concept profile, in reality a vector, containing all 
concepts related to the main concept and weighted by their importance. To calculate the 
association score between two concept profiles, the cosine of the angle between the two 
concept vectors is calculated. The literature corpus used in this study consists of titles, 
Medical Subject Headings (MeSH) headings, and abstracts from the PubMed database 
(http://www.ncbi.nlm.nih.gov/pubmed). A total of 13,834,150 PubMed IDs from January 
1, 1980 to January 6, 2011 were used (PubMed IDs referring to experiments used in the 
case studies in this work were excluded). 

The thesaurus is composed of four parts: the 2010AB version of Unified Medical 
Language System (UMLS) (http://www.nlm.nih.gov/research/umls/), a gene thesaurus 
derived from multiple databases [139]), a chemical thesaurus derived from multiple 
databases [110], and a toxicology thesaurus derived from the International Union of Pure 
and Applied Chemistry (IUPAC) glossary of terms used in toxicology 
(http://sis.nlm.nih.gov/enviro/iupacglossary/frontmatter.html). The thesaurus creation 
and testing procedure has been described in detail elsewhere (Singh, Hettne, van 
Schouwen, Kors, van Mulligen, and Roos, submitted). 

For concept profile matching, the top 200 concepts in a concept profile were used. 
To make the gene sets we used a concept profile matching score cut-off of 1e-04 [220] 
in combination with a maximum of 1000 gene associations per chemical. To allow for 
comparison between the CTD-based and TM-based gene sets, only chemicals with 
Chemical Abstract Service (CAS) numbers were included. Using these restrictions, we 
were able to create 30,211 chemical response-specific gene sets. 

 

Processing the CTD for chemical-gene associations 

The CTD includes manually curated cross-species interactions between chemicals, genes, 
and diseases. We downloaded the chemical–gene interaction database from the CTD on 
January 6, 2011. The database contained 266,266 interactions in total. After filtering for 
H. sapiens and M. musculus (the two species included in the gene expression 
experiments used in this paper), 185,792 interactions remained. The nature of the 
interaction was not taken into account. All different gene interactions with a specific 
chemical were summarized into one chemical response-specific gene set. During this 
step, all interactions based on any of the gene expression experiments used in the case 
studies in this work were removed. From the single chemical-gene associations in the 
CTD, we created gene sets with at least five genes (similar to Patel and Butte [80]) per 
chemical. For every chemical-gene association, CTD provides the CAS number for the 
chemical (if available), the Entrez Gene ID for the gene, and the PubMed ID and 
organism for which the association was reported. When filtering for chemicals with a CAS 
number and restricting the organisms to human and mouse we were able to make a total 
of 1,189 (H. sapiens) and 588 (M. musculus) gene sets. Sometimes in the CTD, H. 

sapiens Entrez Gene IDs are incorrectly annotated to M. musculus. These H. sapiens 
Entrez Gene IDs were mapped to M. musculus Entrez Gene IDs using the Homologene 
database (http://www.ncbi.nlm.nih.gov/homologene). 
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Tools selection 

We selected different GSA tools that all allow for user-supplied gene sets but implement 
different statistical tests: ToxProfiler, implementing the unpaired t-test to score the 
difference between the genes from a pre-defined gene set and the remainder of the 
genes [222], the weighted version of the global test [9] where TM-derived matching 
scores are used to weigh the contribution of each gene in a gene set to the test [220], 
and GeneCodis [223], where biological annotations, or relationships among annotations 
based on co-occurrence patterns, are tested for over-representation in a list of 
differentially expressed genes with respect to a reference gene list using the 
hypergeometric test or the chi-square test. ToxProfiler and the weighted global test do 
not require a pre-selection of differentially expressed genes while GeneCodis does require 
such a list. For all tools, p-values were corrected for multiple testing using the False 
Discovery Rate (FDR) [224], and corrected p-values < 0.05 were considered significant. 

In case study 2 we use the text-mining tool Anni 
(http://www.biosemantics.org/anni) [64] to explore the relevance of the top significant 
results on a biological process level. Anni is based on the same concept profile 
technology that was used to generate the TM-based gene sets, and provides direct links 
to the literature for the produced annotations.  

Gene expression microarray data sets selection and pre-

processing 

Gene expression profiling of Bisphenol A effects on human Ishikawa cells (GEO 

accession number: GSE17624, set short name: BPA) 

The aim of the BPA study was to provide a comprehensive evaluation of changes in gene 
expression during treatment with Bisphenol A in vitro, and the study was performed 
using five doses at three different time points with four replicates each [225]. RNA was 
hybridized on an Affymetrix Human Genome U133 Plus 2.0 Array. For this study, we used 
the high dosed (10 nM) cells at 48 hours (four treated samples and four control 
samples).  
 

Gene expression profiling of 17 beta-Estradiol effects on human MCF7 breast 

cancer cells (GEO accession number: GSE11352, set short name: ESThsa) 

The original aim of the ESThsa study was to identify 17 beta-Estradiol responsive genes 
in the estrogen-receptor positive breast cancer cell line, MCF7 [226]. MCF7 cells were 
exposed to 10 nM Estradiol (or vehicle only) at 12, 24, and 48 hours. Each time point 
was performed in triplicate. RNA was hybridized on an Affymetrix Human Genome U133 
Plus 2.0 Array. For this study, we used only the samples from 24 hours with their 
corresponding controls (three treated samples and three control samples). 
 

Gene expression profiling of 17 beta-Estradiol effects on mouse thymus (GEO 

accession number: GSE2889, set short name: ESTmmu) 

The aim of the ESTmmu study was to compare the effects of Estradiol and its analog 
Genistein on mouse thymus [227]. Control samples were from the mice that were 
untreated (day 0). Two treatments (Estradiol injection and Genistein diet) and three time 
points were studied. Two replicated samples at each time point and each treatment were 
collected. RNA was hybridized on an Affymetrix Mouse Expression 430A Array. For this 
study, we used only the samples from the mice treated with Estradiol (day 2) and their 
corresponding controls (two treated samples and two control samples).  
 

Gene expression profiling of 2,3,7,8-tetrachlorodibenzo-p-dioxin (TCDD) effects 

on mouse liver (GEO accession number: GSE10082, set short name: TCDD) 

The aim of the TCDD study was to map the complete spectrum of aryl hydrocarbon 
receptor (Ahr) dependent genes in male adult liver by contrasting mRNA profiles of Ahr-
null mice (Ahr–/–) with those in mice with wild-type Ahr (Ahr+/+) [228]. Transcript 
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profiles were determined both in untreated mice and in mice treated 19 h earlier with 
1000 µg/kg TCDD. RNA was hybridized on an Affymetrix Mouse Genome 430 2.0 Array. 
For this study, we used only the data from the wild-type mice (six treated samples and 
five control samples). 
 

Gene expression profiling of 1alpha,25-Dihydroxyvitamin D3 (VitD3) effects on 

bronchial smooth muscle cells (GEO accession number: GSE5145, set 

shortname: VitD3) 

The aim of the VitD3 study was to study gene regulation in bronchial smooth muscle cells 
following VitD3 stimulation [229]. The cells were from the same patient in all 
hybridization. Cells were treated for 24 hours with 100 nM of VitD3 or with the same 
concentration of vehicle (ethanol at 0.05%). The experiment was done in triplicates and 
a total of six samples (three treated and three control) were analyzed. RNA was 
hybridized on an Affymetrix Human Genome U133 Plus 2.0 Array. 
 

Gene expression profiling of zinc sulfate (ZnSO4) effects on human bronchial 

epithelial cells (GEO accession number: GSE2111, set short name: ZnSO4) 

The aim of the ZnSO4 study was to discriminate vanadium (VOSO4) from ZnSO4 using 
gene profiling [230]. Human bronchial epithelial cells were treated with vehicle (control), 
VOSO4 (50 uM) or ZnSO4 (50 uM) for four hours (four replicates each). RNA was 
hybridized on an Affymetrix Human Genome U133A Array. For this study, we used only 
the data from the four samples treated with ZnSO4 and their corresponding four control 
samples.  

 

Gene expression profiling of WY14643 effects on mouse small intestine (GEO 

accession number: GSE9533, set short name: PPARA) 

The aim of the PPARA study was to examine the effects of acute nutritional activation of 
PPARalpha on expression of genes encoding intestinal barrier proteins [204]. Male, four 
months old Wild-type (129S1/SvImJ) and PPARalpha -/- mice (129S4/SvJae) were 
exposed to dietary fatty acids with WY14643 as a reference during an exposure time of 
six hours, after which the small intestines were removed. RNA was hybridized on an 
Affymetrix Mouse Genome 430 2.0 Array. Here we use the samples corresponding to the 
PPARalpha activation by WY14643 (four treated samples and four control samples). 
 
The Affymetrix CEL files for all the different gene expression data sets listed above were 
preprocessed using GenePattern [231]. CEL files were normalized applying Robust 
Multichip Average (RMA), using the ExpressionFileCreator module. In addition, the MBNI 
Custom CDF, which contains updated probe set definitions for Entrez GeneIDs, was 
applied: 
http://brainarray.mbni.med.umich.edu/Brainarray/Database/CustomCDF/11.0.1/entrezg.
asp. After normalization, the data was floored by setting a threshold value of 50 for all 
probe sets. Log(2)ratios were created by dividing the median of the treatment values of 
each probe set by the median of the control values. Probe sets were discarded if both 
values were equal to 50.  

No supplementary CEL files were available for the Zinc sulfate dataset (GEO: 
GSE2111) and the estradiol mouse dataset (GEO: GSE2889), instead the provided MAS5-
calculated signal intensities were used to calculate the log(2)ratios. Affymetrix probeset 
identifiers were mapped to entrez gene identifiers using the appropriate affymetrix CDF. 
Log(2)ratios were created by dividing the median of the values of each probe set by the 
median of the time matched control where only probesets were selected that contained a 
“present” flag. 
 

Gene expression profiling of triazole effects on mouse embryonic stem cell 

differentiation (ArrayExpress accession number: E-MTAB-300, set short name: 

triazoles) 
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In the original experiment, M. musculus embryonic stem cells were exposed to a range of 
developmental toxicants and non-developmental toxicants (carbamazepine, flusilazole, 
hexaconazole, methotrexate, methylmercury chloride, monobutyl phthalate, 
monoethylhexyl phthalate, monomethyl phthalate, nitrofen, saccharine, triadimefon, 
warfarin) with the aim to evaluate developmental toxicant identification using gene 
expression profiling in embryonic stem cell test (EST) differentiation cultures [5]. RNA 
was hybridized on an Affymetrix Mouse Genome 430 2.0 Array. For the analysis with the 
weighted global test, we used the data at the 24 hour timepoint for the three different 
thriazoles (flusilazole, hexaconazole, and triadimefon), one negative control (saccharine), 
and one unexposed control (dimethyl sulfoxide), each with eight replicates. The 
Affymetrix CEL files for the triazoles gene expression data set were normalized using the 
expresso package in R with the default settings. Due to the large number of replicates, 
no probe filtering was performed. Probesets were annotated with Entrez gene IDs using 
the bioconductor 4302.db package. To summarize the data at the Entrez gene ID level, 
read-outs from probesets with the same Entrez gene ID were averaged. For the PCA 
analysis, we used the data from all groups. The Affymetrix CEL files were normalized 
using Robust Multichip Average (RMA) normalization and probe to gene mapping was 
performed as described previously [232]. Probe sets for Affymetrix internal controls or 
probe sets that did not correspond to an Entrez gene ID were not used in further 
analyses. 

Results 

Case study 1 

In this case study we aimed to compare the performance of CTD-based gene sets with 

TM-based gene sets in predicting the particular treatment response for six gene  
 
expression data sets. Patel and Butte [80] used the hypergeometric test to test their 
CTD-based gene sets on the same six gene expression data sets. By using the same lists 
of differentially expressed genes (kindly supplied by C.J. Patel and A.J. Butte, see [80] 
for details on the preparation of the lists) and selecting the hypergeometric test in 
GeneCodis, we allow for comparison with their results. When intersecting the CAS 
numbers for the CTD and TM gene sets, 1,179 H. sapiens and 585 M. musculus gene  
sets remained. The H. sapiens gene sets were tested with the GSA tools against the 
human gene expression data sets (BPA, ESThsa, VitD3 and ZnSO4) and the M. musculus 
gene sets were tested with the GSA tools against the mouse gene expression data sets 
(ESTmmu and TCDD). Ranking based on the FDR-corrected p-value for the gene sets 
from each method (CTD, TM) for each GSA tool was used as outcome measure. The CTD-
based gene sets ranked consistently and considerably higher than the TM-based gene 
sets over all GSA tools, with one exception: the TM-based ZnSO4 gene set ranked higher 
on the ZnSO4 gene expression data set using ToxProfiler (Table 1). On average, the gene 
set representing the treatment was significantly altered in three experiments using the 

Table 1. Chemical treatment prediction ranks. 
Chemical treatment prediction rank and false discovery rate-corrected p-value (within 
parentheses) per gene expression data set for the different gene set analysis tools. 
Significant results (false discovery rate-corrected p<0.05) are in bold. GeneCodis only 
reports results with a false discovery rate-corrected p-value smaller than 0.05. Missing 
values denote such non-significant results. 

  ToxProfiler Weighted global test 
GeneCodis single 
annotation 

  CTD TM CTD TM CTD TM 

BPA 9 (2.0e-07) 92 (1.0e-01) 18 (3.9e-04) 21 (6.2e-05) 10 (9.1e-08) - 
ESThsa 38 (8.8e-02) 400 (2.4e-01) 269 (3.2e-03) 920 (5.6e-04) 4 (2.4e-02) - 
ESTmmu 18 (3.5e-05) 189 (1.3e-04) 360 (5.7e-01) 482 (4.3e-01) - - 
TCDD 19 (8.0e-07) 89 (1.2e-03)   14 (2.9e-10) 84 (5.7e-10) 1 (5.3e-32) 89 (1.7e-05) 

VitD3 9 (4.5e-02) 400 (3.0e-01) 186 (2.4e-03) 762 (6.0e-04) 1 (2.0e-26) 
200 (6.0e-
03) 

ZnSO4 9 (3.8e-05) 6 (3.4e-04) 3 (2.6e-06) 4 (6.8e-05) - - 
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TM-based gene sets and in five experiments using the CTD-based gene sets (Table 1). An 
exception is the weighted global test, for which both approaches scored significant in five 
experiments. 

The statistical test behind ToxProfiler allows for comparison of gene sets over 
different gene expression data sets based on the t-values produced by the test [222]. 
Such a profile for a gene set is called a t-profile, and gives information about the 
specificity of the gene set (that is, if the gene is significantly differential expressed in 
more than one data set). We compared the t-profiles for the CTD-based and TM-based 
gene sets that corresponded to the chemical treatments for the data sets. The t-profiles 
were made on species level so that the gene sets containing mouse genes were 
compared across the mouse gene expression data sets and the gene sets containing 
human genes were compared across the human gene expression data sets. T-profiling of 
the CTD-based and TM-based gene sets corresponding to the chemical treatment for the 
different gene expression data sets showed similar t-profiles for three (Figure 1A and B, 
and Figure 2D) of the six gene sets. The other three gene sets (Figure 2A-C) had a 
dissimilar t-profile. 

 
Figure 1. T-profiles of mouse gene sets. 

T-profiles of the CTD-based and TM-based TCDD mouse gene sets (A) and Estradiol 
(EST) mouse gene sets (B) for the TCDD (black bar) and ESTmmu (dark gray bar) mouse 
gene expression data sets. The dotted line represents the border of significant t-values. 
 
The CTD-based gene sets ranked highest when using the GeneCodis single annotation 
option (Table 1), but for some data sets the gene set representing the treatment did not 
score significant. For CTD, the Estradiol and ZnSO4 treatments were not significant. 
When opting for co-occurring annotations, GeneCodis additionally predicted the CTD-
based Estradiol mouse gene set for the ESTmmu gene expression data set as significant 
with a rank of 14, together with the co-occurring gene sets TCDD and Tretionin. Zinc and 
zinc chloride CTD-based gene sets were reported as significant at rank 1 together for the 
ZnSO4 gene expression data set, but not ZnSO4. For TM, three additional gene sets were 
reported significant when opting for co-occurring annotations: the Estradiol human gene 
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set for the ESThsa gene expression data set with a rank of 164 together with nine other 
chemicals; the Estradiol mouse gene set for the ESTmmu gene expression data set with 
a rank of 41 in a cluster with 11 other chemicals; the ZnSO4 gene set for the ZnSO4 
gene expression data set with a rank of 1 in a cluster together with 12 other chemicals.  
Among the other tools, the weighted global test had the highest number of significant 
scoring gene sets while ToxProfiler had the better ranking in most cases (Table 1). 

In short, the CTD-based gene sets ranked higher than the TM-based gene sets for 
all gene expression data sets except the ZnSO4 data set, but t-profiling indicated a 
similar significance pattern for 50% of the TM-based and CTD-based gene sets. 
 

 

Figure 2. T-profiles of human gene sets. 
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T-profiles of the CTD-based and TM-based BPA human gene sets (A), the Estradiol (EST) 
human gene sets (B), the VitD3 human gene sets (C), and the ZnSO4 human gene sets 
(D) for the BPA (striped bar), ESThsa (black bar), VitD3 (dark gray bar) and ZnSO4 (light 
gray bar) human gene expression data sets. The dotted line represents the border of 
significant t-values. 

Case study 2 

In this case study we analyzed a PPARalpha-knock-out gene expression data set with the 
aim to predict the PPARalpha agonism characteristic of fibrates. Jelier et al. [220] used 
the weighted global test to associate drugs with the same PPARA gene expression data 
set. They reported significant results for the known PPARalpha agonists clofibrate, 
gemfibrozil, bezafibrate and fenofibrate. We aim to predict these fibrates and two more 
(ciprofibrate and WY14643), and to show that the significantly scoring chemicals relate to 
relevant biological processes. 

When intersecting the CAS numbers for the CTD and TM gene sets, 585 M. 

musculus gene sets remained. The resulting 585 M. musculus CTD-based and TM-based 
gene sets were tested with the GSA tools against the PPARA gene expression data set, 
and compared to the results from the cMap. As mentioned before, ToxProfiler and the 
weighted global test do not require a list of differentially expressed genes, but GeneCodis 
does. To generate the list of differentially expressed genes needed for the analysis with 
GeneCodis, we used the topTable function from the bioconductor Limma package in R to 
obtain a ranked list of probes with the most evidence of differential expression between 
the knockout and wild-type samples. Probes with an adjusted p-value of less than 0.05 
where kept (930 probes). Probesets were annotated with EntrezGene IDs using the 
bioconductor 4302.db package. To compare the results with cMap, we started with the 
same probesets and proceeded to make the query signature. cMap only accepts probes 
from the Affymetrix GeneChip Human Genome U133A Array. We therefore used the 
NetAffx tool supplied by Affymetrix 
(http://www.affymetrix.com/analysis/netaffx/index.affx) to map the probe IDs from our 
signature to Affymetrix GeneChip Human Genome U133A Array IDs. 

Fibrate gene sets ranking and number of relevant biological processes annotated 
to the significant scoring chemical response-specific gene sets were used as outcome 
measures. All six TM-based fibrate gene sets ranked among the top-10 significant results 
in ToxProfiler and GeneCodis (using the single annotation option in GeneCodis) (Table 2). 
Three CTD-based fibrate gene sets ranked within the top-10 significant results in 
ToxProfiler and GeneCodis (using the single annotation option in GeneCodis) (Table 2). 
When opting for co-occurring annotations in GeneCodis, GeneCodis additionally predicted 
the CTD-based ciprofibrate gene set as significant with a rank of 554 in a cluster together 
with Acetaminophen, WY14643, TCDD, and Ethinyl Estradiol. All six fibrate gene sets 
scored significant for both CTD and TM using the weighted global test, but with lower 
average rank than for the other tools (Table 2). Jelier and co-workers [220] used the 
weighted global test to test four of the fibrates and reported ranks between 210 and 378. 
However, they used a different selection of chemicals (the semantic category "drugs" in 
the thesaurus) to test against the gene expression experiment. When testing the same 
selection of chemicals but with our concept profile matching association scores, the 
fibrates ranked between 183 and 304. 

None of the fibrate signatures in cMap scored significant against the PPARA gene 
expression set signature. 

In the PPARA study [204], a list of differentially expressed genes was manually 
annotated with the following categories of biological processes: fatty acid oxidation, 
cholesterol flux, glucose transport, amino acid metabolism, intestinal motility, and 
oxidative stress. To investigate if the significant chemicals from the GSA tools and cMap 
were annotated with these biological processes, we matched the concept profiles for the 
significantly scoring chemicals against the concept profiles of the following semantic 
categories in Anni: cell function, molecular function, molecular dysfunction, organ or 
tissue function (this combination of semantic categories covered all biological process 
categories from the PPARA study). If more than 100 chemicals had scored significant 
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using the GSA tools and cMap, the top-100 were used for the analysis. Venn diagrams of 
overlapping top-100 biological processes for the significant chemicals for each GSA tool 
and cMap showed higher overlap between CTD and TM, than between cMap and CTD, or 
cMap and TM (Figure 3). For ToxProfiler and cMap, no common concept could be found 
for CTD, TM and cMap, but 13 matched either TM or CTD (Figure 3A). For the weighted 
global test and cMap, four common concepts were found (Figure 3B), as for GeneCodis 
and cMap (Figure 3C). We then manually inspected the top 100 biological processes. 
Among the biological processes that were manually annotated to a list of differentially 
expressed genes in the PPARA study, fatty acid oxidation, cholesterol flux, glucose 
transport and oxidative stress were found among the top-100 biological processes for the 
significant chemicals for all GSA tools. For the significant chemicals from cMap, fatty acid 
oxidation and intestinal motility concepts where found. 
 
Table 2. Fibrate drug prediction ranks. 
Fibrate drug prediction ranks and false discovery rate-corrected p-values (within 
parentheses) for the PPARA gene expression data set for the different gene set analysis 
tools. Significant results (false discovery rate-corrected p<0.05) are in bold. GeneCodis 
only reports results with a false discovery rate-corrected p-value smaller than 0.05. 
Missing values denote such non-significant results. ToxProfiler does not report false 
discovery rate-corrected p-value less than 1.e-10. These are denoted as <1.e-10 in the 
table. 

  ToxProfiler   Weighted global test 
GeneCodis single 
annotation 

  CTD TM CTD TM CTD TM 

Clofibrate 7 (6.1e-10) 2 (<1e.-10) 22 (1.0e-03) 71 (1.0e-06) 5 (1.1e-04) 2 (7.6e-29) 
Gemfibrozil 53 (2.0e-01) 8 (<1e.-10) 35 (2.0e-03) 106 (5.4e-06) - 6 (3.5e-19) 
Bezafibrate 54 (2.5e-01) 7 (<1e.-10) 42 (2.1e-03) 105 (5.3e-06) - 5 (9.3e-22) 
Fenofibrate 3 (<1e.-10) 10 (<1e.-10) 27 (1.6e-03) 115 (7.1e-06) 3 (2.2e-07) 9 (1.5e-18) 
Ciprofibrate 33 (4.2e-02) 5 (<1e.-10) 21 (8.7e-04) 97 (2.6e-06) - 3 (3.1e-25) 
WY14643 2 (<1e.-10) 4 (<1e.-10) 12 (5.5e-05) 118 (7.2e-06) 1 (3.2e-79) 4 (6.5e-22) 

 
In short, The TM-based fibrate gene sets ranked similar to or better than the CTD-based 
fibrate gene sets using two of the GSA tools, and all TM-based fibrate gene sets were 
significant using all GSA tools. The top-scoring chemicals from the GSA analyses 
represented underlying biological processes relevant to the gene expression experiment, 
both for the CTD-based and TM-based gene sets. In contrast, none of the fibrate 
signatures in cMap scored significant against the PPARA gene expression set signature, 
and fewer relevant biological processes were found for the top-ranking chemicals from 
cMap. 

 

Case study 3 

The triazoles gene expression data set was analyzed with two aims: 1) to link chemicals 
with biological effects derived from -omics data similar to triazoles, and 2) to discriminate 
triazoles from other developmental toxicants (carbamazepine, methotrexate, 
methylmercury chloride, monobutyl phthalate, monoethylhexyl phthalate, nitrofen, 
warfarin), and from non-developmental toxicants (monomethyl phthalate and saccharine) 
using gene sets associated with embryonic structures. 

Only the weighted global test was applied in this case study. The triazoles gene 
expression data set show very small variation in gene expression levels [5]. The 
weighted global test has a very strong null hypothesis, asserting that no gene with a 
positive importance weight is associated with the response, making it an appropriate test 
for analyzing such a data set.  

For aim 1, a subset of the 30,211 TM gene sets derived from chemicals with CAS 
numbers was used. We only considered mouse genes, since the gene expression 
experiment was performed on mouse embryonic stem cells. Chemicals were selected 
based on the list of 384 compounds tested for developmental toxicity contained in the 
ToxRefDB_DevTox database. The number of similar morphological developmental toxicity 
endpoints in vivo in rabbit or mouse (as recorded in the ToxRefDB_DevTox database) 
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between the significantly scoring chemicals and the triazoles was used as outcome 
similarity measure. The morphological developmental toxicity endpoints were the 
following: cleft lip and/or cleft palate; variations or abnormalities of the limb, including 
scapula, clavical and pelvis; variations or abnormalities of the vertebral column, ribs or 
sternum; variations or abnormalities of the cranium; abnormalities of the metanephric 
kidney; and abnormalities of the ureter. The triazoles also caused general developmental 
toxicity endpoints: change in weight of fetus at near-term of pregnancy; 
histopathological, clinical, or unclassified abnormalities in fetus; preimplantation loss, 
postimplantation loss (resorptions) or fetal death impacting litter size; and pregnancy 
loss or maternal wastage, but these endpoints were not considered specific enough to be 
included in the similarity outcome measure.  

 

 
 

Figure 3. Venn diagrams showing the overlap in biological processes. 

Venn diagrams showing the overlap in biological processes for the most significant (false 
discovery rate-corrected p-value<0.05) chemicals between ToxProfiler and cMap (A), 
between the weighted global test and cMap (B), and between GeneCodis and cMap (C). 

 
After matching the CAS numbers of the chemicals in the ToxRefDB_DevTox to the 

CAS numbers of compounds with TM-based gene sets, 319 gene sets remained. Matching 
the CAS numbers of the chemicals in the ToxRefDB_DevTox to the CAS numbers for the 
CTD gene sets resulted in 30 gene sets. Of the triazoles used in this study, only 
triadimefon was included in the CTD gene sets. All triazoles used in this study were 
included in the TM gene sets. Therefore, we decided to continue the analysis using only 
the TM-based gene sets. Testing the 319 gene sets against the triazoles gene expression 
data set with the weighted global test resulted in 33 chemicals with significant changes in 
gene expression compared to untreated controls (Table 3). Of these 33 chemicals, 21 
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had a similar morphological developmental in vivo toxicity pattern as the triazoles 
according to the ToxRefDB_DevTox (at least one similar morphological developmental 
toxicity endpoint (see section Materials and Methods)). Six of these were triazoles: 
diniconazole, difenoconazole, febuconazole, triadimenol, myclobutanil, and 
cyproconazole. Of the remaining 12 significantly scoring chemicals, nine had a non-
specific pattern of in vivo toxicity compared to the triazoles according to the 
ToxRefDB_DevTox database (at least one similar general developmental toxicity 
endpoint), and three are reported as non-toxic in the ToxRefDB_DevTox database. 
Testing the 319 gene sets against the saccharine gene expression data set with the 
weighted global test resulted in five chemicals with significant changes in gene 
expression (Primisulfuron, Monosodium methane arsenate, Benfluralin, Pyridaben, 
Cyprodinil), of which four are developmentally toxic. 

 

Table 3. Number of similar toxicological endpoints. 
Number of similar toxicological endpoints and false discovery rate-corrected p-values 
for chemicals predicted similar to the triazole gene expression data set using the 
weighted global test. Chemicals with a similar morphological developmental in vivo 
toxicity profile to triazoles are in bold.  

Chemical name CAS number 

# similar general 
developmental 
toxicity endpoints 

# similar 
morphological 
developmental  toxicity 
endpoints p-value 

Metam-sodium 137-42-8 3 3 5.6e-03 

Mepiquat chloride 24307-26-4 0 2 9.3e-03 

Clomazone 81777-89-1 2 3 9.3e-03 

6-Deisopropylatrazine 1007-28-9 0 2 9.3e-03 

Zoxamide 156052-68-5 0 0 9.3e-03 

Iprodione 36734-19-7 4 2 9.3e-03 

Monosodium methane 
arsenate 2163-80-6 3 0 9.3e-03 

Cyprodinil 121552-61-2 2 2 9.5e-03 

Carfentrazone-ethyl 128639-02-1 0 1 1.3e-02 

Primisulfuron-methyl 86209-51-0 1 3 1.3e-02 

3-(3,5-Dichlorophenyl)-1,5-
dimethyl-3-
azabicyclo(3.1.0)hexane-
2,4-dione 32809-16-8 0 0 1.7e-02 

Bromadiolone 28772-56-7 1 0 1.7e-02 

MGK 264 113-48-4 0 0 2.5e-02 

Diniconazole 83657-24-3 3 3 2.5e-02 

Difenoconazole 119446-68-3 3 1 2.5e-02 

Fenpropathrin 39515-41-8 1 0 2.5e-02 

Fenbuconazole 114369-43-6 4 1 2.5e-02 

Bendiocarb 22781-23-3 2 0 2.5e-02 

Dacthal 1861-32-1 1 0 2.5e-02 

Fludioxonil 131341-86-1 0 2 2.5e-02 

Mancozeb 7-1-8018 3 3 2.5e-02 

Triadimenol 55219-65-3 0 3 2.5e-02 

Myclobutanil 88671-89-0 2 1 2.5e-02 

Cyproconazole 94361-06-5 2 2 2.9e-02 

Fluroxypyr 69377-81-7 1 0 3.1e-02 

Fluazifop-P-butyl 79241-46-6 2 4 3.5e-02 
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Ethametsulfuron methyl 97780-06-8 4 2 3.5e-02 

Cyclanilide 113136-77-9 0 0 3.8e-02 

EPTC 759-94-4 4 1 4.1e-02 

Metaldehyde 108-62-3 1 0 4.1e-02 

Cyhexatin 13121-70-5 3 0 4.1e-02 

Pyrimethanil 53112-28-0 3 2 4.1e-02 

Nitrapyrin 1929-82-4 1 1 4.7e-02 

 
For aim 2, we created a total of 442 gene sets associated with embryonic 

structures and tested these against the triazoles gene expression data sets with the 
weighted global test. The embryonic structure concepts originated from the semantic 
category "Embryonic Structure" from the UMLS part in our thesaurus, and the gene sets 
were created in a similar fashion to the chemical response-specific gene sets (see the 
TM-based gene set creation section). To validate the relevance of the these gene sets, 
we compared the top-25 gene set obtained from the weighted global test to the effects of 
triazoles seen in rat postimplantation Whole Embryo Culture (WEC) [233]. The top-25 
gene sets for embryonic structures resulting from the weighted global test correlated well 
with effects on the branchial arches, otic vesicles, posterior neuropore, heart, and 
somites as seen in the WEC (Table 5). Three gene sets could not be translated to  
 

Table 4. The neural plate/tube gene set. 
False discovery rate-corrected p-values for the genes from the neural plate/tube gene 
set that contributed most to the weighted global test. 

Entrez Gene ID Gene symbol p-value 

15394 HOXA1 5.2e-10 

14472 GBX2 2.4e-07 

64290 FOXB1 6.4e-05 

94222 OLIG3 2.9e-04 

218772 RARB 4.1e-05 

20668 SOX13 1.5e-07 

22413 WNT2 1.2e-05 

320202 LEFTY2 1.5e-04 

17292 MESP1 6.9e-05 

14174 FGF3 1.1e-04 

54352 IRX5 1.2e-05 

18423 OTX1 3.1e-07 

57028 PDXP 2.0e-06 

 
changes seen in the WEC, since there is no scoring parameter for these changes in the 
WEC. Two of these gene sets concern the cloacal membrane. Even though there is no 
annotation for these in the WEC, the results correspond well with the in vivo data in the 
ToxRefDB_DevTox database (triazoles give rise to urogenital malformations). The third 
gene set (structure of embryo stage 6) has no direct correspondence in the WEC, but 
might be linked to the decrease in Total Morphological Score as seen in the WEC. 

In order to discriminate triazoles from other developmental and non-
developmental toxicants using PCA, the most significant genes in the gene set with the 
lowest p-value from the weighted global test were used in the PCA analysis. These genes 
were extracted by calling the leafNodes function in the global test package. The 
leafNodes function gives an efficient summary of the test result by extracting the most 
significant subset of genes within a gene set using the inheritance multiple testing 
procedure of J.J. Goeman and L. Finos (as explained in the manual for the weighted 
global test). The "neural plate/tube" embryonic structure gene set had the highest FDR-
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corrected p-value (1.5e-07) of the 442 embryonic structure gene sets tested with the 
weighted global test against the triazoles gene expression data set. No embryonic 
structure gene sets came out significant after FDR correction for the saccharine gene 
expression data set. The "neural plate/tube" gene set contained 993 genes, and the 13 
genes contributing most to the test (i.e. the leaf nodes) (Table 4) were used for PCA 
discrimination. Gene expression values of these selected genes were derived from the 
triazoles data set. These data were used to evaluate discrimination of triazoles from 
other developmental and non-developmental toxicants using PCA. Gene expression 
changes within these 13 genes indicated clear separation between the triazoles on one 
hand and the other compound-exposed cultures as well as the unexposed time-matched 
cultures on the other hand (Figure 4). 
In short, 33 chemicals could be linked to the gene expression changes induced by 
triazoles. Toxins corresponding to 21 of these 33 had a similar morphological 
developmental in vivo toxicity pattern as the triazoles. Using TM-derived gene sets for 
embryonic structures, we confirmed the relation between gene expression patterns and 
embryotoxic effects seen in the Whole Embryo Culture, and discriminated triazoles from 
other chemicals in a principal component analysis. 
 

Table 5. The top 25 embryonic structure gene sets. 
False discovery rate-corrected p-values for the top 25 embryonic structure gene sets 
from the weighted global test on triazole gene expression data from the embryonic 
stem cell test, together with the effect seen in rat postimplantation Whole Embryo 
Culture (WEC). 

Embryonic structure p-value WEC effect 

neural plate and or tube 1.5e-07 Posterior neuropore open 

second branchial arch structure 4.9e-06 Branchial bars deformed 

fourth branchial arch structure 4.9e-06 Branchial bars deformed 

entire fourth branchial arch 4.9e-06 Branchial bars deformed 

structure of first pharyngeal pouch 6.3e-06 Otic vesicles deformed 

entire first pharyngeal pouch 6.3e-06 Otic vesicles deformed 

entire neural tube 6.4e-06 Posterior neuropore open 

Branchial Region 7.3e-06 Branchial bars deformed 

entire second branchial arch 7.3e-06 Branchial bars deformed 

structure of tympanic annulus 7.3e-06 Otic vesicles deformed 

entire tympanic annulus 7.3e-06 Otic vesicles deformed 

Neuroectoderm 7.5e-06 Posterior neuropore open 

entire cloacal membrane 9.8e-06 No corresponding scoring parameter available in the WEC. 

branchial arch structure 1.1e-05 Branchial bars deformed 

structure of cloacal membrane 1.1e-05 No corresponding scoring parameter available in the WEC. 

entire ostium secundum 1.1e-05 Heart ventrally turned 

structure of third aortic arch 1.1e-05 Heart ventrally turned 

entire branchial arch 2.2e-05 Branchial bars deformed 

Otic Vesicle 2.2e-05 Otic vesicles deformed 

entire auditory vesicle 2.2e-05 Otic vesicles deformed 

structure of embryo stage 6 2.2e-05 No corresponding scoring parameter available in the WEC. 

structure of early somite stage 2.2e-05 Somites irregular 

entire early somite stage 2.2e-05 Somites irregular 

third branchial arch structure 2.2e-05 Branchial bars deformed 

entire third branchial arch 2.2e-05 Branchial bars deformed 
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Figure 4. Discrimination of triazoles using PCA. 

Discrimination of triazoles (hexaconazole (HEX), triadimefon (TDI), flusilazole (FLUc)) 
from other developmentally toxic compounds (monobutyl phthalate (MBP), 
monoethylhexyl phthalate (MEHP), carbamazepine (CBZ), methylmercury (MeHg), 
warfarin (WARF), nitrofen (NIF), methotrexate (MTX)), non-toxic compunds (monomethyl 
phthalate (MMP), saccharine (SACC)) and time-matched unexposed cultures (Control) 
using principal component analysis on the basis of the leafnodes from the neural 
plate/tube gene set. Variance of the first principal component (horizontal axis): 70%. 
Variance of the second principal component (vertical axis): 14%. 

Discussion 

In the present study we perform identification of the chemical treatment, 
pharmacological mechanism elucidation, and compound toxicity profile comparison by 
testing chemical response-specific TM-based gene sets with GSA methods against 
different gene expression data sets. Such experiments have been performed before but 
were limited to evaluation of one specific tool and used a limited number of literature-
based gene sets [72, 80, 220]. In contrast to the tool-specific gene sets that were used 
for identification of the chemical treatment in Minguez et al., we provide the size and 
scope of our chemical response-specific gene sets, and make them available for 
download in a generic format  (http://www.biosemantics.org/index.php?page=chemical-
response-specific-gene-sets). We extend the evaluation of literature-based gene sets for 
identification of the chemical treatment performed by Patel and Butte to include TM. In 
doing this, we were able to create many more chemical response-specific gene sets 
(~30,200 gene sets for both human and mouse using TM compared to ~1,200 gene sets 
for human and ~600 gene sets for mouse using the CTD). While Jelier and co-workers 
tested TM-based gene sets for drugs on one gene expression data set using one GSA 
method, we tested TM-based gene sets on diverse sets of gene expression data with a 
variety of methods. We show that gene sets generated by TM are less compound-specific 
than gene sets based on manual curation efforts but perform equal to or better than 
manual curation efforts in elucidating the pharmacological mechanism of fibrates. In 
addition, we show that TM allows for toxicity profile comparison of compounds for which 
manual annotation efforts are lacking (triazoles). We also successfully use TM-based 
gene sets for embryonic structures to describe effects induced by the triazoles 
hexaconazole, triadimefon and flusilazole in the EST, and to discriminate the triazoles 
from other chemicals using PCA. 
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A possible limitation of our approach is that we do not take the nature of the 
relation (for example expression (negative or positive) or phosphorylation) between the 
genes and chemicals or genes and embryonic structures into account when creating the 
gene sets. In the CTD, such information has been manually curated for the chemical-
gene interactions. For the gene sets generated by text mining, such relations could be 
mined from the literature by using an ontology of known biological relations. In the 
future, it could be worth investigating how the nature of the relation influences the 
results of the GSA.  

Identification of chemical treatment 

In this case study, we aimed to show that TM-based gene sets compare well to CTD-
based gene sets in associating chemicals with gene expression data sets. The CTD-based 
gene sets ranked higher than the TM-based gene sets for all gene expression data sets 
except the ZnSO4 data set. This might be expected since the CTD-based gene sets are 
curated. However, t-profiling of the CTD-based and TM-based gene sets showed similar t-
profiles for three of the six gene sets, indicating a similar gene set significance pattern 
for these gene sets despite the higher ranks of the CTD-based gene sets. The ranks for 
the CTD-based and TM-based gene sets differed between the different tools and between 
the experiments, indicating that in general, not one tool is to be preferred over the other 
when performing GSA analysis-based connectivity mapping. One needs to select the tool 
best suited for the experimental design. For example, ToxProfiler performs well with 
small number of replicates, while the weighted global test deals well with small changes 
in gene expression levels. The CTD-based gene sets had the highest significant ranks 
when using GeneCodis, which is in line with what Patel and Butte [80] reported for these 
experiments (using the hypergeometric test). The co-occurring annotations option in 
GeneCodis proved useful compared to the single annotation option in some cases. 

Pharmacological mechanism elucidation  

In this case study, we aimed to associate PPARalpha agonists (fibrates) with a PPARalpha 
knock-out gene expression data set, and to show that the significantly scoring chemicals 
relate to relevant biological processes. The TM-based fibrate gene sets ranked similar or 
better than the CTD-based fibrate gene sets using two of the GSA tools, and all TM-based 
fibrate gene sets were significant using all GSA tools. Clearly, for this experiment, TM 
presents a comparable alternative to manual inspection of the literature. This might be 
the case since there is pharmacological and toxicological consensus on the action of 
peroxisome proliferators, and as such the literature accumulated over the past is more 
clearly described. The CTD-based gene sets for gemfibrozil and bezafibrate did not score 
significant using ToxProfiler and GeneCodis. These fibrates also had the lowest number of 
genes annotated to them: only four for gemfibrozil and nine for bezafibrate could be 
mapped to the current gene expression experiment. The size of the gene set has less 
influence when using the weighted global test compared to the other tools, which might 
explain that these gene sets scored significant using this method. The TM fibrate gene 
sets ranked much lower when using the weighted global test compared to the other 
tools. However, rankings were improved compared to the results by Jelier and coworkers 
[220]. The non-significant results for the fibrates when using cMap indicates that GSA 
tools present a good alternative when performing connectivity mapping.   

We annotated the top-scoring chemicals for CTD and TM in Anni with biological 
processes to investigate if these corresponded to the ones annotated by hand in the 
PPARA study. For all GSA tools, biological processes corresponding to all categories 
reported in the PPARA study were found, except intestinal motility concepts. Intestinal 
motility concepts could be annotated to the significantly scoring signatures in cMap, while 
only one more (fatty acid oxidation) of the other five biological processes could be found 
using this method. These results show that the top scoring chemicals from the GSA 
analyses represent underlying biological processes relevant to the gene expression 
experiment, both for the CTD-based and TM-based gene sets. 
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Compound toxicity profile 

The triazoles gene expression data set was analyzed with the aim to predict chemicals 
with a toxicity profile similar to triazoles and to discriminate triazoles from other 
developmental toxicants, and non-toxic compounds. Many (64%) of the predicted 
chemicals had an in vivo toxicity pattern corresponding to that of the triazoles. The 
highest ranking compound with a toxicology pattern different from the triazoles according 
to ToxRefDB_DevTox was Monosodium methane. Three of the eight genes that 
contributed most to the significance of this compound where annotated with the concept 
“axial skeletal structure” in Anni. Triazoles cause malformations in this structure 
according to the ToxRefDB_DevTox. Even though Monosodium methane does not cause 
malformations in the axial skeletal structure of rats or rabbits according to the 
ToxRefDB_DevTox, our results suggest that the compound should be tested for in vivo 
toxicity also in mouse. On the level of risk assessment we are interested in the situation 
in man, and the more information about the toxic effects of compounds in different 
systems the better. The highest ranking non-toxic compound (Zoxamide) scored 
significant mainly because of the presence of the gene CYP51A1 in the gene set. The 
fungicidal mode of action of triazoles is based on the inhibition of this gene [234]. We 
noted five significantly scoring chemicals for the saccharine gene expression experiment 
of which four were developmental toxicants, which confirms that gene set testing with 
chemical response-specific gene sets should be considered as hypothesis generation and 
that every significantly scoring compound need to be investigated further. This is 
something that also applies to standard connectivity mapping. Using the weighted global 
test, further investigation would constitute inspection of the leaf nodes in the gene sets, 
since these genes contribute most to the test. Anni can be used to infer the function of 
the leaf nodes, give information on how these are connected to each other, and via direct 
links to the literature more thorough information can easily be found.   

De Jong and co-workers [233] showed that the embryonic stem cell test (EST) is 
able to give a relatively good potency ranking compared with the in vivo developmental 
toxicity potency of triazoles, but pointed out that the system gives little information on 
the type of effects that can occur after exposure to the chemicals. We show that by 
associating embryonic structure gene sets with a triazole gene expression profile 
obtained through the EST, effect information becomes readily available. Also, the genes 
in the embryonic structure gene set that contributed most to the weighted global test 
could separate triazoles from other chemicals in a PCA. Genes that effectively can 
separate between chemical classes are usually searched for by applying a statistical test 
on differential gene expression (see for example [235]). Here, we show that such genes 
can also be found by applying the weighted global test with relevant gene sets (in this 
case embryonic structure gene sets). 
 

Conclusions 

In conclusion, GSA with TM-derived chemical response-specific gene sets is a scalable 
method for identifying similarities in gene responses to other chemicals, from which one 
may infer potential mode of action and/or toxic effect. 
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Summary of main findings 

Concept profiling is a thesaurus-based text mining technique that has been developed for 
literature-based discovery and analysis of gene expression data. The technique had 
however not been applied to toxicogenomics before, and was not integrated into a 
framework for gene set analysis. Toxicogenomics is a promising in vitro method that 
might reduce the use of laboratory animals in research. The biomedical part of the 
thesaurus used for generating the concept profiles needed to be adapted for text mining 
purposes, and the coverage of chemical concepts was insufficient. As outlined in chapter 

1, we hypothesized that concept profiling could be applied when interpreting 
toxicogenomics data. In the first part of this thesis we describe how we adapted the 
biomedical part of the thesaurus for text mining purposes, and how we created and 
evaluated a thesaurus of chemical concepts. In the second part, we describe how we 
incorporated concept profiling into the statistical framework of the weighted global test (a 
gene set analysis method), and further generalized the technology to be used together 
with other gene set analysis methods for interpreting toxicogenomics data. 
 
The main findings of these investigations are described below. 
 
The experiments described in chapter 2 aimed at making the biomedical part of our 
thesaurus more useable for text-mining purposes. We hypothezised that this could be 
done by removing and adding synonyms to the thesaurus, and implemented a number of 
rewrite rules and suppress rules for this purpose. When we manually evaluated the 
impact of the rules on a MEDLINE corpus, we noted an increase of 2.8% in the number of 
terms and an increase of 3.4% in the number of concepts recognized when using the 
rewrite rules. When applying the suppression rules, thousands of undesired terms were 
suppressed in the corpus and the thesaurus was cut back with 25% in megabyte, 
positively influencing the performance of the concept identification software. We 
concluded that applying the five rewrite rules and seven suppression rules that passed 
our evaluation would positively influence the performance of biomedical term 
identification of MEDLINE abstracts when the UMLS is to be used as a source of concepts. 
A software tool to apply these rules to the UMLS is freely available at 
http://biosemantics.org/casper. 

In chapter 3 we merged multiple chemical databases, and evaluated their 
individual performance as well as the performance of the merged chemical thesaurus 
named Jochem (JOint CHEMical dictionary) in terms of recall and precision on a manually 
annotated corpus. We adapted the rules for rewrite and suppression described in 
chapter 2 to fit chemical terms and tested how the application of these rules influenced 
the performance. In addition, we evaluated the impact of the use of disambiguation rules 
and limited manual curation (in terms of manual inspection of frequent terms). We 
concluded that all these automatic or semi-automatic curation actions increase precision 
with a minor loss of recall. 

After creating and evaluating the combined chemical thesaurus described in 
chapter 3, it remained to be investigated which impact an extensive manual curation 
would have on chemical term identification in text. In chapter 4, we therefore applied 
the same automatic and semi-automatic curation actions (rule-based term filtering, 
semi-automatic manual curation, and disambiguation rules) that we had investigated in 
chapter 3, to ChemSpider, a manually curated multi-source chemical database. We 
noticed that also for ChemSpider, our curation actions were needed to achieve a high 
precision. After applying the curation actions, ChemSpider achieved the best precision 
but our chemical thesaurus Jochem had a higher recall. 

In chapter 5, we set out to create concept profiles with our updated thesaurus 
with the aim to integrate these into the statistical framework of the weighted global test 
(a gene set analysis method). The weights are the concept profile matching scores. We 
showed that the concept profile matching scores reflect the importance of a gene for the 
concept of interest (for example a Gene Ontology category), and that literature-based 
associations provided a deeper insight into the gene expression experiment compared to 
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an analysis using classical Gene Ontology-based gene sets. We also demonstrated the 
possibilities of the literature-weighted global test for linking of gene expression data to 
patient survival in breast cancer and the action and metabolism of drugs. 

In chapter 6 we further explored the use of concept profile matching for gene set 
creation and its application in toxicogenomics. Using our thesaurus, we were able to 
create 25 times more chemical response-specific gene sets using text mining than what 
was possible using a method based on chemical-gene interaction information in the 
Comparative Toxicogenomics Database. By testing the differential expression of the text 
mining-derived gene sets in data sets of chemicals from experimental models we 
demonstrated that we could predict the chemical treatment, and by using three different 
gene set testing methods to evaluate the gene sets we demonstrated that our method is 
generalizable. We also demonstrated that gene sets created using concept profile 
matching could be used to identify embryotoxic effects of triazoles already at the gene 
expression stage, and discriminate triazoles from other chemicals in a principal 
component analysis. 
 
Based on the findings reported in this thesis, we conclude that concept profiling can be 
integrated in the framework of gene set testing and as such be used to relate chemical 
information to gene expression data, identify toxic effects already at the gene expression 
stage, and discriminate between compound classes. 
 

General discussion 

In this section we highlight further points for discussion based on the contents of chapter 
2-6. We then direct our focus to specific attention areas in biomedical text mining and its 
application to toxicogenomics, and end with conclusions based on the main outcomes of 
this thesis and implications for future work. 

Building and evaluating a thesaurus of domain-relevant concepts 

In this section we focus on further discussion points related to the research conducted in 
the first part of the thesis, namely chapter 2, 3 and 4. The identification of domain-
relevant terms in natural language is essential for biomedical text mining. Naturally, the 
success of the thesaurus-based approach depends on the coverage of terms in the 
thesaurus for the particular domain and how well the terms are suited for natural 
language processing. Genes, chemicals, pathways and toxicological endpoints are 
obviously important concept categories when applying text mining in toxicogenomics.  In 
this thesis, the thesaurus used to find concepts in text is composed of four parts: 
biomedical concepts, genes, chemicals, and concepts related to toxicology. Previously, a 
lot of effort had gone into the creation and evaluation of the gene part of the thesaurus 
[51, 139, 141, 236], while the biomedical part, made up of the UMLS, had not been 
adapted for text mining purposes. Also, the UMLS contained some chemical and 
toxicological concepts, but nothing was known about the coverage or performance of 
these types of concepts. 
 

Biomedical concepts: preparing the UMLS Metathesaurus for text mining 

In chapter 2, we describe how we set out to adapt the UMLS version available at that 
time (2007AA) for concept identification in text. Earlier experience with creating concept 
profiles for genes combined with the results from our investigations described in chapter 

2 resulted in a protocol for building the UMLS part of the thesaurus, which we will here 
outline and discuss. 

First, we gather the synonyms and the definition for each concept, and record the 
place of the concept in the semantic hierarchy of the UMLS. Then we execute a number 
of rewriting and suppression rules based on term structure, and perform a manual 
analysis step of the top 250 terms from a MEDLINE-indexation using Peregrine. Next, 
terms in the thesaurus are checked for in-thesaurus homonyms, and the 250 terms with 
the most homonyms are inspected manually. As a final step, terms that are not found 
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when performing a whole MEDLINE-indexation using Peregrine are removed from the 
thesaurus. This is done for efficiency purposes. 

The time-consuming and biased manual curation of most frequent terms and 
homonyms is a drawback of the protocol described above. A list of terms and concepts to 
remove is kept and updated every time a new version of the thesaurus is created. There 
are however no guidelines as to which terms within the 250 most frequent terms should 
be removed. Sometimes the choice may seem obvious, such as the removal of common 
English words, but one should keep in mind that for some biomedical concepts these 
types of words are actually a correct synonym and even though the overall precision will 
increase, the recall for that specific concept will actually go down. Thus, the balance is 
delicate and there is a need for guidelines regarding how to judge the “correctness” of a 
synonym already at the thesaurus creation process. Increased transparency would also 
help. One way to provide transparency is to provide access to not only the concept name 
but also all synonyms attached to that concept in applications where the thesaurus is 
used. For example in Anni it is possible to go directly to PubMed via a hyperlink and read 
the abstracts annotated to a specific concept. The actual concept occurrence is however 
not marked in the abstract since PubMed does not allow that. A possibility would be to 
show the abstract with the annotated concepts and its synonyms in a viewer different 
from PubMed, similar to the iHOP interface [237]. If a scientist using Anni had access to 
all synonyms for a concept, or even better would know which particular synonym of a 
concept that was actually found in the text, he or she would be much better equipped to 
judge if he or she were looking at a true or false positive. If the scientist would then be 
able to edit the synonym list, for example in a similar way as has been implemented for 
chemical names in ChemSpider [238], the feedback loop would be complete.  

Although the term rewrite and suppress rules together with the manual curation 
steps have been shown to increase the number of times a term is found in text and to 
suppress erroneous terms, we have only evaluated these steps for source vocabularies 
having the lowest restriction level (the UMLS has five grades of restrictions, because 
some sources are subject to costs and other restrictions such as use only in the USA). If 
higher-level source vocabularies are added, one should keep in mind that the impact of 
the term rewrite and suppress rules and the manual curation steps might be different. 
When the work in chapter 2 was published we suggested that the impact of the rules 
should be tested on another corpus than MEDLINE, for example electronic patient 
records. This has since then been done by Roque and coworkers [239]. They used a 
thesaurus-based text mining approach to extract information from the free text part of 
Danish electronic patient records. The thesaurus used by the authors was based on the 
Danish translation of the WHO International Classification of Diseases (ICD10) and they 
augmented existing terms with variants as described in chapter 2, and in work by Hersh 
et al. [240]. They noticed that generated term variants were responsible for 24% of the 
total number of hits in the records. It is clear that term variant generation greatly 
increase the number of hits in electronic patient records, much more so than what we 
found for MEDLINE (2.8% more terms and 3.4% more concepts). Since the authors do 
not report the performance per rule, this difference in performance is difficult to explain, 
but might be due to the different structure of MEDLINE abstracts compared to the free 
text part of electronic patient records. It might also be the case the terms in the ICD10 
dictionary are specifically good examples of terms that need to be rewritten in order to 
be found in free text.  
 

Chemical concepts: combining public online databases 

Before the work done in this thesis, studies describing dictionary-based chemical text 
mining based on public resources had reported disappointing performance figures (see 
chapter 1), and the chemical part of the UMLS had not been tested on an annotated 
corpus. To investigate if the UMLS alone would be sufficient as a resource for chemical 
and toxicological concepts, we performed a small study in which we indexed two full-
length toxicogenomics-focused articles using our current version of the thesaurus that 
included the UMLS and a gene thesaurus, and let a toxicologist (Rob Stierum, PhD) check 
the results. The toxicologist indicated many missing concepts, and was concerned with 
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the fact that the chemical names in the thesaurus were not linked to any identifier such 
as a CAS number or InChI string. We noticed that a few of these “missing” concepts were 
actually in the thesaurus, but were not recognized due to the current implementation of 
the indexing engine Peregrine. Peregrine had only been designed to recognize gene and 
protein names, and the complicated nature of many chemical names caused them to be 
either incorrectly recognized or not recognized at all. For example, the exact placement 
of tokens such as commas, spaces, hyphens, and parentheses plays a much larger role 
for chemical names than for gene names. This initial study led us to believe that a larger 
chemical thesaurus was needed, and that Peregrine needed to be tuned to work better 
with chemical names. We therefore set out to create and evaluate a chemical thesaurus 
and to adapt Peregrine, as described in chapter 3 and chapter 4. 

The work in chapter 3 and chapter 4 resulted in a protocol for creating and 
evaluating a thesaurus of chemicals. We will briefly describe and discuss this protocol 
below. In short, the different chemical vocabularies are downloaded locally and concepts 
are extracted together with their synonyms, definition and links to online databases if 
available. Concepts from the different vocabularies are merged if they have the same 
CAS number, InChI string or online database link. Before and after the merging of 
concepts, the chemical thesauri are processed by applying slightly modified versions of 
the rewrite and suppress rules described in chapter 2. The resulting chemical thesaurus 
Jochem is manually curated by removing frequent terms and homonyms in a similar way 
as for the UMLS that we described in the previous section about biomedical concepts. In 
contrast to the research around the UMLS in chapter 2 where we could not evaluate the 
rewrite and suppress rules on an annotated corpus and thus not provide a recall and 
precision value for the biomedical part of our thesaurus, the access to an annotated 
corpus of chemical entities [111] made it possible to do exactly this for the chemical 
thesaurus. Even though we were able to achieve a reasonable performance in terms of 
recall and precision on the chemical entity corpus using the thesaurus together with the 
Peregrine tagger, the process of downloading, cleaning and merging the different 
dictionaries is time consuming and error-prone. In addition, when putting the thesaurus 
into practical use, we have noted that the merging of concepts based on CAS numbers, 
InChI string or online database links can result in chemical concepts with tens of different 
CAS numbers and InChI strings due to the different levels of granulation used by the CAS 
and InChI systems and by the individual chemical vocabularies. Also, errors originating 
from the source vocabularies will propagate to the merged thesaurus. Our chemical 
thesaurus Jochem does not focus on the chemical structure but on chemical names and 
database identifiers (the InChI strings are not used when mining the text, only for 
merging purposes). Obviously, the chemical names are presumed to link to the structure. 

The need for better quality chemical databases was addressed in two recent 
publications by Williams et al. [241, 242] where they also provided suggestions on how 
to improve the quality. Williams and coworkers suggest a combination of manual 
curation, possibly with the help of crowdsourcing (a strategy that combines the effort of 
the public to solve one problem or produce one particular thing), and automated 
mechanisms to ensure structures and data are correct. Williams and coworkers have 
implemented these steps for the ChemSpider database and claim to have managed to 
address thousands of inherited errors. We tested the curated part of the dictionary of 
chemical names behind ChemSpider in chapter 4. When correcting for errors in the 
corpus, ChemSpider had a precision of 91% compared to 82% for Jochem (chapter 4), 
showing the benefit of the curation steps in ChemSpider when it comes to quality. The 
recall for ChemSpider was however much lower (19%, compared to 40% for Jochem), 
confirming the trade-off between quality and quantity. Another recent database that 
claims to deal with inherited errors is the database behind the ‘NPC browser’ from the 
NIH Chemical Genomics Center [243], but when tested for quality by Williams and 
coworkers [241, 242] multiple errors were found. Williams and coworkers analyzed the 
structures for a random selection of 50 of the top selling US drugs as represented in the 
NCGC database and found that 40% were incorrect. Clearly more effort is needed to 
ensure the quality in public chemical databases. A related study comparing human 
metabolic pathway databases [244] also emphasize the need for standardizing 
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metabolite names and identifiers, and stresses that the conceptual differences between 
the databases should be resolved. The recently published database MetRxn [245] claims 
to have dealt with these problems using for example chemical structure analysis 
procedures during the matching process, but their system is not aimed at text mining 
and has not been tested on an annotated corpus. An initiative aiming at integrating 
available data resources is the OpenPHACTS (Open Pharmacological Concepts Triple 
Store) [246]. The ChemSpider database is serving the chemical services to the project 
and OpenPHACTS has agreed on the need for a set of structure standardization rules that 
will be used to process all incoming chemical compounds. Future will tell if this approach 
proved successful. 

There have been a few other studies regarding thesaurus-based identification of 
chemical names published after the works in chapter 3 and chapter 4 were published, 
and these focus on using one source for the chemical names instead of combining many. 
Zhang and coworkers presented a system based on the chemical part of MeSH, which 
performed comparable to the results we presented for MeSH in chapter 3. The recently 
published Compounds In Literature (CIL) system [247] uses the pre-processing steps 
described in chapter 3 together with a self-generated stop word list for compound 
synonyms when adapting the PubChem dictionary to screen for compounds and relatives 
in PubMed. A notable difference is that the authors of CIL only used the first five 
synonyms of each compound. CIL achieved a lower precision (52%) but higher recall 
(72%) compared to the results based on PubChem described in chapter 3 (precision: 
73%, recall: 35%). Clearly, the precision reported for the CIL system needs 
improvement, underlining the need for better disambiguation of chemical names. The 
authors did not report using the disambiguation rules described in chapter 3, and they 
used a different indexer than Peregrine. It would be interesting to see how their 
dictionary performs when using Peregrine, which implements the disambiguation rules 
from chapter 3. Their dictionary is publicly available at 
ftp://ftp.ncbi.nlm.nih.gov/pubchem/Compound/Extras/.   

In chapter 3, we suggested that thesaurus-based and machine learning methods 
should be combined for a better performance and underlined the need for name-to-
structure mapping. This approach was later taken by Nobata and coworkers [248] for 
metabolite names, and they showed that combining a thesaurus-based named entity 
recognition system with a system that learns from linguistic cues using an annotated 
corpus results in increased performance of metabolite name recognition. Interestingly, 
they mapped the names recognized in text against ChemSpider to identify appropriate 
structures. They identified structures for 55% of their unique names, and also found 
many real yeast metabolites among unmatched names, which made good candidates to 
extend metabolite databases. It would be interesting to see how such an approach would 
work for other types of chemicals than metabolites. Such a system could for example 
make use of the recently published Open-Source Chemistry Analysis Routines (OSCAR) 
software version 4, a toolkit for the recognition of named entities and data in chemistry 
publications [249]. 
 

The master thesaurus 

To supply our thesaurus with toxicology-related concepts and terms, we converted the 
IUPAC glossary of terms used in toxicology to our thesaurus format. When forming the 
master thesaurus, the UMLS, gene, chemical and toxicity thesauri are merged based on 
term overlap and a number of patterns for recognizing gene and protein names. The 
different steps are performed by a series of coupled java scripts. For the latest release of 
Anni (2.1) [250], we used the new improved master thesaurus to make the concept 
profiles. Continuing our Flusilazole example from the Introduction where a search on the 
term in the CTD only retrieved two associated genes, matching the concept profile of 
Flusilazole with all human genes in Anni 2.1 not only adds 13 genes that co-occur with 
Flusilazole in the literature to the ones also found in the CTD, but also gives suggestions 
of other, probable gene interactions. 
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Even though the master thesaurus seems to work satisfactory and there seems to 
be no pressing need to change the content of it, the merging process is time-consuming 
and not very flexible. It would be interesting to contrast the process of creating, and the 
final performance of, the master thesaurus against a thesaurus based on ontologies from 
the Open Biological and Biomedical Ontologies (OBO) Foundry [251]. The OBO Foundry is 
a collaborative experiment involving developers of science-based ontologies who are 
establishing a set of principles for ontology development with the goal of creating a suite 
of orthogonal, interoperable reference ontologies in the biomedical domain. The OBO 
Foundry provides discussion fora, technical infrastructure, and other services to facilitate 
ontology development such as mappings between, logical definitions for, bridging, and 
relations for combining, ontologies. One would presume that the guidelines presented by 
the OBO Foundry would indeed make the thesaurus-creation process faster and less 
error-prone. Actually, 32 of the 161 UMLS vocabulary sources (statistics are from the 
2011AB release) are already available in the library of ontologies called BioPortal [252], 
which is supplied by the OBO Foundry. The BioPortal currently (6 April, 2012) contains 
297 ontologies. The UMLS vocabularies are assigned to the Ontology Group “UMLS” in 
the BioPortal, and include vocabularies commonly used in text mining such as the Gene 
Ontology, MeSH, and the Online Mendelian Inheritance in Man (OMIM). Unfortunately, for 
chemicals and genes/proteins, only a small number of dedicated ontologies are available 
on BioPortal. The largest chemical ontology available in the category “Chemical” is the 
Chemical entities of biological interest (CHEBI) ontology, but with only 31,470 terms it 
hardly covers the chemical domain. The largest included ontology for gene names seems 
to be the Human Genome Organisation (HUGO) ontology with 32,917 terms. It therefore 
seems likely that, at this point in time, the information about genes and chemicals 
contained in BioPortal does not match up to the information about these entity classes 
currently contained in the master thesaurus. However, for other biomedical concepts it 
can provide additional sources of concepts next to the UMLS, and may even be able to 
replace the UMLS part of the master thesaurus since many of the commonly used 
vocabularies are already included in the BioPortal. Again, research contrasting the 
creation and performance of the master thesaurus against a thesaurus based on the 
resources available in the BioPortal would be valuable. 
 

Using concept profile technology to create gene sets relevant for 
toxicogenomics 

In this section we focus on further discussion points related to the research conducted in 
the second part of the thesis, namely chapter 5 and 6. In chapter 5 we introduced the 
literature-weighted global test that uses concept profile matching scores to weigh the 
contribution of the genes in a gene set. Even though the literature-weighted global test 
works well, it is not particularly user friendly for biologists. It has a command line 
interface and knowledge of the bioconductor framework and the statistical language R is 
desired. It requires the loading of large amounts of data at the same time, which makes 
it slow in comparison to the “normal” global test (without the weights). Also, the process 
of updating the concept association scores is non-trivial. A conversion of the software 
package to a web service environment, preferably with a web interface, would greatly 
enhance its usability. In addition, if the loading of large data sets and the computations 
could be placed in a distributed environment, the speed of use would increase. We expect 
that a more flexible environment for updating the concept profile association scores, 
maybe based on linked data, and a transfer of the technology to a web service 
environment, would make it easier to keep the concept profile association scores up-to-
date with the current literature.  

In chapter 6 we further generalized the concept profile-based gene set creation 
method to be used with other gene set analysis tools. We described how to create such 
gene sets by matching concept profiles, and provided chemical response-specific gene 
sets for download in a generic format. The gene sets however capture the information 
available in the literature at that specific point in time, and the same arguments 
regarding the updating of the concept profile association scores in chapter 5 apply to 
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these gene sets. When investigating the differences between the gene sets created using 
text mining and the CTD in chapter 6, we noticed that some of the genes that were 
missing in the text-mining based gene sets but present in the CTD-based gene sets came 
from tables or supplemental material listing differentially expressed genes from a gene 
expression experiment. This indicates that the text-mining based gene sets would benefit 
from using information from the full text and supplements instead of only abstracts. One 
could also consider mining information from other resources than the scientific literature, 
including wiki’s such as the Wikipedia [253], the ConceptWiki [254], and the 
WikiPathways [255], drug labels [256], and databases such as the pharmacogenomics 
database PharmGKB [257] and GeneCards [258].  In contrast, some gene-chemical 
interaction information was missing from the CTD, causing the text-mining based gene 
sets to perform better in some cases and demonstrating the limitations of manual 
curation. A combination of both approaches might prove beneficial and is something that 
could be investigated further. 

The text-mining based gene sets are created using a concept profile length cutoff 
of 200 concepts, and a cutoff of 1000 genes from the concept profile matching 
procedure. These cutoffs were empirically determined, and might be suboptimal. Further 
investigation of the best cutoffs should include detailed analysis of the relation between 
the concept profile matching scores between genes and chemicals and gene expression 
levels induced by a chemical treatment.  

Another issue is the specificity of the text-mining generated gene sets. The fact 
that they are based on the whole of MEDLINE can be seen as both an advantage and a 
disadvantage. It can be an advantage because chemical-gene interaction information can 
be present in other types of journals than chemical-focused ones, but on the other hand 
more noise might be expected. It would be interesting to try to build the concept profiles 
of the chemicals on a limited corpus of chemical-related documents, and to include 
patents. This could be accomplished for example by mining patent collections [259], or 
the citations and patents linked to compounds in the ChemSpider database. Adding 
patent information would also make the concept profiles even more up-to-date since 
patent information usually becomes available in the scientific literature only at a later 
stage. Recent developments in chemical text mining aimed at patents include the use of 
finite state machines to encode the rules used for systematic naming, effectively creating 
an infinite dictionary [260]. Such a finite state machine covers the vast majority of 
systematic chemical names likely to be found in medicinal chemistry papers or 
pharmaceutical patents. The drawback is that such grammars encode only the syntax of 
the chemical structure naming rules but not the semantics, allowing the finite state 
machine to also accept chemically nonsense strings. This requires the use of name-to-
structure conversion tools to filter out such false positives. It would be interesting to see 
how such a method would perform if combined with a thesaurus of non-systematic 
names. 

The gene sets for embryotoxicity described in chapter 6 proved useful for 
detecting the embryotoxic properties of triazoles at the gene expression stage, and for 
discriminating triazoles from other compounds based on gene expression changes. 
Further study of the performance of these embryotoxicity gene sets for other compound 
classes forms a topic for future research, as does creating and testing text-mining based 
gene sets for other types of toxicities such as carcinogenicity and neurotoxicity.  
 

Special attention areas 

This section highlights areas needing special attention. These areas were identified 
during the whole research track. 
 

The need for annotated corpora 

The rewrite and suppression rules described in chapter 2 were not tested on an 
annotated corpus, simply because at the time there was no large corpus annotated with 
a variety of biomedical entities available.  Such a corpus would be of great value, 
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because the impact on recall and precision could then be tested before and after 
execution of the rules. Many manually annotated corpora exist (see for example [261]) 
but they are either limited to one specific domain (e.g. cancer), or the entities that are 
annotated are limited to only one type of concept (e.g. genes or diseases), or they are 
small (hundreds of abstracts). Due to the high costs involved, there are few initiatives 
aiming at producing a large and broad manually annotated corpus of biomedical and 
chemical entities. In chapter 3, we pointed out many problems with the corpus of 
annotated chemical entities that was used to test the chemical thesaurus and stressed 
the need for other efforts. Crowdsourcing might be of use here [262], and one could 
imagine a call for scientists to annotate a large number of documents for biomedical 
entities in a similar way as the call that came out in 2008 for scientists to participate in 
the community annotation of Wikiproteins [263]. An example of a tool directed at 
supporting such annotation efforts is BioNotate-2.0 [264]. BioNotate-2.0 also builds upon 
the Semantic Web, facilitating the dissemination of annotated facts into other resources 
and pipelines.  

The Collaborative Annotation of a Large Biomedical Corpus (CALBC) project [265] 
partners approach the problem from a different angle. The project organized two public 
challenges, with the aim to produce a large-scale annotated biomedical corpus with four 
different semantic groups through the harmonization of annotations from automatic text 
mining solutions [266], thus sidestepping manual curation. The four semantic groups are 
chemical entities and drugs, genes and proteins, diseases and disorders, and species. 
The final annotated corpus contained about 1,000,000 MEDLINE abstracts. Kang and 
coworkers showed that this corpus can be a viable alternative for, or a supplement to, a 
manually annotated corpus when training NLP software in a biomedical domain [267].  
 

Resolving ambiguities 

Word Sense Disambiguation (WSD) is the task of automatically identifying the 
appropriate sense (or concept) of an ambiguous word based on the context in which the 
word is used. The disambiguation procedure that we used in this thesis (described in 
chapter 3) is knowledge-based and thus based on the knowledge source (in our case the 
thesaurus) and the textual context in which the word is found (in our case the MEDLINE 
abstract). Many other WSD methods exist, and all have their advantages and 
disadvantages (for a recent comparison of methods, see [268]). WSD using statistical 
learning approaches actually achieve better performance than knowledge-based methods 
[35, 268]. On the other hand, statistical learning approaches require manually annotated 
training data for each ambiguous word, which is an infeasible task for a large resource 
such as the thesaurus used in this thesis. WSD is an active research field and recent 
advances include incorporating different types of collocations (a sequence of words or 
terms that co-occur more often than would be expected by chance) in the disambiguation 
algorithms [269], and crowdsourcing [263, 270]. The impact of these techniques on the 
quality of concept profiles is unknown, and a topic for future research.  
 
Concept profiles and linked data 

The current process for creating concept profiles (as described in chapter 1 and chapter 

5) has proved to be functional, but has its limits. Concept profiles are based on 
information from the scientific literature, but there are also other information sources 
such as patents and web resources that could provide useful information. Also, the 
current implementation for generating and using concept profiles is not very flexible with 
regards to adding and removing knowledge sources, making it time-consuming to adapt 
the technology to a new domain. In contrast, a technology that is known for its flexibility 
is the Semantic Web [271]. The Semantic Web is a collaborative movement led by the 
World Wide Web Consortium (W3C) that promotes common formats for data on the 
World Wide Web. By encouraging the inclusion of semantic content in web pages, the 
Semantic Web aims at converting the current web of unstructured documents into a "web 
of data". It builds on the W3C's Resource Description Framework (RDF). One could 
imagine querying relevant resources on the Semantic Web and storing the information 
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from these queries in a graph database, which could then be used to infer relationships 
between concepts. This would also enable relations further away than the current 
concept profile implementation based on Swanson’s ABC model described in chapter 1 
(briefly, the model states that if ‘A influences B’ and ‘B influences C’, then ‘A may 
influence C’). If the concept profile generation and analysis process could be translated 
into a workflow with nested, but independent, components, and implemented in a 
workflow management system such as for example Taverna [272], this would allow for 
even more flexibility. Components of the concept profile generation and analysis process 
such as the text resource or specific indexing engine, and parameters such as the specific 
statistic used for concept profile matching, would be more transparent and easier to 
manipulate. To support in-silico experimentation, Taverna contains a suite of tools used 
to design and execute scientific workflows, that together with BioCatalogue [273] (a 
curated catalogue of life science Web Services) and myExperiment [274] (a virtual 
research environment for sharing workflows) forms a foundation to store, interpret, 
analyse and network data to other work groups. Integrating the concept profile 
generation and analysis process into such a framework would probably lead to increased 
speed, flexibility, collaboration and visibility. 

Examples of initiatives that have tackled the problem of linking biological data and 
drug data respectively using RDF are Bio2RDF [275] and LODD [276].  Combining these 
resources, Chen and coworkers created a new semantic systems chemical biology 
resource (Chem2Bio2RDF), and demonstrated its potential usefulness in specific 
examples of polypharmacology, multiple pathway inhibition and adverse drug reaction to 
pathway mapping [277]. A comparison of the relations found using concept profile 
technology against relations found using Chem2Bio2RDF would provide more insight into 
the benefits and pitfalls of the two technologies. One could for example expect that the 
quality of the data in peer-reviewed scientific publications is higher than non peer-
reviewed Semantic Web content, but that remains to be investigated. 
 

Application of concept profiling to toxicogenomics 

In chapter 1 we introduced four different areas in toxicogenomics where conventional 
bioinformatics solutions might be assisted by concept profiling: class discovery and 
separation, connectivity mapping, mechanistic analysis, and identification of early 
predictors of toxicity. The work described in chapter 5 and chapter 6 and further 
discussed previously in this chapter (section “Using concept profile technology to create 
gene sets relevant for toxicogenomics”) shows that concept profiling can aid 
bioinformatic approaches in all these areas. The characteristics of the data from a 
toxicogenomics study, such as time series analysis, dose-response relationships, and the 
use of multiple  compounds for comparison showing very small and/or early gene 
expression changes, make the analysis complicated but this is not something that in our 
opinion influences the concept profiling technique itself. In our experience, concept 
profiling can help toxicogenomics data interpretation, just like concept profiling can help 
interpret data from other omics areas. All omics areas have their specific features, and 
domain adjustments will always be needed with regards to thesaurus content and corpus 
selection, but the concept profile technology does not seem to be domain-dependent.  
 

Concluding remarks 

We have enhanced the concept profile creation pipeline by greatly improving the 
performance of biomedical and chemical concept identification in text, and made these 
results available not only via scientific publications but also by implementing these 
improvements in a new release of the Anni tool (2.1) for text-mining based knowledge 
discovery. We have shown that concept profiling can be integrated in the framework of 
gene set testing and as such be used to relate chemical information to gene expression 
data, identify toxic effects already at the gene expression stage, and discriminate 
between compound classes. 
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Future works surrounding the master thesaurus used in this thesis include the 
development of guidelines for manual curation, and a comparison of the creation process 
and the performance of the master thesaurus with a thesaurus based on the ontologies in 
the BioPortal. With regards to the identification of biomedical and chemical terms in text 
in general, the creation of large-scale corpora for benchmarking, and the disambiguation 
of entities remains a challenge. 
 A comparison between the current implementation of the concept profile creation 
pipeline and a Semantic Web approach is a topic for future research, as well as a 
benchmark procedure for measuring general concept profile quality and the impact of 
concept profile length on the concept profile matching score. More research is needed to 
ensure and measure the quality of the information in the chemical concept profiles. Ways 
to improve the information quality could include limiting the corpus used for chemical 
concept profile generation to chemical-specific information only, and to include patents in 
the corpus. The concept profile is only as good as the underlying data sources, and 
continuing efforts to ensure the quality in public chemical databases is essential.  

Regarding the use of concept profiles for the generation of gene sets, it would be 
interesting to investigate whether a combination of manually curated information as 
provided by for example the CTD and the concept profile generated associations lead to 
improved performance. Also, the potential of the embryotoxicity-specific gene sets to 
detect embryotoxic signals already at the gene expression stage could be explored 
further by testing these gene sets on more compounds and compound classes. It would 
also be interesting to see if text-mining based gene sets for other types of toxicities than 
embryotoxicity, such as carcinogenicity or neurotoxicity, can be used to detect early 
signals of these types of toxicities as well. 
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Samenvatting (Summary in Dutch) 

Concept profiling is een op thesauri-gebaseerde text-mining techniek die is ontwikkeld 
voor het ontdekken en analyseren van gen-expressie data op basis van reeds bekende 
literatuur. Deze techniek is niet eerder gebruikt in toxicogenomics en was ook niet 
geïntegreerd in een framework voor het doen van gen-set analyse. Toxicogenomics is 
een in vitro techniek die tot vermindering en vervanging van dierproeven kan leiden. Het 
biomedische gedeelte van de thesaurus die wordt gebruikt om de concept profielen te 
maken moest worden aangepast om te worden gebruikt voor text-mining. Verder was 
ook de dekking van chemische concepten onvoldoende. Zoals beschreven in hoofdstuk 

1 gingen we er vanuit dat concept profiling bruikbaar zou zijn voor het interpreteren van 
toxicogenomics data. In het eerste gedeelte van dit proefschrift laten we zien hoe we het 
biomedische gedeelte van de thesaurus hebben aangepast voor gebruik in text-mining, 
maar ook hoe we de thesaurus voor chemische concepten hebben gemaakt en 
geëvalueerd. In het tweede gedeelte beschrijven we hoe we concept profiling hebben 
ingepast in het statistische framework van de weighted global test, die wordt gebruikt als 
gen-set analyse methode. Daarnaast beschrijven we hoe we de technologie hebben 
gegeneraliseerd zodat het samen met andere gen-set analyse methodes gebruikt kan 
worden om toxicogenomics data te interpreteren. 
 
Hieronder staan de belangrijkste bevindingen van het onderzoek. 
 
De experimenten in hoofdstuk 2 waren er op gericht om het biomedische gedeelte van 
onze thesaurus aan te passen voor het gebruik in text-mining. We namen aan dat dit 
mogelijk zou moeten zijn door synoniemen toe te voegen en te verwijderen. Daarvoor 
implementeerden we een aantal herschrijf- en suppressieregels. Een manuele evaluatie 
van de impact van de regels op een MEDLINE corpus liet een 2.8% toename van het 
aantal herkende termen zien en een 3.4% toename van het aantal herkende concepten 
door het gebruik van de herschrijfregels. De supressieregels onderdrukten duizenden 
ongewenste termen in het corpus die daardoor 25% in megabytes kleiner werd, wat een 
positieve invloed had op de prestaties van de concept identificatie software. Onze 
conclusie was dat het gebruik van de vijf herschrijf- en zeven suppressieregels, die onze 
evaluatie doorstonden, een positieve invloed heeft op de prestatie van de biomedische 
term identificatie van MEDLINE abstracts met UMLS als de bron van de concepten. De 
software om deze regels toe te passen op de UMLS is vrij beschikbaar via 
http://biosemantics.org/casper. 
 
In hoofdstuk 3 hebben we meerdere chemische databases samengevoegd. We hebben 
geëvalueerd of deze samengevoegde chemische thesaurus Jochem (Joint CHEMical 
dictionary) beter presteerde op een handmatig geannoteerd corpus, gelet op recall en 
precisie, dan de individuele databases. We hebben de herschrijf- en suppressie regels uit 
hoofdstuk 2 aangepast voor chemische termen en geëvalueerd wat de toepassing van 
deze regels voor effect had op de prestaties. Verder hebben we gekeken wat de invloed 
is van het gebruik van disambiguatie regels en beperkte manuele curatie (handmatige 
inspectie van veelvoorkomende termen). Onze conclusie was dat iedere handmatige en 
semi-handmatige curatie de precisie  verhoogde met een minimal verlies van recall. 
 
Na het maken en evalueren van de gecombineerde chemische thesaurus in hoofdstuk 3 

moest er nog gekeken  worden naar de impact van een uitgebreide handmatige curatie 
op de identificatie van chemische termen in tekst. Daarom hebben we in hoofdstuk 4 op 
ChemSpider, een handmatig gecureerde samengestelde chemische database, dezelfde 
handmatige en semi-handmatige curaties (regel gebaseerde termen filtering, semi-
automatische handmatige curatie en disambiguatie regels) uitgevoerd als in hoofdstuk 

3. We zagen hier dat ook voor ChemSpider onze curaties nodig waren om een hoge 
precisie te  krijgen. Na het toepassen van de curaties, haalde ChemSpider de beste 
precisie, maar onze chemische thesaurus Jochem haalde een hogere recall. 
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In hoofdstuk 5 hebben we concept profielen gemaakt met onze geupdate thesaurus om 
deze te integreren in het statistische framework van de weighted global test. De 
gewichten die hiervoor zijn gebruikt zijn de concept  profiel overeenkomst scores 
(matching scores). We laten zien dat concept profiel overeenkomst scores het belang 
aangeven van een gen voor het doelconcept (bijv. een Gene Ontology categorie). 
Daarnaast laten we zien dat associaties op basis van literatuur een meer betekenis geven 
aan een gen-expressie experiment dan een analyse die gebruikt maakt van gen-sets 
gebaseerd op de klassieke Gene Ontology. Ook laten we de mogelijkheden zien van de 
op literatuur gebaseerde weighted global test om gen-expressie data te linken aan 
overleving van borstkanker patiënten en de werking en het metabolisme van medicijnen. 
 
In hoofdstuk 6 gaan we verder in op het gebruik van concept profile matching voor het 
maken van gen-sets en de toepassing op het gebied van toxicogenomics. Met behulp van 
onze thesaurus konden we een veel groter aantal chemische respons-specifieke gen-sets 
maken met behulp van text-mining dan wanneer we gebruik maakten van methoden 
gebaseerd op chemische stof-gen interactie informatie uit de Comparative 
Toxicogenomics Database. We laten zien dat we aan de hand van differentiële expressie 
van met text-mining verkregen gen-sets kunnen achterhalen wat voor chemische 
behandeling er in het experiment toegepast is. Daarnaast laten we door drie gen-set 
testmethoden zien dat onze aanpak ook generiek kan worden ingezet. We laten verder 
zien dat gen-sets verkregen met concept profile matching gebruikt kunnen worden om 
embryo-toxische effecten van triazolen al in het gen-expressie stadium te herkennen. 
Daarbij kunnen triazolen ook onderscheiden worden van andere chemicaliën met behulp 
van principal component analyse. 
 
Aan de hand van de gegevens beschreven in dit proefschrift concluderen wij dat concept 
profiling inderdaad geïntegreerd kan worden in het framework van gen-set testen. 
Daardoor kan het ook gebruikt worden om chemische informatie te koppelen aan gen-
expressie data en om toxische effecten al in het gen-expressie stadium te identificeren 
inclusief het onderscheiden van verschillende chemische klassen. 
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