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Introduction: To reduce continuously increasing costs in drug development, adverse
effects of drugs need to be detected as early as possible in the process. In recent years,
compound-induced gene expression profiling methodologies have been developed to
assess compound toxicity, including Gene Ontology term and pathway over-representation
analyses. The objective of this study was to introduce an additional approach, in which
literature information is used for compound profiling to evaluate compound toxicity and
mode of toxicity. Methods: Gene annotations were built by text mining in Medline
abstracts for retrieval of co-publications between genes, pathology terms, biological
processes and pathways. This literature information was used to generate
compound-specific keyword fingerprints, representing over-represented keywords
calculated in a set of regulated genes after compound administration. To see whether
keyword fingerprints can be used for assessment of compound toxicity, we analyzed
microarray data sets of rat liver treated with 11 hepatotoxicants. Results: Analysis of
keyword fingerprints of two genotoxic carcinogens, two nongenotoxic carcinogens, two
peroxisome proliferators and two randomly generated gene sets, showed that each
compound produced a specific keyword fingerprint that correlated with the
experimentally observed histopathological events induced by the individual compounds.
By contrast, the random sets produced a flat aspecific keyword profile, indicating that the
fingerprints induced by the compounds reflect biological events rather than random noise.
A more detailed analysis of the keyword profiles of diethylhexylphthalate,
dimethylnitrosamine and methapyrilene (MPy) showed that the differences in the keyword
fingerprints of these three compounds are based upon known distinct modes of action.
Visualization of MPy-linked keywords and MPy-induced genes in a literature network
enabled us to construct a mode of toxicity proposal for MPy, which is in agreement with
known effects of MPy in literature. Conclusion: Compound keyword fingerprinting based
on information retrieved from literature is a powerful approach for compound profiling,
allowing evaluation of compound toxicity and analysis of the mode of action.

In the drug development process it is important that any toxicity of new compounds is recognized as early as possible to guarantee drug
safety and to reduce the costs of drug development [1]. Classical methods of toxicity evaluation of compounds involve elaborate and timeconsuming animal experiments in which a
number of measurements are carried out to
evaluate toxicity, including clinical chemistry,
hematology, histopathology and in vitro assays.
In recent years, toxicogenomics has emerged
as a new methodology to evaluate compound
toxicity. With toxicogenomics, compoundinduced gene expression profiles are analyzed to
detect indications of toxicity and, as such, may
provide a promising way to rapidly screen for
adverse drug effects [2,3]. The challenge in this
approach is to infer toxicity of the compound
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from the gene expression profiles in order to
predict the toxicity of a compound and to
resolve the underlying mechanism of toxicity.
One approach relies on comparison of observed
gene expression profiles with a database of expression profiles for reference compounds with known
toxic effects [4].
Another approach consists of the analysis of the
annotation of the genes that are differentially
expressed in a drug-treated sample. Multiple algorithms exist that analyze gene sets for the presence
of over-represented Gene Ontology (GO), Kyoto
Encyclopedia of Genes and Genomes (KEGG) or
other annotation terms [5,6]. These algorithms have
been applied successfully to elucidate toxic effects
and mode of action of a number of compounds [7].
In this paper we want to introduce an additional approach to link gene expression profiles to
Pharmacogenomics (2007) 8(11), 1521–1534
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toxicity. We developed a tool named CoPub that
is able to calculate keyword over-representation
in a similar fashion to general GO term over-representation tools but, in our approach, the annotation of the genes is retrieved directly from
Medline by text mining [101]. Medline represents
an enormous amount of information on the
function of genes/proteins and their role in the
onset of toxicity, and is therefore an ideal source
to identify relations between the expression of
genes and toxicity end points.
Several text mining methods for the analysis
of microarray data have been published, including methods for the generation of literature
neighborhoods from regulated genes [8] and clustering a set of regulated genes based on their literature profile [9–13]. Other methods are aimed at
annotating gene sets that are obtained by clustering of genes based on their expression profile,
often based on subsets of the total Medline
repository [14,15]. CoPub uses the entire Medline
library to calculate robust statistics for gene-keyword co-occurrence, and is not dependent on
preclustered gene sets to calculate significance
for keyword over-representation.
CoPub is built on the assumption that co-citation of a gene and a keyword in the same
Medline abstract is indicative of a relation
between the gene and the keyword and that the
keyword thus represents some sort of annotation
of the gene. Using thesaurus-based keyword
matching [8,16,17] with thesauri for genes, biological processes, drugs, liver pathologies and diseases, all keyword co-publication hits in the
Medline abstracts database are collected. This
co-publication information is then used to calculate keyword over-representation in sets of genes
that are differentially expressed in compoundtreated samples. The list of over-represented keywords can be analyzed subsequently to assess the
toxicity and mode of toxicity of the compounds
that are tested.
To demonstrate the value of CoPub, we applied
this text mining tool to two microarray data sets.
In one experiment, male Wistar Hanover rats were
dosed daily by gavage with four nongenotoxic carcinogens; methapyrilene (MPy), diethylstilbestrol
(DES), Wy-14643 (Wy) and piperonylbutoxide
(PBO), and four genotoxic carcinogens; 4-(methylnitrosamino)-1-(3-pyridyl)-1-butanone (NNK),
2-nitrofluorene (2-NF), dimethylnitrosamine
(DMN) and aflatoxin B1 (AB1) [18,19]. In the
other experiment, Sprague-Dawley rats were given
a single dose by oral administration with three
peroxisome proliferators: clofibrate (Clo), valproic
1522
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acid (VPA) and diethylhexylphthalate (DEHP)
Histological examination of the livers treated
with the four genotoxic carcinogens showed
increasing necrosis after DMN and AB1 treatment, which was accompanied by reactive inflammation in both cases [19]. 2-NF induced modest
hypertrophy and NNK showed only weak apoptosis after 14 days of treatment [19]. On a histopathological level, all four nongenotoxic
carcinogens were shown to induce weak (PBO) to
moderate (DES, Wy, MPy) hyperplasia and
hypertrophy. MPy induced apoptosis with
increasing severity over time, causing weak inflammation [18]. Histopathological examination of the
livers treated with the three peroxisome proliferators Clo, DEHP and VPA showed some vacuolation, hypertrophy and increased mitotic
figures [20].
Using CoPub, we generated keyword fingerprints for each of the compounds. Detailed examination of the regulated gene sets and their overrepresented keywords for a genotoxic carcinogen, a
nongenotoxic carcinogen and a peroxisome proliferator revealed mechanisms of toxicity for these
compounds that correlate well with histopathological data. These results show that text mining of
gene expression data, as implemented in CoPub, is
a valuable tool for early screening of compounds
for toxic effects.
[20].

Material & methods
Medline search strings definitions
Four thesauri were generated to search Medline:
•
•
•
•

Genes (human, mouse, rat)
Liver pathologies
Biological processes
Pathways

The keyword thesauri are based on biological
items, which represent an instance of a biological
concept (e.g., a gene, a pathway), and may contain one or more keywords (e.g., a gene is
assigned a full gene name and/or a gene symbol).
Human, mouse and rat gene thesauri were compiled from the National Center for Biotechnology
Information’s (NCBI’s) Entrez Gene database
(released December 2005) [21,102]. In order to
search Medline with one or more full gene names,
gene symbols and aliases, the gene name thesauri
were processed as described by Alako et al. [16].
Gene names and symbols of orthologous genes
were combined to make the keyword search in
Medline more comprehensive.
The pathology thesaurus contains 406 pathology terms and was compiled from textbooks and
future science group
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is particularly focused on liver-specific pathologies
(e.g., cholestasis), but also contains less specific
liver pathologies (e.g., necrosis).
The GO biological process thesaurus was compiled from the GO database [103] and contains
5515 terms.
The pathway thesaurus contains 817 pathway
names, compiled from the KEGG database [104],
the encyclopedia of human genes and metabolism
database [105] and the Reactome database [106].
The full Medline baseline XML files (between
1966 and April 2006) were obtained from the
NCBI website [107] and extracted to small text
files containing title, abstract and substances.
Regular expressions were used to search the
compiled Medline text files for the presence of
all keywords (∼250,000) from the biological
concept thesauri, as described by Alako et al. [16].
Keywords that generated a hit in a Medline
abstract were stored, together with the PubMed
identifiers (IDs) of the Medline records in which
the hit occurred. For every biological item the
hits were made nonredundant (note: multiple
keywords of a biological item can occur in the
same Medline abstract), resulting in a PubMed
ID–biological item list. Gene symbols were
curated for ambiguity [Frijters et al., manuscript
in preparation].
Co-publication of biological items (e.g., a gene
with a pathology term) was retrieved from the
database by matching common Medline abstract
occurrences. An R-scaled score, described by
Alako et al. [16], that describes the strength of a cocitation between two keywords given their individual frequencies of occurrence and the number
of co-publications between every biological item
pair was calculated in order to assign a degree of
relation between two keywords.
The R-scaled score is based on the mutual
information measure and was calculated as:
S = P AB ⁄ P A × P B

in which PA is the number of hits for biological
item A divided by the total number of PubMed
IDs, PB is the number of hits for biological item
B divided by the total number of PubMed IDs,
and PAB is the number of co-occurrences
between biological item A and biological item B
divided by the total number of PubMed IDs.
The relative score is produced as a 1–100 scaled
log10 conversion (R = 10log S) and the scaledlog-transformed relative score (R-scaled score)
as:
R' = 1 + 99 × ( R – R min ) ⁄ ( R max – R min )
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here Rmin and Rmax are the lowest and highest R
values present in the biological item co-publication
list, respectively.
Publicly available microarray data sets from
hepatotoxicity studies on genotoxic and nongenotoxic carcinogens, and peroxisome proliferators
were downloaded from the EBI (European Bioinformatics Institute) ArrayExpress database (ETOXM-16 and E-TOXM-19 datasets) [22,108].
The downloaded .CEL files were imported in
Rosetta Resolver v5.1 (Rosetta, Seattle, WA, US),
and differentially expressed genes (p-value ≤ 0.01,
fold-change ≥2 or ≤-2) were selected with the
implemented Rosetta Resolver error-model using
the corresponding time-matched controls. Control
gene sets were generated by randomly selecting
two sets of respectively 100, 150, 200, 250 and
300 Affymetrix probe set identifiers from the RGU34A GeneChip array.
Links from Affymetrix IDs to Entrez Gene
IDs and orthology information was retrieved
from Affymetrix human, mouse, rat GeneChip
Genome Array annotation files (sep. 2005) [109].
To determine keywords that are over-represented in a given gene set, all keywords that were
associated with a gene (defined as having at least
five co-citations) were collected. The same was
done for the background set of genes consisting of
nondifferentially expressed genes on the array. The
degree of association between the gene set and a
keyword was then determined using the Fisher
Exact Test. Keywords associated with at least four
genes in the gene set and with a p-value not more
than 0.01 were marked as over-represented in the
gene set after multiple test correction using the
Benjamini-Hochberg correction, as implemented
in the R Statistics package [110]. These settings were
empirically determined following analyzed microarray data sets with known biological outcome
(data not shown). We did not make a distinction
between down- and upregulated genes in the regulated gene sets, because a priori it cannot be established whether upregulation or downregulation of
a gene will contribute to the toxicity.
All statistical tests were done using the R Statistics package [110]. The literature network between
over-represented keywords and genes (nodes) and
their co-publications (edges) were visualized using
Cytoscape software [23,111].
Results
Compound keyword fingerprints

To see whether toxicity of a compound can be
assessed from the literature by keywords associated
with the compound’s gene expression profile, two
1523
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microarray data sets, including 11 hepatotoxicants,
were analyzed. One data set was generated by treatment of rat liver with eight hepatocarcinogens [18]
and the other by treatment of rat liver with three
peroxisome proliferators [20]. The 11 compounds
were analyzed for gene expression profiling and
included four nongenotoxic hepatocarcinogens:
MPy, DES, Wy and PBO; four genotoxic hepatocarcinogens: 2-NF, DMN, NNK and AB1; and
three peroxisome proliferators: Clo, VPA and
DEHP. It should be noted that Wy is also known
as a potent peroxisome proliferator, and that peroxisome proliferators, if chronically administered,
are carcinogenic (nongenotoxic) in rodents.
We identified sets of regulated genes for each
of the 11 compounds using the raw data at the
time point on which the compounds revealed
their effects on a histopathological level; for the
eight carcinogenic compounds this was after
7 days of compound administration, and for the
three peroxisome proliferators after 2 days of
compound administration. These gene sets were
then analyzed for keyword over-representation,
generating a keyword fingerprint for each compound (the keyword fingerprints are available in
the online web supplement).
To study whether keyword fingerprints can be
used to discriminate between compounds with
different modes of action, we compared keyword
fingerprints of two genotoxic carcinogens
(DMN and AB1), two nongenotoxic carcinogens (MPy and PBO), two peroxisome proliferators (DEHP and VPA) and of two randomly
generated gene sets (150 and 250 randomly
selected Affymetrix probe set identifiers). For
ease of comparison the keywords were categorized into 13 groups: pathogenesis, drug metabolism, oxidative stress, DNA damage and
response, cell cycle and mitosis, apoptosis and
cell death, inflammation and immune response,
cell differentiation and development, steroid
metabolism, lipid metabolism, energy metabolism, general cell metabolism, and miscellaneous
keywords. The profiles of the keyword fingerprints are visualized in Figure 1 (the categories and
their corresponding keywords can be retrieved
from the online web supplement).
Notable differences in the keyword profiles can
be appreciated in Figure 1. The keywords of the two
peroxisome proliferators DEHP and VPA are
mainly grouped into the steroid, lipid, and energy
metabolism categories. The keyword fingerprints
of DMN and AB1 strongly reflect processes of cell
death, accompanied by inflammation, a hallmark
of most genotoxic carcinogens, whereas oxidative
1524
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stress, found with many nongenotoxic carcinogens, is found predominantly with PBO and MPy.
Some categories are hit by all compounds, such as
drug metabolism, general cell metabolism and, to a
lesser extent, pathogenesis. Similar profiles were
observed for the other compounds, although these
profiles were less pronounced due to the fact that
these compounds induced a smaller number of
genes. All of the randomly generated gene sets produced flat profiles with no keyword enrichment,
indicating that the keyword fingerprints of the
analyzed hepatotoxicants reflect real biological
processes rather than random noise.
These results show that literature associations
between genes and keywords can be used to discriminate between compounds with distinct
biological activities.
Comparing keyword fingerprints

To see if the observed distinct fingerprints
between compounds reflects the biological and
toxicological effects of the compounds, we analyzed the keyword fingerprints of a peroxisome
proliferator (DEHP), a genotoxic carcinogen
(DMN) and a nongenotoxic carcinogen (MPy),
in more detail (Table 1; Note: To reduce the size
of Table 1 we do not show p-values. Compoundspecific keyword fingerprints, representing overrepresented keywords with their p-values, can be
retrieved from the online web supplement).
Keyword fingerprint of DEHP

DEHP is widely used as a plasticizer in manufacturing of a wide variety of polyvinyl chloride
(PVC)-containing medical and consumer products. DEHP belongs to the class of peroxisome
proliferators that induce enlargement and proliferation of peroxisomes, resulting in an elevation of fatty acid metabolism, which is
characteristic of this class of chemicals [24]. This
elevated level in lipid metabolism is thought to
be caused by the activation of the nuclear receptor peroxisome proliferator-activated receptor
(PPAR)-α, which is the key mediator of lipid
metabolism [25]. Peroxisome proliferators, when
chronically administered, are also known to
induce tumor formation in a nongenotoxic
fashion (i.e., not via direct DNA damage)
[24,25], although it is not completely clear by
which mechanism.
On a histopathological level, after 2 days of
DEHP administration some vacuolation, hypertrophy and increases in mitotic figures were
observed [20]. The observed hypertrophy is due
to enlargement of liver cells caused by an
future science group
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Figure 1. Keyword profiles of DMN, AB1, MPy, PBO, DEHP and VPA.

Visualization of over-represented keywords (p ≤ 0.01), grouped in 13 biological process categories, of two genotoxic carcinogens; DMN
(dotted red line) and AB1 (solid red), two nongenotoxic carcinogens; MPy (dotted blue line) and PBO (solid blue line), two peroxisome
proliferators; DEHP (dotted green line) and VPA (solid green line), and of two randomly generated gene sets (150 Affymetrix probe set IDs;
dotted black line and 250 Affymetrix probe set IDs; solid black line). On the y-axis the relative number of keywords, compared with the
total number of keywords classified in that category, is plotted. The categorization of keywords was performed using all keywords present
in at least one of the keyword fingerprints of the 11 tested compounds.
AB1: Aflatoxin B1; cat: category; DEHP: Diethylhexylphthalate; DMN: Dimethylnitrosamine; Keyw.: Keyword; MPy: Methapyrilene; PBO:
Piperonylbutoxide; VPA: Valproic acid.

increase in the number of peroxisomes, most
likely via activation of PPAR-α [25]. The
observed vacuolation is often caused by accumulation of lipids in the cells. The profile of the
keyword fingerprint of DEHP (Figure 1), shows
that DEHP largely has its effect on lipid metabolism and energy metabolism, which is in agreement with the observed pathologies and with
known effects of peroxisome proliferators. Keywords in the fingerprint of DEHP (Table 1 and
online web supplement) support its lipogenic
effect, with low p-values for keywords such as
lipid metabolism, fatty acid oxidation, fatty acid
β-oxidation and hypertrophy.
Keyword fingerprint of DMN

DMN is a genotoxic carcinogen (i.e., causes direct
DNA damage) and is present in cigarette smoke
and certain foods [26], and its observed toxicity is
caused by its metabolites via methylation of DNA
bases and proteins, eventually leading to the formation of tumors [19,27–29]. On a histopathological
level, DMN administration results in a reactive
future science group
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inflammatory response, necrosis, bile duct hyperplasia and fibrosis [19,28,30].
DMN is known to induce a strong reactive
inflammatory response upon administration in
reaction to the onset of necrosis [19] and is followed
by postnecrotic tissue remodeling [31,32]. In this
process, macrophages infiltrate the liver to remove
necrotic cells and activated hepatic stellate cells
(HSCs) migrate to necrotic areas to secrete collagen and to promote the formation of sinusoidal
wall, resulting in the formation of scar tissue [31].
The profile of the keyword fingerprint of DMN
(Figure 1) is in agreement with the observation that
DMN causes a strong inflammatory response following necrosis – as a relatively high number of
keywords are grouped in the inflammatory and
immune response category (e.g., immune system,
inflammatory response and inflammation) – and
that necrosis was one of the keywords with the
lowest p-value (Table 1 and online web supplement). Furthermore, a relatively high number of
keywords are grouped in the cell differentiation
and development category (e.g., cell development,
1525
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Table 1. Keyword over-representation for diethylhexylphthalate-, dimethylnitrosamine- and
methapyrilene-regulated genes .
Category

DEHP

DMN

MPy

Pathogenesis

Liver tumor, Necrosis,
Cirrhosis, Hepatitis,
Hypertrophy,
Hepatocellular
carcinoma, Cholestasis,
Steatosis, Hyperplasia,
Pathogenesis,
Gallstone formation

Hepatocellular carcinoma, Hepatitis, Necrosis,
Cirrhosis, Adenocarcinoma, Pathogenesis,
Leukemia, Adenoma, Sarcoma, Fibrosis,
Malignant tumor, Hyperplasia, Granuloma,
Liver tumor, Angiogenesis, Hypertrophy,
Atrophy, Edema, Metaplasia, Hyperplastic
nodule, Ascites, Fever, Liver fibrosis,
Lymphocytic leukemia, Biliary cirrhosis,
Oncogenesis, Hypoplasia

Necrosis, Adenocarcinoma,
Hepatocellular carcinoma, Cirrhosis,
Hepatitis, Hyperplastic nodule,
Leukemia, Pathogenesis, Liver
tumor, Hepatocellular adenoma,
Ascites, Adenoma, Sarcoma,
Telangiectasia, Biliary cirrhosis,
Fibrosis, Hypertrophy, Hyperplasia

Drug
metabolism

Drug metabolism,
Xenobiotic
metabolism, Drug
resistance

Drug metabolism, Drug resistance, Xenobiotic
metabolism

Drug resistance, Drug metabolism,
Xenobiotic metabolism, Drug
transport

Oxidative
stress

Response to oxidative stress,
Glutathione biosynthesis,
Glutathione metabolism

DNA damage
and response

Mutagenesis

Mutagenesis, Cell cycle arrest, Stabilization of
p53, Mismatch repair, Nucleotide excision
repair, DNA damage response

DNA damage response, DNA repair,
Cell cycle arrest, Stabilization of
p53, Mismatch repair, Mutagenesis

Cell cycle and
mitosis

Growth, Growth rate

Cell cycle, Growth, DNA synthesis, Cell
proliferation, Cell growth, Growth rate, DNA
replication, Cell division, DNA amplification,
G2 phase, M phase

Cell cycle, Growth, Cell growth,
M phase, Growth rate, G1 phase,
DNA synthesis, Pachytene, G2
phase, Cell cycle checkpoint, Cell
cycle, mitotic, S phase, Prophase,
Transcription, mitotic, DNA
replication, Cell proliferation,
Mitosis, Cell cycle, Chromosome
movement, Single-stranded DNA
binding, Telophase, G2/M
checkpoint, Chromatin remodeling,
Meiosis, Division

Apoptosis, Cell death, Induction of apoptosis,
DNA fragmentation, Programmed cell death

Induction of apoptosis, Cell death,
DNA fragmentation, Apoptosis,
Programmed cell death, Caspase
activation, Anti-apoptosis

Apoptosis and
cell death

Inflammation
and immune
response

Inflammation

Immune response, Antigen processing and
presentation, Inflammatory response, Immune
system, Antigen processing, Inflammation,
Antigen presentation, Macrophage activation,
B-cell differentiation, B-cell activation, T-cell
activation, T-cell proliferation, Cytokine
biosynthesis, Activation of MAPK, Chronic
inflammation, Lymphocyte activation,
Macrophage differentiation, Cell recognition,
Mononuclear cell infiltration, Lymphocyte
differentiation, Cell-mediated immune
response, Humoral immune response, Cell
invasion, Inflammatory cell infiltration,
Monocyte activation, Antiviral response

Inflammation, T-cell proliferation,
B-cell activation, Macrophage
activation, Lymphocyte activation,
Inflammatory response, Immune
response, Antigen processing,
Cytokine biosynthesis, Chronic
inflammation, Antigen processing
and presentation, Immune system,
B-cell differentiation, Macrophage
differentiation

Cell
differentiation
and
development

Aging, Senescence

Cell development, Aging, Cell differentiation,
Cell maturation, Endothelial cell
differentiation, Myogenesis, Embryonic
development, Cytokinesis, Brain development,
Myoblast differentiation

Aging, Cell differentiation,
Senescence, Epithelial cell
differentiation
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Table 1. Keyword over-representation for diethylhexylphthalate-, dimethylnitrosamine- and
methapyrilene-regulated genes (cont.).
Category

DEHP

DMN

Steroid
metabolism

Steroid metabolism,
Cholesterol
metabolism, Sterol
metabolism

Steroid metabolism

MPy

Lipid
metabolism

Lipid metabolism, Fatty
acid metabolism,
Lipoprotein
metabolism,
Lipoprotein lipase
activity, Fatty acid
transport

Energy
metabolism

Fatty acid oxidation,
Energy metabolism,
Pyruvate
dehydrogenase, Fatty
acid beta-oxidation,
Glycolysis, Glucose
metabolism, Pentose
phosphate pathway,
NADH metabolism,
Glyoxylate metabolism,
Electron transport,
Tricarboxylic acid cycle

Energy metabolism, Respiratory burst, Electron
transport

Energy metabolism

General cell
metabolism

Metabolism,
Biosynthesis,
Catabolism,
Transcription,
Excretion, Homeostasis,
Gluconeogenesis,
Carbohydrate
metabolism, Ethanol
metabolism, Protein
catabolism, Nitrogen
metabolism, Protein
folding, Fermentation,
Glucose uptake, Amino
acid metabolism,
Proteoglycan
metabolism, Secretion,
Protein biosynthesis

Metabolism, Phagocytosis, Transcription,
Biosynthesis, Translation, Secretion, Excretion,
Glycosylation, Peptide transport, DNA
methylation, Endocytosis, Phosphorylation,
Protein stabilization, Homeostasis, Actin
polymerization, Dephosphorylation, mRNA
splicing, Autophosphorylation, N-glycosylation

Metabolism, Biosynthesis,
Translation, Transcription,
Catabolism, Ribosome, Protein
biosynthesis, Heme metabolism,
Response to stress, Cell
homeostasis, Excretion, Protein
metabolism, Phosphorylation,
Histone acetylation,
Dephosphorylation, Nitrogen
metabolism, DNA methylation,
Protein denaturation, Response to
heat

Miscellaneous

Enzyme activity,
Transport, Digestion,
Conjugation, Blood
pressure, Development,
Biological process

Transport, Digestion, Cell activation,
Development, Fragmentation, Cell adhesion,
Cytoskeleton, Recombination, Transduction,
Migration, Proteasome, Cell migration, Signal
transduction, Memory, Virulence, Chemotaxis,
Growth pattern, Conjugation, Cell-cell
adhesion, Blood pressure, Wound healing

Fragmentation, Enzyme activity,
Transport, Conjugation,
Myelination, Transduction,
Proteasome, Cell activation,
Development, Digestion, Signal
transduction, Sensitization, Cell
adhesion, Heme biosynthesis, Viral
replication

Lipid metabolism, Lipid transport

Results of the keyword over-representation calculation, performed with both up- and downregulated genes after DEHP, DMN and MPy
administration. Note: the keywords are ranked from highest scoring keyword (i.e. with lowest p-value) to lowest scoring keyword (i.e., with
highest p-value).
DEHP: Diethylhexylphthalate; DMN: Dimethylnitrosamine; MPy: Methapyrilene.
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cell differentiation and cell maturation) and,
together with keywords such as cell migration and
cell activation (both miscellaneous category), may
point to tissue remodeling, since migration, activation and differentiation of various cells occur in
this process.
Interestingly, fibrosis and cirrhosis are two of
the DMN-linked keywords in the pathogenesis
category with low p-values. This might be correlated with the activation of HSCs by DMN,
since excessive deposition of collagen can lead to
fibrosis [33] and can result in cirrhosis if it
becomes chronic [34].

outcome and mode of action of a particular
compound, we compared in more detail the
keyword fingerprint of MPy with observed
toxic effects and proposed mode(s) of action of
MPy, since MPy is a well-described carcinogen
in the literature.
For this, we focused on the keyword overrepresentation results after day 7 of MPy treatment, which are shown in Table 1. At this time
point, 171 genes are differentially expressed,
and 118 keywords (p-value ≤ 0.01) are overrepresented in this set of genes.
Drug metabolism

Keyword fingerprint of MPy

MPy is a H1 histamine receptor antagonist [35]
found in anti-influenza medicine that was used
in the 1970s until it became known to cause
cancer in rats [18,36]. MPy is a nongenotoxic
carcinogen [37,38] stimulating the development
of tumors, most likely via cell proliferative initiation and/or oxidative properties of MPy or its
metabolites [39,40]. On a histopathological
level, MPy administration results in inflammation of the liver, hepatocellular periportal necrosis, bile duct hypertrophy, periportal lipid
vacuolization and apoptosis [18,36]. Interestingly,
the effect of MPy appears to be species specific;
no tumor formation is observed in mice, guineapigs, hamsters or humans [37,41,42].
It has been reported that the cytotoxicity of
MPy leads to necrosis, and consequently induces
regenerative cell proliferation to replace necrotic
cells [18,43] and that oxidative stress is proposed
to be one of the causes of the cytotoxic nature of
MPy [44]. These findings reflect the profile of the
keyword fingerprint of MPy (Figure 1) in that
keywords related to oxidative stress, apoptosis/cell death and cell cycle/mitosis are prominent in this profile. Furthermore, keywords
related to an inflammatory/immune response
(e.g., inflammation and T-cell proliferation) can
be correlated with the observed inflammation
after MPy administration.
In short, the analysis of the keyword fingerprints of DEHP, MPy and DMN shows that the
findings agree with the known effects of DEHP,
MPy and DMN, and that the distinct profiles of
the three compounds can be explained by the fact
that they have different modes of action, leading
to distinct toxic end points.
MPy: mode of action

To validate whether compound keyword fingerprints represent a realistic profile of the toxic
1528
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Four over-represented keywords were classified
in the drug metabolism category: xenobiotic
metabolism, drug resistance, drug transport and
drug metabolism (Table 1). Genes associated
with these keywords are P-glycoprotein/multidrug resistance 1 (Abcb1), ATP-binding cassette, subfamily C (CFTR/MRP), member 3
(Abcc3) and Glutathione-S-transferase, α-1/2
(Gstα1/Gstα2), and are involved in glucoronidation and secretion of xenobiotics into
bile [45–47]. These findings most likely indicate
the detoxification and clearance process of MPy
and its metabolites.
Inflammatory response

The presence of significant keywords that are
associated with an immune reaction (e.g., inflammation and immune response; Table 1) suggests an
inflammatory response upon MPy administration. Hamadeh and coworkers treated rats with
100 mg/kg/day MPy for 7 days [36], and histopathological examination of the livers of these rats
showed portal inflammation and minimal mononuclear portal infiltrates, indicating the onset of
an inflammatory response, which is in agreement
with the keywords that we find as statistically significant in the inflammation and immune
response category. Examination of genes that are
associated with significant keywords in this category are involved in cell activation and proliferation, such as IL-15 and RT1 class II, locus Bb
(Rt1-Bb) protein.
Pathogenesis

In the pathogenesis category, the highest scoring
keyword is necrosis (Table 1 and online web supplement); this finding is in agreement with histopathological analyses of MPy experiments, carried
out separately by Hamadeh [36] and EllingerZiegelbauer [18]. These experiments showed the
occurrence of mild necrosis after 3 days of MPy
future science group
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treatment, which gradually increased in severity
over time (after 7 and 14 days). Most other keywords in the pathology category are associated
with carcinogenesis (e.g., hepatocellular carcinoma and liver tumor), inflammation (hepatitis)
and liver degeneration (cirrhosis). These keywords are an indication of the nature of MPy as a
nongenotoxic carcinogen. Nongenotoxic carcinogens are characterized by their ability to induce
cell proliferation via mitogenic or cytotoxic
mechanisms [43]. MPy is an example of a cytotoxic carcinogen [43], which induces cell proliferation for compensatory, regenerative cell
proliferation, most likely to replace necrotic cells.
The keywords that are statistically significant in
the cell cycle and mitosis category (e.g., cell cycle
and G1/G2/S phase) in combination with the
keyword necrosis, strengthens the hypothesis that
MPy induces regenerative cell proliferation.
Examination of the regulated genes that are associated with keywords in the cell cycle and mitosis
category shows genes involved in regulating the
cell cycle: cyclin B1 (Ccnb1), cyclin D1 (Ccnd1)
and cell cycle division 2 homolog (Cdc2a).
Oxidative stress

The regenerative cell proliferation abilities of MPy
alone do not explain the carcinogenic nature of
this compound; that is, it needs a trigger. MPy
hepatotoxicity is reported to be caused by oxidative
stress [44]. Oxidative stress is a cellular state in
which there is an imbalance between free radicals
and antioxidants. Oxidative stress can be the result
of excessive formation of reactive oxygen species on
the one hand, and the depletion of antioxidants,
for example depletion of glutathione due to drug
detoxification, on the other hand. The property of
MPy causing oxidative stress might be the trigger,
in combination with its regenerative cell proliferation abilities, to the onset of carcinogenesis. This
can be explained by the fact that DNA replication
is not error proof and, in combination with oxidative stress, increases the risk of DNA damage [43,48].
The enriched keywords response to oxidative stress
and glutathione metabolism points to a reaction to
prevent oxidative stress in the cell. Regulated genes
associated with these keywords are heme
oxygenase 1 (Hmox1), metallothionein 1 (Mt1a)
and glutathione synthetase (Gss), and they are
known to have a protective effect against oxidative
stress [49–51].
DNA damage & response

Oxidative stress can result in a higher DNA damage incidence; this is in agreement with the
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observation that genes involved in DNA repair
and the response to DNA damage are upregulated after MPy treatment, such as the H2A histone family, member X (H2afx), and the DNAdamage inducible transcript 3 (Ddit3) genes.
This could explain the over-represented keywords of the DNA damage and response category (e.g., DNA repair and stabilization of p53;
Table 1), since MPy is a nongenotoxic carcinogen,
thereby implying that DNA damage is a secondary effect, possibly caused by oxidative stress,
although some studies demonstrate that MPy
and/or its metabolites have a low ability to bind
to DNA [52,53].
MPy or its metabolites cause mitochondrial
damage, resulting in function loss, indicated by
mitochondrial swelling and losses in cellular
ATP. Ratra and coworkers proposed a mechanism of MPy hepatotoxicity in which mitochondrial function loss leads to a disturbed Ca2+
homeostasis, ultimately leading to cell death [44].
Bcl2-associated X protein (Bax) is one of the
genes upregulated and associated with the overrepresented keywords in the apoptosis and cell
death category. Bax is a pro-apoptotic factor
proposed to play a role in Ca2+ homeostasis, and
thereby is a regulator of apoptosis [54].
Visualization of MPy-induced effects in a
literature-based network

Applying CoPub to sets of differentially expressed
genes gives insight into the separate biological
processes affected by MPy, but the relationships
between these processes and the most influential
genes are not immediately clear. To make these
relations visible, a network was generated in
Cytoscape, shown in Figure 2, in which differentially expressed genes, together with overrepresented keywords, are mapped. To avoid an
over-complex network in which all keywords and
genes have a relationship, thresholds were set to
simplify the interpretation of the results. The
thresholds were set to at least five co-publications
between keywords and genes, with an R-scaled
score of at least 45.
In the generated network, various areas representing distinct biological processes can be distinguished (Figure 2). The most influential genes and
keywords are highly connected hubs. For example, the growth arrest and DNA-damage-inducible 45α (Gadd45α) gene is an important node
between oxidative stress, DNA damage and
response, apoptosis and cell death, and cell cycle
and mitosis. This gene is known to have a function as a regulator of the cell cycle and is activated
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Network of differentially expressed genes and over-represented keywords after methapyrilene treatment. Red bullets: upregulated genes; green bullets: downregulated genes;
squares: over-represented keywords. Network based on Medline co-publications. Threshold: at least five co-publications and R-scaled score ≥ 45.

Figure 2. Literature-based interaction network.
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after DNA damage, helping to trigger
apoptosis [55]. The relationships between the various biological processes in the network can easily
be appreciated; biologically, it makes sense that
the biological processes oxidative stress and DNA
damage and response are in the vicinity of each
other, as well as DNA damage and response, cell
cycle and mitosis, and apoptosis and cell death.
Visualization of regulated genes, keywords and
their relationships in a network gives an overview
of the biological processes on which MPy has an
effect, and is an informative tool to unravel MPy
toxicity and its mechanisms of action.
Expert commentary
In this study, we introduced CoPub, a method
that uses information from literature to link
gene expression profiles to toxicity. With microarray data of eight hepatocarcinogens and three
peroxisome proliferators [18–20], we showed that
distinct keyword fingerprints of compounds can
be generated using literature information.
Comparing the keyword profiles of DEHP,
DMN and MPy shows that the keyword fingerprints of the three compounds agree with known
observed pathologies, suggesting that the differences in the keyword fingerprints of the three
compounds are based on distinct modes of action.
This finding, together with the observation that
the randomly generated gene sets did not result in
over-represented keywords, indicates that literature information can indeed be used successfully
for compound profiling and that keyword fingerprints reflect underlying biological processes.
The exact form of the keyword fingerprints
that are shown in Figure 1 is partly dependent on
the manual classification of the keywords in
13 high-level categories. Automatic literaturebased compound profiling would benefit from
structured vocabularies. Hierarchically ordered
ontologies could then be used to calculate a score
for every biological process, represented by a particular branch in the ontology, analogous to the
analysis of gene sets for over-represented GO
terms. Another possibility is to cluster the compounds on individual keywords rather than using
higher level categories. We found that when we
used this approach the clustering result tended to
be dominated by relatively uninformative keywords, such as ‘metabolism’ and ‘physiological
process’, with very low p-values (results not
shown). A way around this is to use keywords that
are very specific for the processes that we suspect
are most important in describing toxicological
events. Identification of these terms would
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require a well-defined set of gene expression profiles of toxic compounds with well-defined mode
of action and toxicological end points.
CoPub is especially helpful for analyzing
expression profiles of new compounds with an
unknown mode of action. The over-represented
keywords themselves already give a general overview of the affected biological processes without
the need for reference compounds and an extensive knowledge by the biologist on the upregulated
genes. Visualization of the keywords and the regulated genes in a network, together with the relevant abstracts in which these terms co-occur, gives
an adequate impression of the affected biological
processes by the tested compound and can provide
leads for further experimental evaluation. For
example, if the keyword profile of the tested compound shows a relative high number of keywords
related to DNA damage, cell death and inflammation, then a mutagenicity test could be proposed
as a follow-up study, since genotoxic carcinogens
mostly hit these categories.
At this moment, our pathology thesaurus is primarily based on liver-specific pathology keywords.
We could improve this thesaurus by adding other
organ-specific pathology keywords to the list, and
thereby broaden our perspective on compound
toxicity. With this information, the assignment of
organ-specific effects to compounds might be
within reach.
In conclusion, compound keyword fingerprinting based on information retrieved from literature is a powerful approach for compound
profiling, enabling compound toxicity evaluation
and mode of action unraveling, and made more
informative by visualization of over-represented
keywords and differentially expressed genes in a
literature network.
Future perspective
To reduce growing costs in drug development,
reducing the number of compounds with undesirable characteristics as early as possible in the development process is an effective strategy. In recent
years, with the development of microarray technology, toxicogenomics has emerged as an important tool for the evaluation of toxicity. The current
challenge is the translation of compound-induced
gene expression to the occurrence of toxicities.
With the development of more sophisticated tools
for data mining and gene set analysis, of which
CoPub is an example, predictive toxicology and
rapid compound evaluation becomes a feasible
approach for reducing compound attrition in the
drug development pipeline.
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Executive summary
• Toxicogenomics has emerged as a new methodology to evaluate compound toxicity and contribute
to guaranteeing drug safety and reducing costs in the drug development pipeline.
• We introduced an additional approach for compound toxicity evaluation, in which literature
information is used for compound profiling.
• Distinct keyword fingerprints were generated for compound profiling, representing enriched
keywords in a compound-induced gene set.
• Comparing the three keyword fingerprints of diethylhexylphthalate (DEHP), methapyrilene (MPy) and
dimethylnitrosamine (DMN) revealed that the findings agree with known effects of DEHP, MPy and
DMN, and that the apparently distinct profiles can be explained by the fact that the three compounds
have different modes of action, leading to distinct toxic end points.
• MPy-linked keywords agree with known MPy-affected biological processes and pathways, showing
that keyword fingerprints represent relevant biological information.
• Visualization of MPy-linked keywords and MPy-induced genes in a literature-based network enabled
us to construct a mode of toxicity proposal for MPy.
• Compound keyword fingerprinting based on information retrieved from literature is a powerful
approach for compound profiling, allowing evaluation of compound toxicity and analysis of the
mode of action.
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