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Preface
This thesis, and the subjects presented herein, is a condensed repre-
sentation of most of the comprehensive scientific projects I have been
working on, or been involved in, during my years as a PhD student.
The work was mainly carried out at the Techical University of Denmark
(DTU) (Danish: Danmarks Tekniske Universitet (DTU)), 2011–2017, un-
der the main supervision of Associate Professor Olivier Taboureau and
later by Professor Ole Lund. The project has also been supervised by
Professor Søren Brunak and Assistant Professor Karine Audouze.

Entitled ‘Translational Informatics in Toxicology’, the focus of the
project–and the subjects covered within this thesis–is primarily on my
work on translational informatics, including, but not limited to, data
base management, data integration, data analysis, statistics and web
services, in relation to toxicology. The work was mainly conducted
as a member of the research group Computational Chemical Biology
(CCB), at the Department of Bio and Health Informatics (DBHI)¹ (Danish: 1. Formerly known as the Center for

Biological Sequence analysis (CBS)
(Danish: Center for Biologisk
Sekvensanalyse) a research center
formerly being a center under the
Institute for Systems Biology (Danish:
Institut for Systembiologi).

Institut for Bio- og Sundhedshedsinformatik (IBSI)), at DTU in Kongens
Lyngby, Denmark. Additionally, some parts of the work was carried
out during my external stay, visiting our partners in the research group
CCB led by John Overrington at the European Bioinformatics Institute
(EMBL-EBI), the bioinformatics node of the European Molecular Biol-
ogy Laboratory (EMBL), located at the Wellcome Genome Campus in
Hinxton in Cambridgeshire, the United Kingdom.

As a significant amount of time and work, was also put into another
project–a small part of the thesis will deal with this work. The project
focused on facial appearance, and a great part of this work was con-
ducted by colleagues of mine, where I assisted as a guest member in
their research group–Behavial Phenomics–led by Hanne Jarmer, at the
DBHI.

The PhD was funded by the Innovative Medicines Initiative Joint
Undertaking (IMI-JU), as a part of the eTOX project, and by DTU’s PhD
scholarship.

Ulrik Plesner Jacobsen
Copenhagen, Denmark

2017
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Resumé (Danish)

Denne afhandling, og indholdet presenteret heri, er en nedkogt udgave
af de mest omfattende videnskabelige projekter, som jeg har arbejdet på,
eller været involveret i, i løbet af mine år som ph.d.-studerende. Arbejdet
blev hovedsagelig udført på Techical University of Denmark (DTU) i
årene 2011-2017 under hovedvejledning af lektor Olivier Taboureau og
senere professor Ole Lund. Projektet har ligeledes været superviseret
af professor Søren Brunak og adjunkt Karine Audouze.

Med titlen ‘Translational Informatics in Toxicology’ (direkte dansk
oversat til ‘Translationel Informatik inde for Toksikologi’), er projektets
fokus–og emnerne som er dækket i denne tese–primært på baseret på
translationel informatik, herunder, men ikke begrænset til, behandling
af databaser, integration af data, dataanalyse, statistik og internettjene-
ster, alle i relation til toksikologi. Arbejdet blev hovedsagelig udført som
medlem i forskergruppen for Computational Chemical Biology (CCB)
(direkte dansk oversat til beregnings kemisk biologi) ved Institut for
Bio- og Sundhedshedsinformatik (IBSI)¹ DTU i Kongens Lyngby, Dan- 1. Tidligere kendt som Center for

Biologisk Sekvensanalyse (CBS), et
forskningscenter, som tidligere var en
del af det nu nedlagte Institut for
Systemsbiologi.

mark. Derudover er en del af arbejdet udført under mit udlandsophold,
hvor jeg besøgte og var tilknyttet vores partnere i forskergruppen Com-
putational Chemical Biology (CCB) under ledelse af John Overington
ved European Bioinformatics Institute (EMBL-EBI), den bioinformati-
ske del af European Molecular Biology Laboratory (EMBL), beliggende i
Wellcome Genome Campus i Hinxton, Cambridgeshire, Storbritannien.

Da en væsentig andel af tid og arbejde, blev lagt i et andet projekt–vil
en mindre del af denne tese omhandle dette arbejde. Projektet fokusere-
de på ansigtsudseende, og en stor del del af dette arbejde blev udført
af nogle af mine kolleger, hvor jeg bistod som gæsteforsker i deres
forskningsgruppe–Behavial Phenomics–under ledelse af Hanne Jarmer
ved IBSI.

Ph.d.’en er finansieret af Innovative Medicines Initiative Joint Un-
dertaking (IMI-JU) som en del af eTOX projektet, og af DTU’s ph.d.
stipendium.

Ulrik Plesner Jacobsen
København, Danmark

2017
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Introduction 1
This thesis represents much of the work conducted by me during my
time as a PhD student at the ihbi! (ihbi!)¹ placed at the Techical Uni- 1. Formerly known as Center for

Biological Sequence analysis (CBS), a
research center under the Institute of
Systems Biology at DTU.

versity of Denmark (DTU).
This chapter will give a brief overall description of my PhD project,

including the original project description, descriptions of the sub project
I was involved in², and then an outline of the thesis. The chapter also 2. Besides the toxicology part, I was

also involved in a project on facial
appearance. More about this project
can be found in section 1.3.

includes a list of submitted and accepted publications, which I was
main or co-writer on, and is also included in this thesis. All the above
mentioned information can be found on the following pages.

1.1 Main Project: Translational Informatics in
Toxicology

The following box contains the original text of the project description
for my PhD project. These were the first steps, for which the PhD
project was based on.

Translational Informatics in Toxicology

Exploring human exposure to a large number of hazardous chemi-
cals, which might initiate disease processes, is an emerging and
challenging concept. Reliable predictions of toxic effects of human
relevance with the help of computer systems is currently mainly
restricted to specific endpoints such as mutagenicity and carcino-
genicity. With the recent advances in “omics” technologies, it is
now possible to get access to wide and diverse data that can help
to establish exposure-disease relationships.
The aim of the proposed PhD. project is to develop innovative
computational methodological strategies to increase prediction
of toxicological profiles of molecular entities for a better risk as-
sessment in human health. The strategies will include synergetic
integration of chemicals that human are exposed to (drugs, foods,
environmental chemicals...) with multi-disciplinary approaches
(binding assays, systems biology, transcriptomics, metabolomics

1.1. Main Project: Translational Informatics in Toxicology 3



CHAPTER 1

and genomics).
To start, a collection of chemicals with potential toxicological ef-
fects on human (and other species) will be gathered and curated
from available literature and databases. Biological information
(bioactivities, gene deregulations, metabolism and genetic vari-
ations) will then be integrated. From there, implementation of
innovative computational methods will be developed to identify
hazard for a particular chemical (liver toxicity, kidney toxicity...)
and the potential mechanism of action underlined. For exam-
ple, chemogenomics technology will be used in combination with
Protein-Protein Interaction (PPI) network, to assess the chemi-
cal effect on a system. Protein-Protein (PP) association networks.
Comparative genomics will be considered as well to transfer non
human toxicity information to human. Finally, we will look up on
potential influence of genetic variations in human susceptibility
for some toxic chemicals.
The project will be facilitated with the cooperation of a broad
scientific community working on toxicology through an industry-
academia consortium. It is expected to bring important insights
for the impact of chemical mixtures on human health.

1.2 The eTOX Project

The eTOX project was the main project in which I was taking part. The
project was granted as an InnovativeMedicines Initiative (IMI)³ projects,3. More information about IMI and its

other projects can be found on their
official website:

http://www.imi.europa.eu/.

and was carried out by a consortium of more than 150 members. The
project was granted as one of the first projects under the Innovative
Medicines Initiative Joint Undertaking (IMI-JU). Further information
about this project is given in chapter 2.

1.3 Side Project: Facial Appearance

I also had a smaller involvement in a side project on facial appearance.
This is in no way related to the original topic of the thesis, toxicology.
The project will still be presented within this thesis, as a significant
amount of time was spent on this project.

1.4 Thesis Outline

The thesis is separated into five distinct parts as given in the following
list below:

I Introduction and Projects (this part)

4 1.2. The eTOX Project

http://www.imi.europa.eu/


1.5. PUBLICATIONS

II Systems Chemical Biology

III Toxicology in Drug Development

IV Facial Appearance

V Conclusions and Future Perspectives

Appendix

In the back you will find a bibliography⁴. 4. References with year set af ‘n.d.’,
means ‘no date’. This is the case for
e.g websites, package documentation
etc., with no specific release date, such
as publications in journals.1.5 Publications

Enclosedwith this thesis are four accepted and published papers, where I
was among the authors⁵, each of which forms the basis for the remaining 5. Although CBS does not exists any

longer, it will be given as the
institution for me as the author of the
publication (and probably also for
other authors of the publication), as
that was the name of the institution,
where I/we were associated during the
writing of the publication.

parts of the thesis.
The four publications are listed in order of appearance throughout

the thesis in the list below:

1 ChemProt-2.0: Visual Navigation in aDisease Chemical BiologyDatabase.
Page: 25.

2 HExpoChem: a Systems Biology Resource to Explore Human Exposure
to Chemicals. Page: 35.

3 Toxicogenomics Investigation Under the eTOX Project. Page 47.

4 Interpretation of Appearance: The Effect of Facial Features on First
Impressions and Personality. Page: 61.

Each paper is a sub part of some of the chapters in this thesis, each
paper starts out with a numbered paper ( # ) next to the paper title.

1.5. Publications 5





The eTOX Project 2
The PhD project was highly taking part in the eTOX project, which
was funded by the IMI. The eTOX project was started under Grant
Agreement no115002 by the IMI-JU It was established in the start of
2010 and ended in the end of 2016¹. The project’s main goal was to 1. After a 24 months extension period

was agreed upon by some of the con-
sortium members.

develop in silico models for potential side effects and ultimately toxic
outcomes.

The full topic of eTOX was ‘Integrating bioinformatics and chemoin-
formatics approaches for the development of expert systems allowing
the in silico prediction of toxicities (eTOX)’.

2.1 The eTOX Project in Numbers

The eTOX project was a huge project, running over 84 months² with a 2. Including the 24 months extension
period for some of the consortium part-
ners.

total budget of almost € 19 million (eTOX, n.d.). Much more information
can be gained from the official website at http://www.etoxproject.eu/.

2.2 Work Packages

The project was divided into ten different Work Packages (WPs). The
WPs are listed in Table 2.1 below.

As a bioinformatics institute we at CBS were mostly involved in
WP 5. WP 5 is marked in the table in italics.

2.3 Consortium Partners

The project consisted of 13 pharmaceutical companies, 11 academia
institutions and six Small and Medium Enterprises (SME). The list of
the partners are given in Table 2.2.

2.3. Consortium Partners 7
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Table 2.1: WPs within the eTOX project.
The WP which I was mostly involved in (WP5), has been marked in italics.
WP#: Work Package Number. WP Name: Work Package Name.

WP# WP Name

0 Data gathering and processing
1 System and database design and development
2 Knowledge representation and management
3 Molecular approaches
4 Mathematical analysis and modelling
5 Bioinformatics approaches
6 Integration and software development
7 Validation and regulatory issues
8 Scientific coordination and management
9 Sustainability and business planning

3. As this wasmainly the scope ofWP4,
which we were not a part of.

4. More information about fingerprints
are given in subsection 3.3.1.

2.4 Web Service: Predicting DIPL

Many participants of the eTOX project had to develop one or more pre-
diction servers, working as a part of a web service for the project. Our
contribution to this part, was the development of a single web service³
predicting whether a drug would result in drug-induced phospholipido-
sis (DIPL). Phospholipidosis can lead to inflammatory reactions and
histopathological changes in tissues, and thus DIPL is an unwanted side
effect of drug usage (Anderson and Borlak, 2006).

My former colleague, Alizera Kashani, developed such a model,
using 881 PubChem fingerprints⁴ (PubChem, n.d.[b]) and a support
vector machine model (Cortes and Vapnik, 1995). The model predicts a
binary outcome⁵. I will not go into detail regarding this model, as I was5. Either inducing phospholipidosis or

not. not involved in the process of developing it.
The web service is available for the public at the following page

http://www.cbs.dtu.dk/services/PPLpred-1.0/, see 5.

Figure 2.1: A snapshot of the DIPL prediction server..

8 2.4. Web Service: Predicting DIPL

http://www.cbs.dtu.dk/services/PPLpred-1.0/


2.4. WEB SERVICE: PREDICTING DIPL!

Table 2.2: List of the pharmaceutical companies, academia institutions and SME taking part in the eTOX project.

Our instution (Techical University of Denmark) has been marked in italics.

Logo Partner Name Partner Website URL

Novartis Pharma AG http://www.novartis.com/
Fundació Institut Mar d’ Investigacions Mèdiques,
Research Programme on Biomedical Informatics
(GRIB)

http://grib.imim.es/

Fundación Centro Nacional de Investigaciones On-
cológicas Carlos III

http://www.cnio.es/

European Molecular Biology Laboratory http://www.embl.org/

Liverpool John Moores University http://www.ljmu.ac.uk/

Technical University of Denmark http://www.dtu.dk/

Universität Wien http://www.univie.ac.at/
VU University Amsterdam http://www.vu.nl/nl/index.asp
Inte:Ligand GmbH http://www.inteligand.com/
Lhasa Limited http://www.lhasalimited.org/
Molecular Networks GmbH https://www.mn-am.com/
Chemotargets SL http://www.chemotargets.com/
Lead Molecular Design S.L http://www.leadmolecular.com/
AstraZeneca AB http://www.astrazeneca.com/

Bayer Pharma AG http://www.bayerpharma.de/

Boehringer Ingelheim International GmbH http://www.boehringer-ingelheim.com/
Esteve http://www.esteve.com/
GlaxoSmithKline Research and Development LTD http://www.gsk.com/
Janssen Pharmaceutica NV http://www.janssenpharmaceutica.be/
H. Lundbeck A/S http://www.lundbeck.com/
Pfizer Limited http://www.pfizer.com/

F. Hoffmann-La Roche AG http://www.roche.com/

UCB Pharma SA http://www.ucb.com/

Sanofi http://www.sanofi.com/
Servier http://www.servier.com/
Synapse Research Management Partners, SL http://www.synapse-managers.com/
Fraunhofer Gesellschaft http://www.fraunhofer.de/
Erasmus Universitair Medisch Centrum http://http//www.erasmusmc.nl//
University of Leicester http://www.le.ac.uk/
Universitat Politècnica de Valencia http://www.upv.es/

2.4. Web Service: Predicting DIPL 9
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2.4.1 Implementation of the DIPL Web Service

The implementation of the web service was done using Django. Django
is an open-source web framework written in Python (Django project,
n.d.), chosen by the eTOX consortium to make web services available
to the eTOXlab⁶.6. The eTOXlab can be downloaded at

http://phi.imim.es/envoy/

2.4.2 Evaluation of the DIPL Web Service

A confusion matrix for the DIPL model is given in table Table 2.3. The
test set is based on 185 compounds.

Table 2.3: Confusion table for our DIPL model..

Real
Positive Negative Accuracy

Predicted Positive 69 47 59 %
Negative 37 32 46 %

Thus the overall accuracy is

69 + 32
185

=
101
185

≈ 55% ,

the sensitivity⁷ is7. The true positive rate, identifying
the positives which are real positives.

69
69 + 37

=
69
106

≈ 65% ,

and the specificity⁸ is8. The true negative rate, identifying
the negatives which are real negatives.

32
47 + 32

=
32
79

≈ 41% .

10 2.4. Web Service: Predicting DIPL
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Basics of Chemoinformatics 3
During the late 1930’s, computational chemistry originated in connec-
tion with calculations on quantum mechanical models of chemical
molecules. As digital computers became available in the early 1950’s,
the use of computational methods gained further momentum in this
area (Roothaan, 1958), as well as in other areas of life sciences. Increased
amounts of stored data and empirical methods created the basics for
chemoinformatics, first described in the literature by Brown, (1998):

The use of information technology and management has
become a critical part of the drug discovery process. Chem-
oinformatics is the mixing of those information resources
to transform data into information and information into
knowledge for the intended purpose of making better de-
cisions faster in the arena of drug lead identification and
optimization.

In conjunction with its biological counterpart, i.e. bioinformatics, chem-
oinformatics thus adds a chemical branch to translational informatics.

A group of chemical substances being of certain interest are the
biologically active—or simply bio-active—chemical compounds¹, collo- 1. Bio-active compounds have abilities

such as being able to bind to a protein
etc., or working as a precursor for a
metabolite.

quially known as small molecules. Small molecules are energetically
stable compounds of a certain size, measured by their molecular mass.
Analysis of known bio-active compounds, have shown that their molec-
ular mass rarely exceeds the range of 500Da to 900Da (Lipinski et al.,
2001; Macielag, 2012).

Eventually, the ultimate goal in chemoinformatics would be to map
and understand the entire chemical space, that is, all possible, ener-
getically stable chemical substances that do or could possibly exist.
This is an exhaustive task, as this space has been predicted to con-
tain as many as 1060 different substances (Kirkpatrick and Ellis, 2004).
For comparison, recently, the largest database of chemical structures² 2. The CAS Registry, which will be

further discussed in subsection 3.2.2.merely exceeded 100 million (108) substances (Chemical Abstracts Ser-
vice, n.d.[b]).

Basics of Chemoinformatics 13



CHAPTER 3

3.1 Cipralex®: Example of a Chemical Substance

Some basic terms and methodologies of chemoinformatics will be illus-
trated in the following through proof of concept. As an example, the
drug Cipralex® will be used as the compound in this manner.

An imbalance in the concentration of free catecholamines³ in cer-3. Catecholamines is a class of
neurotransmitters, e.g. serotonin,

dopamine and norepinephrine.
tain parts of the brain, was once believed to be the main reason for
major depression. This association became known as the cathecolamine
hypothesis (Schildkraut, 1965). Blocking of specific reuptake transporter
proteins of neurons, could eventually lead to an increase in the concen-
tration of free catecholamines, and thus improved mood of depressed
individuals.

Cipralex® is an antidepressant of the selective serotonin reuptake
inhibitor class, developed by the Danish company H. Lundbeck A/S. It
was the first commercially available product to contain escitalopram, the
purified (S)-enantiomer of citalopram, originally a 1:1 racemic mixture
of (R)-citalopram and (S)-citalopram. Studies have found that the latter
enantiomer accounts for the serotonin reuptake inhibitory activity of
citalopram, whereas the former might even counteract this activity
(Sánchez et al., 2004). Treatment with escitalopram over citalopram
would therefore be more beneficial for suffering patients, in accordance
with the catecholamine hypothesis. Escitalopram is usually given in
the form of a tablet. Cipralex® exists in several tablet strengths, as
escitalopram oxalate (H. Lundbeck A/S, 2014).

This particular compound is chosen, as it is a small molecule, with
a molecular mass of 324.392Da, and an approved drug still used. Addi-
tionally, the chemical structure is neither too simple nor too complex,
and also contains a fair amount of distinct subgroups, as well as a single
stereocenter, formed by a chiral carbon.

Important Notice!

It should be noted that Cipralex® is not in any way chosen as
the main example compound for describing chemoinformatics
in any relation to the topic of this thesis (toxicity), The com-
pound is solely chosen, as it contains a lot interesting chemical
features/functional groups, as will be explained in the forth-
coming text.

3.2 Representation of Chemical Substances

Although computers are becoming better in understanding various
forms of information⁴, numbers and plain text are by far means the4. Information in the form of e.g. text,

speech and images. easiest formats for computers to understand and store. As much infor-
mation goes through human interaction, these formats also aid keeping

14 3.1. Cipralex®: Example of a Chemical Substance
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Table 3.1: Compounds and their
Chemical Abstracts Service Reg-
istry Numbers.

Compound CAS RN

(S) -citalopram 128196-01-0
(R) -citalopram 128196-02-1
(S) -citalopram
oxalate

219861-08-2

(R) -citalopram
oxalate

219861-53-7

(R,S) -citalopram 59729-33-8
(R,S) -citalopram ox-
alate

207559-01-1

Caffeine 58-08-2
Water 7732-18-5

- -
9 8 7 6 5 4 3 2 1 𝑐

Digit index (𝑖)

Figure 3.1: Pattern of a Chemical
Abstracts Service Registry Num-
ber.

Chemical Abstracts Service Reg-
istry Numbers consists of five (grey
area) to ten digits, split into three
blocks, separated by two hyphens,
containing two to seven digits, ex-
actly two digits and exactly one
digit, respectively. The first two
blocks are indexed from 1 at the
right, and up to 9 at the left. The
last digit (𝑐), works as a check digit.

information clear and consistent. Names and similar identifiers, as well
as chemical structures are two of the easiest ways for representing small
molecules and other chemical substances.

3.2.1 Chemical Names and Identifiers

Simple chemical names and more unofficial identifiers, are often used
in everyday speech and text when referring to chemical substances.
This includes, but is not limited to, trivial names, abbreviations, com-
mercial/proprietary or other somehow popularized synonyms, e.g. nick
names in mass media. Furthermore, chemical substances are assigned
database-specific identifiers, basically being untranslatable for humans,
but also cumbersome systematic names are given, to explicitly describe
the structure of the chemical.

In order to encounter the confusion that might arise from the many
possible ways of referring to a chemical substance, several databases
have been developed over time. These databases keep track of new
and old chemical substances, regarding their names, synonyms, and
other substance-specific information, e.g. chemical structures and phys-
ical properties. The databases can thus serve as both dictionaries and
information sources, regarding chemical substances.

3.2.2 The CAS Registry

The CAS Registry is a large database, containing information on chemi-
cal substances and nucleic acid and amino acid sequences, created and
maintained by Chemical Abstracts Service (CAS), deriving the data
from scientific literature. As entries are added to the registry, they are
assigned a numeric identifier—a Chemical Abstracts Service Registry
Number (CAS RN)—variations of stereoisomers, salts, chemical phases
etc. of the same base chemical compound, each assigned a unique
identifier. CAS RNs can be linked to their chemical substances, or vice
versa. CAS RNs for different forms of citalopram, along with a few
other compounds, are given in subsection 3.2.2.

CAS RNs are given in a consistent pattern, holding five to ten digits,
divided into three blocks, separated by two hyphens. From left to right,
the blocks contain two to seven digits, exactly two digits and exactly
one digit, respectively. The two leading blocks—the first four to nine
digits—are indexed 1 at the right, and up to 9 at the left, depending
on the length of the identifier. The last block—and single digit—works
as a check digit, allowing for a quick first-hand validation (Chemical
Abstracts Service, n.d.[a]). The pattern is summarized in Table 3.2.2.

The two leading blocks of digits are assigned sequentially, in respect
to the previously added entry. For instance, the CAS RNs for the two
enantiomers of citalopram oxalate, given in subsection 3.2.2, has been
assigned consecutively. After assignment of the two leading blocks, the

3.2. Representation of Chemical Substances 15
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check digit, 𝑑𝑐, is calculated as

𝑑𝑐 =
𝑛
∑
𝑖=1

(𝑑𝑖 ⋅ 𝑖) mod 10 , (3.1)

where 𝑛 is the total length of digits, and 𝑑𝑖 is the digit indexed by 𝑖, as
previously described in Table 3.2.2. This check digit is then used as the
third and last block of the CAS RN (Chemical Abstracts Service, n.d.[c]).
Validation of the check digit for the CAS RN of (S)-citalopram oxalate,
is shown in the following example.

Example (Validation of the CAS RN for (S)-citalopram oxalate). (S)-
citalopram oxalate has the CAS RN 219861-08-2, holding a total of 𝑛 = 8
sequentially assigned digits. A table of digit indexes (𝑖), digits (𝑑𝑖), and
the pairwise digit–digit index products (𝑑𝑖 ⋅ 𝑖) is Table 3.2 given below.

Table 3.2: Validation table of the CAS RN for (S)-citalopram oxalate.
DT: Digit Type. D: Digit. CD: Check Digit. 𝑑𝑖: 𝑖’th digit. 𝑖: Digit index. 𝑑𝑖 ⋅ 𝑖:
Pairwise digit–digit index product.

DT D CD

𝑑𝑖 2 1 9 8 6 1 - 0 8 - 2
𝑖 8 7 6 5 4 3 2 1 𝑐

𝑑𝑖 ⋅ 𝑖 16 7 54 40 24 3 0 8

Summing the products yields

8
∑
𝑖=1

(𝑑𝑖 ⋅ 𝑖) = 16 + 7 + 54 + 40 + 24 + 3 + 0 + 8 = 152 .

Using Equation 3.1, the check digit, 𝑑𝑐, can be calculated to

𝑑𝑐 =
8
∑
𝑖=1

(𝑑𝑖 ⋅ 𝑖) mod 10 = 152 mod 10 = 2 ,

thus the CAS RN is valid, as this corresponds to the last digit of the
identifier.

3.2.3 International Union of Pure and Applied Chemistry
Nomenclature

International Union of Pure and Applied Chemistry (IUPAC) have devel-
oped a nomenclature for the systematic naming of chemical substances.
Due to its enormous scale, it will not be described in detail here, but is
extensively documented in the books Nomenclature of Organic Chem-
istry (informally Blue Book) for organic chemistry (Rigaudy and Klesney,
1979) and Nomenclature of Inorganic Chemistry (informally Red Book)

16 3.2. Representation of Chemical Substances
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N

O

NF

Figure 3.2: Skeletal formula for es-
citalopram.

The chiral carbon at the stereo-
center is marked with an asterisk.
A wedge ( ) shows the three-
dimensional direction of the bond,
going out of the plane.

for inorganic chemistry (IUPAC, 1971). IUPAC is still responsible for
developing these nomenclatures.

From systematic IUPAC names, it is possible to create the asso-
ciated unambiguous chemical structures. Conversely, a single chem-
ical structure might be drawn from distinct systematic names, still
following the IUPAC nomenclature. Rules for selecting the preferred
IUPAC name among a list of names, are described since the 2013-version
of Blue Book. Escitalopram ((S)-citalopram) has the preferred IUPAC
name ((1S))-1-[3-(Dimethylamino)propyl]-1-(4-fluorophenyl)-1,3-dihy-
dro-2-benzofuran-5-carbonitrile, (R)-citalopram the name ((1R))-1-[3--
(Dimethylamino)propyl]-1-(4-fluorophenyl)-1,3-dihydro-2-benzofuran-5-
carbonitrile, and finally, the racemic mixture of citalopram, has the
name ((1S,2R))-1-[3-(Dimethylamino)propyl]-1-(4-fluorophenyl)-1,3-di-
hydro-2-benzofuran-5-carbonitrile

3.2.4 International Nonproprietary Names

Long, complex, scientific names are far from suitable—particularly for
pharmaceutical compounds—as drugs are used by different people with
a wide range of chemical knowledge. Identical drugs across different
countries, or the same drug produced by two different companies within
the same country, are sold under different trade names—proprietary
names. For instance escitalopram is sold as Cipralex® in the European
Union, and as Lexapro® throughout the United States of America.

This issue is managed by a list of common names for identical com-
pounds in pharmaceutical products. Active ingredients are assigned
an International Nonproprietary Name (INN). World Health Organiza-
tion (WHO) introduced INN in 1950, and is still the maintainer of the
list (World Health Organization, n.d.).,

3.2.5 Traditional Structural Representation Methods

Structures of chemical substances, particularly for organic substances,
are often depicted with a skeletal formula. Atoms are vertices, assuming
carbon as default, where all other atoms—the heteroatoms—are explicitly
given with their symbol. Carbon atoms are often assumed implicitly
hydrogen-saturated to a valence of four (Favre et al., 2004). Bonds are
represented by edges, where the number of edges between any two
atoms reflect their bond order. The skeletal formula for escitalopram
is given Figure 3.2, illustrating the three-dimensional directions of the
bonds going from the chiral carbon at the stereocenter.

Three-dimensional structures are most conveniently inspected on
a computer or using assembled chemical molecule sets, both methods
allowing for rotation Ball-and-stick models, shown for escitalopram in
3.3(a), depicts atoms as balls, often proportionally sized according to
atomic radius, with bonds depicted as cylinders between the centers of
the balls of bond atoms. Space-filling models were further popularized

3.2. Representation of Chemical Substances 17
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(a) Ball-and-stick model (b) Space-filling model

Figure 3.3: Three-dimensional structural representations of escitalopram .

(a) Ball-and-stick model. (b) Space-filling model. The spheres are coloured
according to it’s chemical element: Carbon. Hydrogen. Nitrogen.

Oxygen. Fluorine.

by Corey and Pauling, (1953), shown for escitalopram in 3.3(b). Atoms
are illustrated with overlapping spheres. Atoms are coloured according
to elements, with sphere radius proportional to their electron clouds,
given by their van der Waals radii. Compared to the ball-and-stick
models, space-filling models give a more realistic view of the molecules,
as the van der Waals radii are responsible for many interactions, such
as chemical–protein interaction, but does not directly reveal the bond
orders.

3.2.6 Digital Structural Representations

Although naming of chemical compounds, like the one from the IUPAC
nomenclature, and other associated identifiers and structural draw-
ings, like the skeletal formulas, are rather easy for humans to interpret
(especially the latter), that is not always the case for computers.

Names and other simple identifiers, as previously described, can
easily be stored, but turning them into usable information for com-
puters, e.g. Simplified Molecular-Input Line-Entry System (SMILES)
or International Chemical Identifier (InChI) as described later, can be
rather cumbersome, as there are many possible names and identifiers
for the same molecules.

Structures are more logical for computers to analyse, as the data
‘hidden’ in the names and identifiers have already been ‘translated’ into
structural information. Storing images of molecules in itself is not really
a problem, but turning it back into a chemical name or identifier can be
troublesome. Some ways have been found to simply store the chemical
structure, without using actual images of the chemicals, making it easier
for computers to interpret the information hidden in the structures.

18 3.2. Representation of Chemical Substances
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Table 3.3: Some rules used in the
SMILES.

Rule Example

Elements C, N, etc.
Aromatic elements c, n, etc.
Side chain, start (
Side chain, end )
Double bounds =
Triple bounds #
Ring ‘openings’/’end-
ings’

1, 2, 3, etc.

Simplified Molecular-Input Line-Entry System

One such representation method is the so-called SMILES. SMILES were
originally developed by David Weininger during the 1980’s (Weininger,
1988). The system is now maintained by Daylight - Chemical Informa-
tion Systems.

The chemical structures are stored as simple strings. The system
contains many rules, and will only be described shortly here–more
information can be obtained from the Daylight website.

Some basic rules are the use of chemical elements generally given
as their chemical symbol, and are considered to be connected if they are
adjacent in the string. Aromatic elements are given as their lowercase
symbol. Side chains are started and ended using parentheses, and double
and triple bonds are noted using = and #, respectively. Circular parts
of the structure are started with a number, and ended again when the
same number is found in the string again. Numbers can be reused, as
soon as the circular part has been ‘closed’. The rules are briefly given
in table section 3.2.6 (Daylight - Chemical Information Systems, n.d.).

Example (Structure of a SMILES string). The skeletal structure, and
corresponding SMILES string, for escitalopram is given in Figure 3.4.
The red part of the string, Fc1ccc[C@@]1CCCNC, can be considered to
be the ‘backbone’ of the SMILES, with several aromatic carbon elements,
the c’s, and a ‘ring opening’ at the first 1, the ‘ring ending’ is situated
at the second 1 in the string at the first side chain, cc1, enclosed by
the first pair of parentheses. The @@’s is a part of the SMILES notation
for describing the stereo chemistry of molecules, and the third 1 (the
second in the red part of the string) is the initiation of the second ring
of the structure. The second ring is closed at the fourth 1 in the blue
part of the string, OCc2ccccc12, where also the third ring is opened
and closed at the pair of 2’s. The blue part also contains a side chain
given as the orange part, C#N, a nitrile group, illustrating the use of the
triple bonds by the use of the # sign. Finally, a side chain at the tertiary
amine, is given as the green part, a single carbon, C.

1
1

2

N

O

NF

Fc1ccc(cc1)[C@@]1(OCc2cc(C#N)ccc12)CCCN(C)C
Figure 3.4: String of the Simplified Molecular-Input Line-Entry System for
escitalopram, created from its chemical structure.

The colouring of the skeletal formula of the molecule, corresponds to the
colouring of the text string beneath the structure. See the main text for a
further description
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Table 3.4: Two distinct skeletal for-
mulas and SMILES for methanol.
As can be seen, the molecules are
exactly the same, but the skeletal
formulas and SMILES are mirrored.
Skeletal Formula SMILES

OH CO
HO OC

A problem with SMILES is, that there is no consistency, e.g. as
simple a molecule as methanol, can be written in two ways, as seen
in Table 3.4. Either going from the methyl end to the alcohol end, or
going from the alcohol end to the methyl end.

SMILES files usually have the file extension .smi.

International Chemical Identifier

Another way to make a chemical structure with a single string is the use
of the InChI system. It was developed by IUPAC and National Institute
of Standards and Technology during 2000 to 2005 (Heller et al., 2015;
IUPAC, n.d.). The InChI string for escitalopram in InChI=1S/C20H21F
N2O/c1-23(2)11-3-10-20(17-5-7-18(21)8-6-17)19-9-4-15(1
3-22)12-16(19)14-24-20/h4-9,12H,3,10-11,14H2,1-2H3/t20
-/m0/s1. As can be seen, it seems more complicated than SMILES, and
thus the technique for creating an InChI string will not be discussed
here.

One nifty thing about the InChI system is, that the long InChI
strings can be converted to a shorter 27 character long InChI Key.
For escitalopram, the key is WSEQXVZVJXJVFP-FQEVSTJZSA-N (IUPAC,
n.d.). One little problem though, is that the InChI key is not necessarily
always 100 % sure to be unique (Willighagen, n.d.).

Today, the InChI and InChI key systems are maintained by the
InChITrust (IUPAC Trust, n.d.).

Structure-Data File

The third, and last digitial structural representation described herein, is
the Structure-Data File (SDF). This format is more extensive than the
two others mentioned formats (the SMILES and InChI formats), as it
contains more information both extensive structural information and
and also some ‘meta’ information.

SDF are an extended version of the MDL Molfile (.mol), a type of
a so-called chemical table format, developed by the MDL Information
Systems. The file format contains chemical elements, their connections
and their 2D or 3D coordinates (Dalby et al., 1992).

SDF also contains extra information, which could be molecular
weight, log 𝑃-values etc. SDF files usually have the file extension .sd
or .sdf.

SDF will not be explained in detail here, but an example of the SDF
for escitalopram can be seen in Appendix A.

3.3 Molecular Descriptors

Molecular structures as described previously are difficult to compare and
do calculations on as they are. It is therefore important to convert it to
numbers or in other ways make it possible for computers to understand
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it. Two methods are described here: 1. fingerprints and 2. quantitation
descriptors.

3.3.1 Fingerprints

Fingerprints play a crucial role in detection of chemical features e.g.
functional qualities etc. Especially chemical similarity/molecular simi-
larity plays a role in this part.

MDL has long developed fingerprints for the use in chemoinformat-
ics. Both 166 bits fingerprints as well as up to 960 bits fingerprints. A
fingerprint is set to 1 in the string if the feature is present and 0 is if the
feature is not present. Usually, the fingerprints represent fragments, e.g.
a fragment is present (1) or the fragment is not present 0. Sometimes
the fragment has to be present a number of times, sometimes it has to be
present a number of times etc. (Durant et al., 2002a). The fingerprints
can both contain 1d fragments, 2d fragments, 3d fragments or even 4d
fragments (Vilar et al., 2014). As we will see in section 3.4, we will see,
how fingerprints can be used to calculated the similarity between any
two or more molecules.

3.3.2 Quantitative Descriptors

Quantitative descriptors can often be calculated in two distinct ways:
1. either by doing experimental measurements (molecular mass, log 𝑃-
values etc.) or 2. by calculating theoretical molecular descriptors (Tode-
schini and Consonni, 2000).

The quantitative descriptors can then be used to calculate new
features, estimate or predict a biological endpoint for new compounds
etc. e.g. using Quantitative Structure-Activity Relationship (QSAR)
models as described later in section 3.5.

3.4 Structural Chemical Similarity

Comparison of chemical substances is a useful way to infer new or
additional information, regarding their use or properties. As discussed
previously, chemical names do not always tell anything interesting
about a chemical substance, as these are not always given in a systematic
manner.

One common way of determining the similarity between chemical
substances is through their chemical structure. Structural similarity
between two molecules A and B, is often measured using the Tanimoto
similarity coefficient (𝑆𝑇), defined as

𝑆𝑇(𝐴, 𝐵) =
∑𝑖 (𝐴𝑖 ∧ 𝐵𝑖)
∑𝑖 (𝐴𝑖 ∨ 𝐵𝑖)

, (3.2)
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where 𝐴 and 𝐵 are fingerprints, assigned as described in subsection 3.3.1,
for the two molecules, 𝐴 ∧ 𝐵 is the logical conjunction of 𝐴 and 𝐵—thus
∑𝑖 (𝐴𝑖 ∧ 𝐵𝑖) is the number of bits set in both fingerprints—and 𝐴 ∨ 𝐵
is the logical disjunction of 𝐴 and 𝐵—thus ∑𝑖 (𝐴𝑖 ∨ 𝐵𝑖) is the number
of bits set in either of the fingerprints. Calculation of the Tanimoto
similarity coefficient for two molecules is illustrated in the example
below.

Example (Calculation of the Tanimoto similarity coefficient). Two chem-
ical substances are assigned fingerprints 𝐹1 and 𝐹2 (with the counting
of bits being 𝐴 and 𝐵, for the two molecules, respectively), here a 166 bit
fingerprint, given in the barcode-like figure below, together with their
logical conjunction 𝐹1 ∩ 𝐹2 (𝐴 ∧ 𝐵) and the logical disjunction 𝐹1 ∪ 𝐹2
(𝐴 ∨ 𝐵).

20 40 60 80 100 120 140 160

𝐹1
𝐹2

𝐹1 ∩ 𝐹2
𝐹1 ∪ 𝐹2

46
44

17
73

Bits set in both fingerprints are ∑𝑖 (𝐴𝑖 ∧ 𝐵𝑖) = 17, and bits set in either
of the fingerprints are ∑𝑖 (𝐴𝑖 ∨ 𝐵𝑖) = 73. Molecular similarity between
A and B, measured by the Tanimoto similarity coefficient (𝑇 (𝐴, 𝐵)), can
then be calculated using Equation 3.2:

𝑇 (𝐴, 𝐵) =
∑𝑖 (𝐴𝑖 ∧ 𝐵𝑖)
∑𝑖 (𝐴𝑖 ∨ 𝐵𝑖)

=
17
73

≈ 0.23 .

Several similarity measurements have been described in the lit-
erature. Some of these use weighted bit counts, where others also
consider unset bit counts etc. Where similarities based on fingerprints
represent qualitative characteristics, similar methods also exist for the
quantitative characteristics (Willett, Barnard, and Downs, 1998). Since
the Tanimoto coefficient is one of the most popular measurements in
chemoinformatics, the other measurements will not be described here.

3.5 Quantitative Structure-Activity Relationship

Quantitative Structure-Activity Relationship (QSAR) models are models
that can be used to make regression or classification of chemical systems.
This can be new features for the chemical molecules, new usage for
the chemical molecule and so on. For input variables one can use the
quantitative descriptors as found as described in subsection 3.3.2, where
some activity, 𝐴, can be calculated/predicted from relationship between
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the quantitative descriptors found from the structure of the molecule,
𝑓 (𝑠):

𝐴 = 𝑓 (𝑠) + 𝜖 , (3.3)

where 𝑓 is some form of function that will form a model of the desired
output, and 𝑠 are physical or structural properties as found from the
quantitative descriptors, as described earlier in subsection 3.3.2. The
models can both be classifications, dividing different molecules or sub-
sets of molecules into classes, or the models can be regression models
quantitatively assigning predictive features to the molecule(s) put into
the models. The models are trained from other subsets of molecules,
using models giving the desired output of the features that are wished
to be predicted. Of cause the models cannot always be exactly correct,
and may contain errors or another kind of variation in the calculation,
𝜖 (Nantasenamat et al., 2009).
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Diseases and Chemical
Biology 4

This article highly shows how the use of chemical similarity, as described
in subsection 3.3.1 can be used to find similar compounds among a list
of several molecules. That way, one can use the information gathered
from one molecule, to try and predict the outcome of the biological
effects that may occur from the intake of another molecule.

Not only does this seem relevant for positive effects like discovering
of new medicines or for repurposing of older drugs, but also for side
effects of even toxicological outcomes.

Tools like ChemProt-2.0 also show the possibility of the usage
of PP networks, which could be effective not only in predicting direct
molecule-protein outcomes, but also formore sophisticated Protein-Protein
Associtation Networks (PPANs). This could be used to even further
expand the knowledge of downstream information on, e.g. side effects,
but also the toxicological outcomes, and strengthen what we already
know on these areas.
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Abstract

ChemProt-2.0 (http://www.cbs.dtu.dk/services/ChemProt-2.0) is a pub-
lic available compilation of multiple chemical–protein annotation re-
sources integrated with diseases and clinical outcomes information.
The database has been updated to >1.15 million compounds with 5.32
millions bioactivity measurements for 15,290 proteins. Each protein is
linked to quality-scored human protein–protein interactions data based
on more than half a million interactions, for studying diseases and bio-
logical outcomes (diseases, pathways and go! (go!) terms) through xpro-
tein complexes. In ChemProt-2.0, therapeutic effects as well as adverse
drug reactions have been integrated allowing for suggesting proteins as-
sociated to clinical outcomes. New chemical structure fingerprints were
computed based on the Similarity Ensemble Approach (SEA). Protein
sequence similarity search was also integrated to evaluate the promis-
cuity of proteins, which can help in the prediction of off-target effects.
Finally, the database was integrated into a visual interface that enables
navigation of the pharmacological space for small molecules. Filtering
options were included in order to facilitate and to guide dynamic search
of specific queries.
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Introduction

In recent years, there has been
a shift from the traditionally se-
cret experimental data kept by
the pharmaceutical industry to a
more open-access culture in re-
lation to data sharing (Mullard,
2011). For this reason, we have
been witnessing a steady increase
in public repositories of bioactive
small molecules such as ChEMBL
(Gaulton, Louisa J Bellis, et al.,
2012) and PubChem (Sayers et
al., 2012). However, as pub-
lic repositories of bioactive small
molecules have only just recently
been made available, the prob-
lem of how to handle chemical
entities is still largely unsolved.
Pooling data from small molecule
databases poses special problems.
Even though standards have been
widely adopted to describe genes
and proteins (e.g. Ensembl ID,
Entrez ID for genes, and UniProt
ID for proteins), small molecule
identifiers, as well as measures
for properties such as biologi-
cal activities, are not necessar-
ily standardized across different
resources (Williams, Ekins, and
Tkachenko, 2012).

One could claim that the bot-
tleneck in understanding how
small molecules perturb biologi-
cal systems is no longer in the
generation, gathering and avail-
ability of experimental data but in
their organization, presentation
and visualization; in other words,
in the development of centralized
systems that would better enable
their exploitation. The problem is
not only how to extract data from
different (federated) resources, it
is also important to provide so-
lutions that facilitate provenance

tracking, visualization, uniform
and systematic description of data
and their integration in ways that
can preserve the semantic rela-
tionships between the different
entities.

Furthermore, the number of
failures of drug candidates in ad-
vanced stages of clinical trials
has increased and the number of
submissions for Food and Drug
Administration (FDA) approval
has decreased in the last decade.
One of the reasons may be our
reductionist approach to discov-
ery, whereby a complex system,
namely a drug and its metabolites
interacting with many proteins
across multiple cellular compart-
ments and tissues over time, is re-
duced to a simplistic ligand–tar-
get interaction model. This is
probably too crude and empha-
sizes the need to look at the effects
of compounds on global systems
aided by the integration of multi-
ple biological and temporal data
sources.

With the emerging fields of
chemogenomics (Rognan, 2007),
systems pharmacology (Hopkins,
2008) and systems chemical biol-
ogy (Tudor I Oprea et al., 2007;
Wild et al., 2012), it becomes feasi-
ble to investigate the drug action
at different levels from molecular
to pathway, cellular, tissues and
clinical outcomes (Fernald et al.,
2011). For example, it has become
apparent that many common dis-
eases such as cancer, cardiovas-
cular diseases and mental disor-
ders are much more complex than
initially anticipated, as they are
caused by multiple molecular and
cellular dysfunctions rather than
being the result of a single de-
fect. Therefore, network-centric
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therapeutic approaches that con-
sider entire pathways rather than
single proteins must be investi-
gated (Hansen, Brunak, and Alt-
man, 2009).

Among the recent advances
in the field of systems chemical
biology, servers supporting drug
profiling such as STITCH (Kuhn
et al., 2012), DisGENET (Bauer-
Mehren et al., 2010) or the new
database PROMISCUOUS (Eich-
born et al., 2011) should be men-
tioned. STITCH3 provides confi-
dence scores that reflect the level
of confidence and significance of
compound–protein interactions.
PROMISCUOUS is a resource fo-
cused on drug compounds, includ-
ing withdrawn and experimen-
tal, containing drug–protein in-
teraction and side-effect informa-
tion. DisGENET is a compre-
hensive gene–disease association
database focused on the current
knowledge of human genetic dis-
eases including Mendelian, com-
plex and environmental diseases.

We have previously reported
the development of ChemProt, a
disease chemical biology database
(Taboureau et al., 2011). Com-
pared with other approaches,
ChemProt-1.0 offered a high level
of integration of chemical and
biological data, including inter-
nally curated disease-associated
PPI (Lage et al., 2007). Here,
we present the second release
of ChemProt, a resource of an-
notated and predicted disease
chemical biology interactions.
ChemProt-2.0 can be accessed
at http://www.cbs.dtu.dk/servi
ces/ChemProt-2.0/. The present
release contains a compilation
of over 1,100,000 unique chemi-
cals with biological activity for

>15,000 proteins. We have added
a visual interface that supports
user-friendly navigation through
the data, biological activities and
disease associations. ChemProt-
2.0 now enables the user to query
the database not solely by chemi-
cals or proteins but also through
therapeutic effects, adverse drug
reactions and diseases. The SEA
developed by Keiser et al., (2007)
has also been implemented, so
that protein sequence similar-
ity can be used when examin-
ing chemical promiscuity. With
these updates, ChemProt-2.0 of-
fers an integrative approach to
understand the impact of small
molecules on biological systems
and contributes to the investiga-
tion of molecular mechanisms
related to diseases and clinical
outcomes. A workflow of the
implementation is shown in Fig-
ure 4.1.

Data Sources

Chemical–protein interactions
data were gathered in June
2012 from updated open-source
databases ChEMBL (version 14),
BindingDB (T. Liu et al., 2007),
PDSP Ki database (Roth et al.,
2004), DrugBank (version 3.0)
(Knox et al., 2011), PharmGKB
(McDonagh et al., 2011), active
compounds from the PubChem
bioassay (2012) targeting human
proteins and the two commer-
cial databases: WOMBAT (ver-
sion 2011) and WOMBAT-PK (ver-
sion 2011) (Olah et al., 2008). The
IUPHAR-DB database (Sharman
et al., 2011) was also integrated in
the new version of ChemProt-2.0.
Chemical–protein annotations
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Figure 4.1: A workflow of the func-
tionalities in ChemProt-2.0 is de-
picted.

User can query ChemProt-2.0 us-
ing chemical, protein, disease,
Anatomical Therapeutic Chemical
Classification System code and se!.
Outcomes from the query are rep-
resented with the arrows.

that lack explicit bioactivity data
might be of interest in the mining
of a large and diverse integrated
database. Therefore, we included
also data from Comparative Tox-
icogenomics Database (CTD)
(Davis, B. L. King, et al., 2011) and
STITCH (Kuhn et al., 2012). CTD
extracts literature data about en-
vironmental chemicals and how
they modulate gene expression,
whereas STITCH provides chem-
ical–protein relationships from
text mining the co-occurrence
of a chemical term and a pro-
tein (gene) term in MEDLINE
abstracts. Clinical outcomes were
of special interest in this version
and we decided to include infor-
mation from the AnatomicalTher-
apeutic Chemical Classification
System (ATC) Classification Sys-
tem (De Smet, 1993) developed by
the World Health Organization,
as well as se! (se!) data from Dai-
lymed (http://dailymed.nlm.nih.g
ov/dailymed/).

From a biological perspective,
we updated our internal human

interactome platform to reach
14,421 genes interacting through
507,142 unique PPI. The updated
version of OMIM (Amberger,
Bocchini, and Hamosh, 2011),
GeneCards (Stelzer et al., 2011),
KEGG (Kanehisa, Goto, Sato, et
al., 2012), Reactome (Matthews et
al., 2009) and go! (Dimmer et al.,
2012) databases was also down-
loaded (June 2012), curated and
integrated in ChemProt-2.0. Also,
the human disease network devel-
oped by Goh et al., (2007) was in-
tegrated, allowing association of
proteins to disease categories.

Predictions and Methods

Based on the assumption that
compounds sharing similar struc-
ture have potential similar bioac-
tivities, we encoded the chemical
structure with two different types
of fingerprints: the 166 MACCS
key which encode the presence or
absence of some predefined sub-
structural or functional groups
(Durant et al., 2002b) and the
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FP2 fingerprints computed with
OpenBABEL (O’Boyle et al., 2011).
Chemical similarity between two
compounds is quantitatively as-
sessed using the Tanimoto coef-
ficient. By including the SEA
method (Keiser et al., 2007), one
can also predict potential new tar-
gets for a compound. For the in-
ternal development of SEA, com-
pounds with an activity value
<100 μM were considered (only
IC50, EC50, Potency, AC50, Ki
values were used). Furthermore,
to complete the set of active
protein ligands, annotated com-
pound–protein interactions from
CTD, DrugBank and PharmGKB
were also included, together with
annotated protein–compound in
the STITCH database. For this
dataset, the raw similarity score,
i.e. the sum of ligand pair wise
Tanimoto coefficients based on
the FP2 fingerprint, is 0.44. All
proteins with more than five
bioactive ligands were considered.

In addition, for all protein tar-
gets, we operated under the as-
sumption of promiscuity, i.e. pro-
teins with high-sequence similar-
ity may share similar functions
and may be targeted by the same
compound (likely with different
bioactivities). Protein sequences
were obtained from Uniprot (The
Uniprot Consortium, 2011), and
sequence comparisons were com-
puted using BLASTP (Altschul et
al., 1997). The similarity of two
sequences was assessed using an
𝐸-score, an expectation value re-
lated to the probability that se-
quence similarity between two
proteins is not achieved by ran-
dom chance (ibid.). We filtered
the output and proteins with an
𝐸-value <10−10 (as default) are de-

picted.

With respect to se!, 988 small
molecule drugs were matched
against 174 se! as described (Tu-
dor I Oprea et al., 2007). Term
frequency vectors compiled from
Dailymed were integrated in
ChemProt-2.0 and proteins asso-
ciated to each drug are then de-
picted.

Visual Interface

In ChemProt-2.0, a visual inter-
face was implemented to facili-
tate the visualization of the results
using HTML 5 and JavaScript.
The core of the interface has
been designed in the form of a
heatmap. The chemical–protein
associations are depicted in a pie-
chart heatmap where each pie
corresponds to the database from
which we gathered the informa-
tion. Hovering over the pie-charts
with the pointer, activity values
are then displayed. The user can
select different display settings
(circles, fill and rectangles). A
valuable feature is the handling
of multiple activities that have
been gathered for a given com-
pound–target pair by selecting
‘All’ values. A color spectrum
from blue (low activity) to red
(strong activity) is used to indi-
cate the activity (Figure 4.2). It
is also possible to select a specific
database or/and a specific activity
type and define a range of activ-
ities (threshold) of interest in or-
der to optimize the query. Results
from the SEA approach are also
integrated in the ‘Activity Type’.

The compound query is al-
ways shown in the first column
followed by similar compounds
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(sorted in descending order of
similarity) whereas the protein
queried is depicted in the first
row. To optimize the display, the
heatmap is limited to a section
of 100 rows × 100 columns. If the
chemical–protein matrix is larger,
we have included an arrow fea-
ture (→) that allows the user to
upload the next 100 data items for
both axes. The user has still the
possibility to view the data in a ta-
ble format and to download the
results in a flat-file format. In
the table format, display mode
the user can dynamically sort and
group the activities according to
compound, target, species, activ-
ity type, etc.

A second heatmap that de-

picts protein–disease categories
is also integrated, which suggests
proteins that may be involved in
diseases. Next to it, the ‘Dis-
eases’ link redirects the user to
the disease-associated proteins
complex around the selected pro-
tein. A new, dynamic interface
has been implemented, where the
proteins associated to a biologi-
cal term are shown when high-
lighting the term of interest (Fig-
ure 4.3).

Applications

The ChemProt-2.0 database inter-
face is accessible freely online. In
addition to the chemical and pro-
tein search that was previously

Figure 4.2: Example of the graphical interface output based on a compound query.

On the top, user can specify the query using the display settings. The heatmap on the left represents the bioactivities
gathered for the input compound (in blue) and structurally similar compounds (in pink) in the 𝑋-axis and the proteins
in the 𝑌-axis. A color spectrum from blue (low) to red (high) is used to represent the activity. If several binding
data have been measured for the same chemical–protein interaction, intensity of the colors is represented inside
the circle. It is shown for example for the dopamine transporter (Q63380). The heatmap on the right describes the
disease categories annotated to a protein. The value inside the circle represents the number of diseases associated to
a protein.
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Figure 4.3: Example of the disease complexes network representation for the dopamine receptor D2 (DRD2).

Example of the disease complexes network representation for the dopamine receptor D2 (DRD2). Twenty-five
proteins interact directly to the protein DRD2 and pointing the cursor to ‘Schizophrenia’, seven genes are associated
to this disease.

implemented, the user can search
by diseases, ATC codes and se!.
For example, the query ‘epilepsy’
returns 2662 compounds active on
13 proteins associated to this dis-
ease. Similarly, looking for the se!
‘hallucinations’, 15 drugs (with
the term frequency associated to
it) active on 470 proteins are dis-
played. Some of these drugs
(ropinirole, pergolide, amantadine
and pramipexole) are used for the
treatment of Parkinson diseases,
by affecting the dopaminergic and
serotonergic systems. Interest-
ingly, visual hallucinations are
symptoms of the Parkinson’s dis-
ease and perturbing the seroton-
ergic system could help to allevi-
ate these symptoms (Politis and
Loane, 2011). Another interest-
ing aspect is that these drugs af-
fect several proteins associated
to ‘Bone’ and osteoporosis dis-
ease. For example, there is a

possible association between the
polymorphism of the serotonin
transporter (HTT) and the devel-
opment of osteoporosis (Ferreira
et al., 2011). Some of these drugs
bind to HTT and could thus be
potentially investigated for drug
repurposing.

Many diseases seem not to
be the result of a single defect
but are rather caused by multi-
ple molecular and cellular abnor-
malities. Therefore, observations
of a drug effect not only at the
molecular level but also at cel-
lular and systems levels should
guide therapeutic strategies for
the development of better and
safer drugs. ChemProt-2.0 of-
fers the possibility of interrogat-
ing multiple layers of informa-
tion by linking chemically in-
duced biological perturbations to
disease and phenotype. We be-
lieve with the advances in pro-
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teomics, metabolomics and other
—omics sciences, combined with
next-generation sequencing tech-
nologies, we will no longer eval-
uate the bioactivity profile of a
chemical solely at the molecu-
lar level, but rather we will in-
vestigate biomedical knowledge
with the integration of genetic
polymorphisms and clinical ef-
fects (Tudor I. Oprea, Taboureau,
and Bologa, 2012).
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With HExpoChem, you can do things like as with ChemProt-2.0, plus
an additional more things, like the opportunity to investigate various
interactions for the entered protein or chemical, through the following:

• Protein-Protein Interaction: Giving annotations for PPIs for either the
entered gene or for the genes interacting with the entered chemical.

• Protein-Protein Associtation Network: Giving annotations for PPANs
for either the entered gene or for the genes interacting with the entered
chemical.

• Topological Protein Clustering: Giving annotations for Topological
Protein Clusterings (TPCs) for either the entered gene or for the genes
interacting with the entered chemical.

• Chemical-Chemical: Giving annotations for either agonist, antagonist
or mixed Chemical-Chemical (CC) for either the entered chemical or
for the entered protein associated to the chemical.

This may further help in investigating toxicological outcomes of
chemicals or proteins.
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Abstract

Summary Humans are exposed to diverse hazardous chemicals daily.
Although an exposure to these chemicals is suspected to have adverse
effects on human health, mechanistic insights into how they interact
with the human body are still limited. Therefore, acquisition of cu-
rated data and development of computational biology approaches are
needed to assess the health risks of chemical exposure. Here we present
HExpoChem, a tool based on environmental chemicals and their bioac-
tivities on human proteins with the objective of aiding the qualitative
exploration of human exposure to chemicals. The chemical–protein in-
teractions have been enriched with a quality-scored human protein–pro-
tein interaction network, a protein–protein association network and
a chemical–chemical interaction network, thus allowing the study of
environmental chemicals through formation of protein complexes and
phenotypic outcomes enrichment.

Availability HExpoChem is available at http://www.cbs.dtu.dk/servi
ces/HExpoChem-1.0/.

Contact karine@cbs.dtu.dk

Supplementary Information Supplementary data are available at Bioin-
formatics online, and in Appendix B.

Introduction

Humans, in their daily lives, are
exposed to diverse hazardous
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chemicals through their environ-
ment, and it has been recog-
nized as an important component
in the interplay between genes,
lifestyle/diet, natural environmen-
tal exposure and disease etiology
(Judson et al., 2012; Rappaport,
2012). Hazardous chemicals are
present in everything from food
to consumer products to indus-
trial effluents. However, knowl-
edge about their mechanisms of
action within the human body is
still limited.

As large-scale databases on
chemical toxicity, i.e. ACToR (Jud-
son et al., 2012) and the Compar-
ative Toxicogenomics Database
(CTD; Davis, B. L. King, et al.,
(2011)), are being assembled, in-
vestigation of the relationship be-
tween environmental chemicals
and human diseases can be in-
vestigated much more systemat-
ically, not solely at the molecu-
lar level but also at the cellular
and systems level. For example,
integration of chemical toxicol-
ogy within systems biology using
PPI and PPAN has been suggested
to allow previously uncharacter-
ized connections between chem-
ical compounds and diseases to
be revealed (Audouze and Grand-
jean, 2011; Audouze, Juncker, et
al., 2010).

Here, we present HEx-
poChem, a server with the aim to
explore chemicals exposure and
their impact on human health.
HExpoChem is distinct from
other tools, as (i) it provides in-
formation about the source of the
chemical exposure, (ii) it identifies
proteins interacting with a chem-
ical and consequently suggests
chemical–chemical interactions
and qualitative cumulative risk of

chemical mixtures and (iii) it in-
tegrates PPI and PPAN data into
biological outcomes and environ-
mental diseases using computa-
tional biology approaches

Implementation

Exposure Resources

Five different human environmen-
tal exposures are considered in
HExpoChem, four ofwhich are ex-
ogenous sources: medicinal drugs,
cosmetics, foods and industrial
chemicals such as pesticides and
plasticizers. Human endogeneous
metabolites are chosen as the en-
dogenous source, as these might
interfere with the xenobiotics. De-
scription of the data source can
be found in additional Supplemen-
tary Material (chapter 5).

For each source of exposure,
we developed a chemical–pro-
tein repository by manual cura-
tion, using interactions from three
databases, i.e. STITCH 3.1 (Kuhn
et al., 2012)CTD and DrugBank
(Knox et al., 2011). We inte-
grated 10,183 unique chemicals
with 19,483 human proteins for a
total of 284,533 interactions (de-
tails provided in Table B.1 in chap-
ter 5). An interaction could either
be binding data from STITCH and
DrugBank (chemical A is binding
to protein B) or gene expression
information from CTD (chemical
A is affecting the gene expression
of protein B). The effect of a small
molecule on a protein, i.e. agonist
or antagonist, is included when
available. We decided to not in-
clude all chemical–protein inter-
actions provided by STITCH, but
instead only consider interactions
that reached at least a confidence
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Figure 5.1: The HExpoChem imple-
mentation.

Chemical data for five exposure
sources are collected from various
resources, and combined with their
interacting proteins. Four types
of protein complexes ( PPI, PPAN,
TPC and CC) are generated, using
different input data. diseases, path-
ways and go! terms are integrated
into these protein complexes, al-
lowing prediction of potential bi-
ological outcomes of chemicals.

score of 0.5 (a little superior to a
medium confidence according to
STITCH).

Connecting Chemical Biology to
Diseases and Biological
Outcomes

Once the relationships between
chemicals and proteins are char-
acterized, the impact of such as-
sociations is evaluated as a com-
plex system. Diverse biological
outcomes of interest such as (i) hu-
man diseases: OMIM (Hamosh et
al., 2005) and GeneCards (Safran
et al., 2010), (ii) pathways: KEGG
(Kanehisa, Goto, Furumichi, et
al., 2010) and Reactome (Croft et
al., 2011) and (iii) go! terms: GO
(Camon et al., 2004) are evalu-
ated. Four output styles are gen-
erated to assist the user: (i) PPI,
(ii) PPAN, (iii) TPC and (iv) CC.
Globally, for each PPI and PPAN
output, a small biological network
representing a protein complex
is depicted. Pointing the cursor
to one of the annotations high-
lights the corresponding proteins.

A corrected 𝑃-value is included
to evaluate the correlation of the
protein complex to a biological
outcome (the lower the value, the
stronger is the correlation). The
outputs for TPC are lists of pro-
teins corresponding to a cluster
and overlapping proteins. Finally,
CC are based on the assumption
that two bioactive chemicals (i.e.
agonist–agonist or antagonist–an-
tagonist) for the same set of pro-
teins could have a more signifi-
cant cumulative effect than only
showing an activity on one pro-
tein.

Overall, a download option is
available to obtain the output in-
formation in a flat format for fur-
ther analysis. Details about these
outputs can be found in the Sup-
plementary Section in chapter 5.
A workflow of the implementa-
tion is shown in Figure 5.1.
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Applications

Applications

As an example, we tested carvone,
a natural compound found in es-
sential oils from caraway and dill.
This compound is used in food
additives and cosmetics and has
exhibited repellent and herbicide
activities. HExpoChem automat-
ically represented the chemical
structure (using the Chemaxon
applet) and seven proteins that
are deregulated by this compound.
‘Cosmetic’, ‘food’ and ‘industrial’
were depicted as the possible
sources for human exposure to it.
PPI search retrieved protein inter-
actions for six of the proteins, and
enrichment to several biological
outcomes were suggested. For ex-
ample, the protein complex inter-
acting with the protein C2 was as-
sociated with lupus erythemato-
sus, a potential reaction to car-
vone. The CC search shows that
many others chemicals also inter-
act with the protein C2 and so
can increase the impact on the bio-
logical outcomes described in the
PPI. More examples are provided
in the Supplementary Material in
chapter 5.

Conclusion

In conclusion, HExpoChem as-
sists in the exploration of underly-
ing molecular mechanisms of the

impact of environmental chemi-
cals on human health. With the
proposed computational systems
biology approach, identification
of chemicals with similar mode
of action in a biological system
is of great interest. For instance,
chemicals present in food, cos-
metics and in household products
may share interacting proteins
and pathways, and thus affect
human health. Therefore, HEx-
poChem is complementary to tra-
ditional toxicology and epidemi-
ology, and may help in further in-
vestigations of chemical risk as-
sessment by providing new hy-
potheses. We expect to main-
tain and update HExpoChem reg-
ularly. For instance, integration
of the biological activity measure-
ment and description of the direc-
tionality of a PPI are already in
the pipeline for implementation
in the near future.

Acknowledgements The au-
thors would like to acknowl-
edge the IMI-JU (eTOX), the EU
project DEER, the Villum Kann
Rasmussen foundation (VKR), the
Danish Cancer Society and the
GENDINOB project supported by
the Danish Council for Strategic
Research for supporting the work.

Funding GENDINOB.

Conflicts of Interest None
declared.

39





III
TOXICOLOGY IN

DRUG
DEVELOPMENT





SYS-TOX 6
The goal of this project is to score and identify proteins associated to
various forms of tissue specific toxicity, in order to have a better under-
standing of the mechanisms leading to these toxicities. The approach
is based on the integration of various forms of data types, involving
chemicals, systems, proteins and tissue specific gene expression data.

6.1 Materials

The project contained many sources of different information: Data of
chemicals, proteins, tissues¹, as well as their associated body systems/- 1. Tissue specific expression data.
toxic endpoints (the digestive system, the nervous system, etc.).

6.1.1 Chemical-System Associations

A list of of chemicals and system specific toxic endpoints pairs was
extracted from e.g. the AcToR database (Judson et al., 2012). Chemi-
cals were identified by their respective CAS number, as described in
subsection 3.2.2. In total, the chemicals were associated to 46 different
tissues, divided into 11 different systems/toxic endpoints, further listed
in Figure 6.2. The number of chemicals associated to each system is
given in Table 6.1.

6.1.2 Chemical-Protein Associations

Chemical-Protein (CP) associations were extracted from the ChEMBLdb
11 (Gaulton, Louisa J. Bellis, et al., 2012) and the CTD (Davis, Grondin,
et al., 2017). From ChEMBL, only strong binders were retrieved, and
chemicals were categorized as either active or negative binders, depend-
ing on their binding type. From CTD, all compounds were kept, and
the type of binding was directly given.
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Table 6.1: Number of chemicals, proteins and chemicals binding to the proteins,
for each of the 11 systems.
System: Toxic endpoint. # Chem: Number of chemicals associated to the sys-
tem/toxic endpoint. # Prot: Number of proteins associated to the system/toxic
endpoint. # Bind: Number of chemicals binding to the one of the extracted
proteins.

System # Chem # Prot # Bind

Cardiovascular system 2299 41 5
Reproductive system and breast 3394 15,050 2560
Respiratory system 1084 0 0
Nervous system 808 1398 17
Endocrine system 334 536 33
Integumentary system 2128 1667 151
Lymphatic system 122 1445 9
Digestive system 1930 41 3
Musculoskeletal system 146 0 0
Urinary system 599 0 0
Sensory system 1893 0 0

Total 11,323 21,889 4674

Gene Name Tissue Staining Level Reliability
Figure 6.1: Form of data extracted from the Human Protein Atlas.

6.1.3 Tissue Specific Gene Expression Data

Gene expression data was taken from the ??. Only expression values
found from staining were used. The data was extracted in the form
given in figure Figure 6.1.

In total, expression data is given for 46 different tissues.

6.1.4 Assignment of Tissues to Systems

The 46 different tissues from the expression data were assigned to one
of the 11 systems/toxic endpoints as given in figure Figure 6.2.

6.2 Methods

6.2.1 Gene Expression Data Processing

The staining level for each entry was converted to numeric values using
Table 6.2. Gene nameswere given in the Ensembl Gene format, andwere
converted to their respective HGNC ID. If there were several entries
for the same gene-tissue pairs, the pair with the highest reliability
(supportive over uncertain) was kept. If there were still multiple entries,
the staining value was averaged over each tissue. Where no staining
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Cardiovascular
heart muscle

Digestive
appendix
colon
duodenum
esophagus
gall bladder
kidney
liver
oral mucosa
pancreas
rectum
salivary gland
small intestine
stomach lower
stomach upper

Endocrine
adrenal gland
parathyroid gland

Integumentary
skin

Lymphatic
bone marrow
lymph node
spleen
tonsil

Musculoskeletal
skeletal muscle
smooth muscle

Nervous
cerebellum
cerebral cortex
hippocampus
lateral ventricle

Reproductive and Breast
breast
cervix uterine
epididymis

fallopian tube
ovary
placenta
prostate
seminal vesicle
testis
uterus post menopause
uterus pre menopause
vagina
vulva anal skin

Respiratory
bronchus
lung

Sensory
nasopharynx

Urinary
urinary bladder

Figure 6.2: Assignment of the 46 tissues to the systems/toxic endpoints.

System Chemical Protein Regulation
Figure 6.3: Form of data extracted from the Human Protein Atlas..

levels were found, the staining level was set to ‘negative’ (value of 0).

Table 6.2: Conversion of staining levels to numeric values.

Staining Level Value

Strong 3
Moderate 2
Weak 1
Negative 0

6.2.2 Cleaning and Merging the Data

As this project is focusing on the proteins involved in the toxic end
points, only chemicals with associated CP binding data were kept. The
data was saved in the form shown in figure Figure 6.3.

In total 1676 chemicals were kept, targeting 5494 different proteins.

Scoring of Proteins

Scoring the proteins for their association to a specific toxic endpoint
was carried out with two things in mind:

1. How likely are compounds for targeting a protein given a specific toxic
endpoint?

2. What is the expression level of the protein given a specific tissue?
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The score, 𝑧𝑝,𝑠,𝑡, for the importance of toxicity related to a protein, 𝑝,
given a toxic endpoint/system, 𝑠, for a specific tissue, 𝑡, is thus given as

𝑧𝑝,𝑠,𝑡 =
𝑐𝑝,𝑠
𝑐𝑠

⋅ 𝑒𝑝,𝑡 , (6.1)

where 𝑐𝑝,𝑠 is the number of compounds targeting the protein, 𝑝, and
involved in the toxic endpoint/system, 𝑠 and 𝑐𝑠 is the total number of
compounds targeting toxic endpoint/system, 𝑠. Thus

𝑐𝑝,𝑠
𝑐𝑠

is the fraction
of compounds targeting a toxic endpoint/system also targeting a given
protein. This fraction is then multiplied by the expression value, 𝑒𝑝,𝑡,
for the protein, 𝑝, given the tissue, 𝑡. The expression values are directly
taken from Table 6.2.

The scores are calculated for 46 tissues within the 11 toxic end-
points/systems as given in Figure 6.2. The interval for the scores will
lie between 0 (no importance) to 3 (very important).

6.3 Future Work

Because of limited time, we were not able to complete the SYS-TOX
project. Much work is still needed in order to obtain some reasonable
results.
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As will be mentioned in the article, we are still in the early phases of
investigating whether enough data will be available to carry out our
studies (the QSAR models, toxicogenomics etc.). E.g. some samples for
drugs only contain data for two animals or human cell lines,

As more and more sophisticated methods will become available,
this will allow us to increase the amount of data samples even more,
and thus expand the amount of data available for data analysis. As the
amount of data is expanded, we will further be able to make more and
more advanced data analysis.
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Abstract Attrition of drug candidates during pre-clinical development
due to toxicity, especially hepatotoxicity and nephrotoxicity, is an im-
portant and continuing problem in the pharmaceutical industry. The
reasons for this trend may be multifactorial and there is a need to
improve toxicity testing paradigms within the industry. Microarray
technologies have the ability to generate massive amounts of gene
expression information as an initial step to decipher the molecular
mechanisms of toxicologic changes, i.e. toxicogenomics. In the context
of the eTOX consortium, one of public private partnership within the
framework of the European Innovative Medicines Inititative (IMI), we
will discuss here how the integration and analysis of toxicogenomics
data can help to understanding the mechanism of toxicity of a com-
pound and so reduce the risk of late-stage failure in pharmaceutical
development.

Keywords Toxicogenomics; Gene expression; Drugs; Rats

Figure 7.1: Number of papers in
PubMed from 1999 to 2011 mention-
ing in title or abstract “toxicoge-
nomics” in blue, “toxicology” in red
and “gene expression” in green.

The Y axis is converted into log
(number of paper) for a better visu-
alization.
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Status on Toxicogenomics
Studies

The current cost to bring a drug
candidate to market is estimated
to USD 1.8 billion, with an aver-
age success rate of 8 % (Paul et al.,
2010). However, there has been
a significant decrease in the de-
velopment of new and effective
drugs and one of the most impor-
tant reasons for attrition was due
to clinical side effects and toxicity.
Interestingly, since the advent of
DNA microarray technology (15
years ago), the field of toxicology
started to discuss the great poten-
tial of genome-wide expression
profiling for toxicity testing: the
promise is that the mechanism of
action of a chemical at the cellu-
lar level, thus the risk of chemical
toxicity, can be identified through
the transcriptional activity of cells.
The keyword toxicogenomics was
coined to identify the systematic
approach. Moreover, at the molec-
ular level, as the human and ro-
dent genome exhibit more than
90 % similarity, toxicogenomics
could be of benefit for the extrap-
olation of toxic effects between
species. A similar argument ap-
plies for extrapolating in-vivo ef-
fects from in-vitro experiments,
although most often different pa-
rameters are measured in both ex-
periments (Stierum et al., 2005).
Over the last decade, a number
of toxicogenomics studies have
been performed taking advantage
of the maturity of the microarray
technology, and we consider that
technology for expression profil-
ing as an indicator at how the con-
cept is gaining adoption. Look-
ing on the number of references

mentioning “gene expression” in
the PubMed database, we can ob-
serve that microarray technology
is not applied solely to toxicology
but the method allows study of
the global transcriptional changes
of a given biological system in re-
sponse to any stress perturbation.

The “toxicogenomics” field
was really investigated from 2004
when gene expression experi-
ments of drugs and toxicants
started to be publicly available
(Figure 7.1). Toxicogenomics
has proven to be useful in toxi-
cology (Afshari, Hamadeh, and
Bushel, 2011; Pognan, 2007).
For example in carcinogenic-
ity, gene expression profiling at
early time points accurately pre-
dicted non-genotoxic carcinogen-
esis and hepatocarcinogenicity
(Ellinger-Ziegelbauer et al., 2008;
Nie et al., 2006). Toxicogenomics
was also of relevance to evaluate
the potential immunotoxicity of
small interfering RNAs (siRNAs)
considered for potential therapeu-
tic application (Jackson and Lins-
ley, 2010).

Compounds inducing similar
gene expression profiles to known
model toxicants can be identified
as putatively toxic based on the
common mechanisms of response
at the molecular level. Nonethe-
less, to develop such kind of pro-
filing, access to large and consis-
tent toxicogenomic repositories
in conjunction with toxicologi-
cal outcomes are required. One
of the limitations is standardiza-
tion and consistency across exper-
imental settings, data format and
metadata description originating
from separate studies. Mostly ef-
forts where a specific scope and
rules governing consistency were
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defined, be it a disease such as
cancer or a specific type of can-
cer, managed to successfully pro-
pose specific new knowledge out
of the combined data. Within
less specific contexts for merg-
ingmicroarray data co-expression
of transcripts, giving indications
about transcriptional networks in
general, is mostly what can be
achieved.

Toxicogenomics Initiatives

Among the initiatives in which
large toxicogenomics reference
data has been generated, DrugMa-
trix, the Toxicogenomics Projects
Japan (TG-GATEs) and PredTox
are the largest and most consis-
tent databases that are now avail-
able (Table 7.1).

The DrugMatrix database, es-
tablished by Iconix Biosciences
and recently acquired by the Na-
tional Toxicology Program, con-
sists of gene expression responses
in several tissues including liver,
kidney, heart and primary hepa-
tocytes of male Sprague-Dawley
rats for over 630 known drugs
and toxicants ingested at two or
more doses and measured at dif-
ferent time points in triplicate
(Ganter et al., 2005; Natsoulis et

al., 2008). Histopathology, blood
chemistry and hematology data
are also included with the gene
expression data, allowing inves-
tigating the relation between the
gene expression differentiations
and the pathology.

TG-GATEs is a recent collab-
oration between the National In-
stitute of Health Sciences and
17 pharmaceutical companies in
Japan (Uehara et al., 2010). In this
initiative, male Sprague-Dawley
rats have been exposed to 131 com-
pounds at three dose levels in sin-
gle dose experiments where sam-
ples were collected at 3, 6, 9 and
24 hours and also repeated dos-
ing experiments where samples
were collected up to 29 days. Mi-
croarrays have been performed on
liver and kidney from in vivo ex-
periments as well as in vitro hep-
atocytes from rats and humans.
The data include information on
histopathology, hematology and
clinical chemistry.

In Europe, a collaborative
project between pharmaceutical
companies, Small andMedium En-
terprisess (SME’s), and universi-
ties, called the ‘InnoMed PredTox’
project, was performed under the
EU Framework Program 6 (Boitier
et al., 2011; Suter et al., 2011). In

Table 7.1: The 3 largest toxicogenomics initiatives.

Dataset Compounds Animals Doses Dosing Sampling

Drug Matrix 657 Male S-D rats* 2 daily dosing up to 5
days

6 hrs and 1, 3, 5 days

TG-Gates 131 Male S-D rats* 3 daily dosing up to 29
days

3, 6, 9, 24 hrs and 4, 8,
15, 29 days

PredTox 16 Male W rats** 2 daily dosing up to 14
days

1, 3, 14 days

*S-D Sprague-Dawley, **Wistar rat strains.
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this project, 16 proprietary drug
candidates that had been discon-
tinued at certain stages of preclini-
cal development due to toxicologi-
cal findings in liver and/or kidney
in 2 to 4-week systemic rat studies
were selected for study. Each of
the compounds was tested in a 2-
week systemic study at a low dose
and a high dose using maleWistar
rats. For all animals, clinical ob-
servations, serum, plasma, blood
as well as liver and kidney tissues
were collected and analyzed with
transcriptomics, proteomics and
metabolomics approaches. All
the raw data are available at
the BioInvestigationIndex (BII)
site (http://www.ebi.ac.uk/bioinv
index/browse_studies.seam).

An analysis of the compounds
studied in these three projects
shows that there is now publicly
available data on 705 distinct com-
pounds. The overlap is shown
in Figure 7.2. Although most of
the compounds analyzed are ap-
proved drugs by the Federal Drug
Administration (FDA), some envi-
ronmental compounds and natu-
ral products have also been stud-
ied. Interestingly, a major set
of compounds evaluated in TG-
GATEs has also been studied in
DrugMatrix allowing comparing
the reproducibility of the outcome

from both studies. In addition,
it is possible to integrate gene
expression profiles in other tis-
sues (heart, muscle, bone marrow,
spleen, brain and intestine) offer-
ing a larger systemic view of the
potential toxicity of a molecule.

Data from other microar-
ray experiments involving com-
poundtreatments are also avail-
able in ArrayExpress/GEO, but
a) the lack of common proto-
cols will make combining and in-
terpreting the data challenging,
and b) the chemical indexing of
these resources remains a chal-
lenge (Williams-Devane, Wolf,
and Richard, 2009).

Data Processing and Analysis

One of the challenges in Tox-
icogenomics is to find subsets
of biomolecules within large ge-
nomics data sets that have an
obvious meaning. Widely used
procedures to analyze transcrip-
tomic data are Bioconductor (Gen-
tleman et al., 2004), implemented
in R, and DAVID (Database for An-
notation, Visualization and Inte-
grated Discovery), a web accessi-
ble tool for the interpretation of
genome-scale datasets, including
those derived from microarrays.
DAVID provides exploratory visu-

Figure 7.2: Overlap of compounds
analyzed in the three large toxicoge-
nomics projects.
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alization tools that promote dis-
covery through the functional an-
notation of gene lists (Huang,
Sherman, and Lempicki, 2009).
Since, a lot of computational bi-
ological methods have been de-
veloped and reported for prioritiz-
ing candidate genes (Tranchevent
et al., 2011). Enrichment analyses
to a gene/protein network and in-
tegration of pathway-level analy-
ses have become important tools
for the interpretation of data from
transcriptomics (Kamburov et al.,
2011; Riedel et al., 2008). For ex-
ample, a tool like GenMAPP in-
tegrates several biological path-
ways relevant for rat and human
toxicicty (Dahlquist et al., 2002).
PINTA is another web resource
for the prioritization of candidate
genes based on the differential ex-
pression of their neighborhood
in a genome-wide PPI network
(Nitsch et al., 2011). Finally, a Pre-
dictive Power Estimation Algo-
rithm (PPEA) has been developed
to facilitate genomic biomarker
discovery for predictive toxicity
and drug responses (J. Liu et al.,
2011).

The application of toxicoge-
nomics as a predictive tool for
chemical risk assessment has been
under evaluation by the toxicol-
ogy community for more than a
decade following the MicroArray
Quality Control (MAQC) guid-
ance (Severgnini et al., 2006). Re-
cently, assessment of the level
of inter- and intra- laboratory
reproducibility between three
independent laboratories on
benzo[a]pyrene and the human
hepatoma cell line HepG2 show
that the current generation of
microarray technology with a
standard in vitro experimental

design can produce robust and
reproducible results (Scott et al.,
2011).

eTOX Project

In 2010, a public-private partner-
ship within the framework of the
European Innovative Medicines
Inititative (IMI), called eTOX, has
been launched to gather relevant
toxicity data from public sources
(e.g. scientific literatures and non-
proprietary databases) and to de-
velop innovative strategies for the
in silico prediction of the in vivo
toxicities of drugs.

The final product should be
implemented into a database with
integrated and customizable soft-
ware tools. More information is
available at this link: http://www.
etoxproject.eu/.

An interesting aspect of this
project is the participation of 13
pharmaceutical companies who
agreed to provide high quality in
vivo toxicity data for a pull of
compounds, which can be shared
among the consortium. The pri-
mary focus of their data collec-
tions is the systemic toxicity stud-
ies (1-4 week repeated dose stud-
ies in rats, dogs and other non-
rodents). The data collection is in-
tended to be extended to longer
studies, as well as to pharma-
cokinetic/toxicokinetic studies, in
vivo safety pharmacology or gene
expression data sets, during the
course of the five years project.
Currently, around 2000 reports
are planned to be released to the
consortium and more than 100
reports processed by contract re-
search organizations (CROs) have
been completed.
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In parallel to data collection,
strategies to improve the toxic-
ity prediction are also currently
investigated under eTOX. Devel-
opment and application of large-
scale QSAR models for the pre-
diction of toxicity outcomes and
off-target pharmacology such as
the hERG K+ channel, metabolites
enzymes and drug transporters
and pure chemistry-related toxi-
cology (e.g. cationic amphiphilic
drug and phospholipidosis, muta-
genicity) will be performed and
analyzed. Development of multi-
scales and multi-levels modeling
techniques to outperform the pos-
sible complex relationships ex-
isting between biomolecular pro-
cesses and resulting toxicity out-
comes will be explored.

The last objective is to under-
stand the molecular mechanisms
associated to in vivo toxicicty. To
reach this goal incorporation of
omics data and cross-omics map-
ping is intended. As a start, it
is planned, to integrate the large
toxicogenomics datasets, previ-
ously mentioned, in a curated
database accessible to the public
and then to analyze in-vivo (and
in-vitro) toxicological profiles. To
our knowledge, comparison of the
data studied in TG-GATEs and
DrugMatrix has not been yet per-
formed and an in-depth compari-
son will be one of the aims in the
eTOX project to evaluate the re-
producibility of the outcome. Tak-
ing advantage of the recent ad-
vances in this area, we will as-
sess the transcriptomics data with
the integration of biological path-
ways and gene enrichment and
we will try to address the varia-
tions of the toxicological events
observed in different species and

evaluate the translation of toxic-
ity findings across species. One of
the challenges will be to predict
the potential in vivo toxicological
profile of a drug and to capture the
underlying mechanistic events as-
sociated with toxicity. Within the
eTOX consortium we will explore
the possibility of integrating tox-
icogenomics data analysis with
the more classical QSAR model-
ing. Recently, it was reported
that models from toxicogenomics
data on non-genotoxic hepatocar-
cinogenicity outperformed QSAR
model on the same set of com-
pounds (Z. Liu et al., 2011). In ad-
dition, Low Y. et al. showed that
hybrid models combining both
chemical descriptors and gene ex-
pression profiles could be useful
for the interpretation of drugin-
duced hepatotoxicity (Low et al.,
2011). Therefore, in parallel to the
QSAR models that will be devel-
oped by the eTOX project for sev-
eral toxicity endpoints (phospho-
lipidosis, hepatotoxicity, nephro-
toxicity, carcinogenicity, muta-
genicity), toxicogenomics models
will be investigated with the same
set of available data and combined
when possible into a hybridmodel.
A workflow is depicted in Fig-
ure 7.3. Depending on the biolog-
ical information associated with
a compound, it should be possi-
ble to predict the potential toxi-
city (or non toxicity) in different
ways. For example, if a transcrip-
tomic experiment has been per-
formed on a chemical without tox-
icological information, the poten-
tial toxicity can be suggested on
the basis of similar gene expres-
sion profiles to those of known
toxicants. Additionally, predic-
tion can be made through QSAR
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approaches using molecular de-
scriptors. Using QSAR models in
combinationwith the gene expres-
sion profiles will result in hybrid
models more predictive and with
better interpretation than simple
QSAR models.

Ultimately, based on struc-
tural similarity or structural alerts,
mechanism of action can be pro-
posed, although the accuracy of
such procedure is still not optimal.
It is expected with the integration
of unpublished data from phar-
maceutical companies to move to-
wards a predictive and reliable
modeling of the complex relation-
ships existing between in vivo
observations of the toxicity and
safety of drug candidates.

Perspectives

The combination of tran-
scriptomics, proteomics and
metabolomics with conventional
toxicology approaches has been
shown to be useful for mechanis-
tic investigations and the identi-
fication of putative biomarkers

(Ganter et al., 2005). In addition,
with the advance in Next Gen-
eration Sequencing (NGS) tech-
nologies, it is now possible to
decode an entire human transcrip-
tome, making RNA sequencing a
feasible way of obtaining global
transcriptome information with
reduced time and cost (Garber et
al., 2011). NGS will significantly
accelerate genomic research and
discovery with a potential contri-
bution on personalized medicine
(Ruden, 2011). By providing the
means to sequence up to few hu-
man genomes in a single run with
an high-end sequencer such as
currently an HiSeq for Illumina
or a SOLiD 5500 from Life Tech-
nologies, recent machines have
opened the door to the system-
atic exploration of mutations and
epigenetic patterns. Recently a
comparison of the NGS and mi-
croarray technologies on toxi-
cogenomics data was performed
on aristolochic acid (a nephro-
toxic compound) (Su et al., 2011).
Although RNAseq was more sen-
sitive in detecting genes with low

Figure 7.3: A workflow for the de-
velopment of toxicogenomics mod-
els and their integration with
QSAR models.
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expression levels, similar gene ex-
pression patterns were observed
for both platforms and encourag-
ingly the biological interpretation
was largely consistent between
the RNA-Seq and microarray data.
However, it is too early to esti-
mate if such data will be available
in large enough quantities to be
of value to integrate in the eTOX
project. In the context of person-
alized medicine we are only at the
beginning and the toxicological
component will play an obvious
and important role: as much as
the efficacy of compounds will
vary across individuals according
to specific genetic backgrounds
the toxicity and side effects of
compounds will also vary accord-

ing to genetics. The best treat-
ment for a given individual will
be the drug that offers the best
efficacy for the lowest amount of
side effects.

Overall, integrating toxicoge-
nomics in combination with other
“omics” and other sequencing
of mammalian genomes should
open the development of new ap-
proaches for the understanding of
toxicity as it might be affected by
genetic variability.
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Load data

Merge probes

Normalize data

Calculate log2 fold changes

Calculate 𝑝-values for significance of change in expression

Figure 7.4: Flow diagram for analysing microarray data..

7.1 Toxicogenomics Server

The Toxicogenomics Server combines the topics that will be described
in the upcoming article, based on micro array technology. The user
selects a drug, and later options will also be added for other options
like 𝑝-value cut off for significance of up or down regulation of gene
expression.

The server shows a table with animals or tissues treated with drugs
under different doses and exposure times. A colour range is used to
make the overview of the table more intuitive.

7.1.1 Materials and Methods

The analysis was carried out using R (R Core Team, 2017). Data came
from two source: TG-GATEs and DrugMatrix, which will be further
mentioned in the upcoming publication. The data was either made from
CodeLink¹ or AffyMetrix technology.1. The Codelink data was rather diffi-

cult to work with, as software and in-
formation regarding these microarray

chips are very sparse.

First, AffyMetrix probe data was merged as described in Gautier
et al., (2004). Codelink data was more troublesome, as mentioned above,
since the Codelink package for R has not been updated since 2007 (Diaz,
Alvarez, and Dopazo, 2007), though automatic merging of probes etc.
was not possible, leading to lots of manual work.

The actual process of dealing with the process of analysing the chips
was as given in the flow diagram in Figure 7.4.

The gene expression values are calculated using the equation

log2expression = log2
given condition
normal condition

, (7.1)

where ‘given condition’ is average expression values for the condition
under which the animal or tissue is treated with and ‘normal condition’
is the average expression values for the normal condition (no treatment).
Last, calculations of 𝑝-values has been done to check for significance of
difference in expression, using an altered Bayesian version of statistical
testing of statistical difference using the limma package.
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Figure 7.5: The Toxicogenomics
server, for the eTOX project, here
shown for the drug amiodarone.

The table show the log2 fold
changes for the genes under var-
ious conditions.

Unfortunately, the Toxicogenomics server is currently not available
to the public but only to the eTOX consortium, and is still under heavy
development.

7.2 Tox-PPI

A PPI network was developed, based on 226 proteins predicted to be
associated to some kind of toxicity. The PPI was developed using the
in-house tool at CBS, InWeb (Lage et al., 2007).

Protein nodes are linked, if they are expressed in the same tissues.
The edges between two protein nodes are coloured according to the
tissue of expression of the protein.

Clicking on the protein nodes will highlight them and show protein
annotation similarly to the PPIs tool shown in Figure 4.3 in chapter 4
and as the tools described in chapter 5. The proteins are linked through
edges, which are coloured according to whether the proteins are both
expressed in the same tissue (is given in the coloured legend for the
edges). See section 7.2.

Unfortunately, the Tox-PPI is currently not available to the public,
but is only available to the eTOX consortium.
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Figure 7.6: Tox-PPI, for the eTOX
project, here shown searching for
ACE (Angiotensin I converting en-
zyme (peptidyl-dipeptidase A) 1.

Clicking on one or more protein
nodes will shown annotations of
the proteins. The coloured links
between the protein nodes are
coloured according to organ sys-
tems the two proteins have in com-
mon (see the legend).
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Facial Features 8
Facial expressions and the facial look of people, the so-called facial
features, were analysed as will be described in the following publication.
Facial features means a lot about, how people perceive people.

Having the right facial feature could change a lot about how people
are exposed to the environment. This means a lot when looking into
subjects such as job interviews, social contexts, such as talking to new
people, going out dating etc.

The publication describes an experiment, based on 244 test sub-
jects¹. Pictures were taken of each test subject, and then analysed using 1. Mainly consisting of students from

DTU.computational methods, which annotated images and ended predicted
several facial features, such as dominance, trustworthiness etc.

8.1 The Face It! Web Service

My major contribution to this project was to make a web service, ‘Face
It! ’, where users could upload a portrait picture. The portrait picture
was then scored on a scale from zero to ten, based on 12 different facial
traits.

This chapter focuses on the publication, that served as the founda-
tion of the The Face It! web service, which is further described in the
following chapter. Unfortunately, the web service is no longer available.
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Abstract

Appearance is known to influence social interactions,
which in turn could potentially influence personality development.
In this study we focus on discovering the relationship between self-
reported personality traits, first impressions and facial characteristics.
The results reveal that several personality traits can be read above
chance from a face, and that facial features influence first impressions.
Despite the former, our prediction model fails to reliably infer personal-
ity traits from either facial features or first impressions. First impres-
sions, however, could be inferred more reliably from facial features. We
have generated artificial, extreme faces visualising the characteristics
having an effect on first impressions for several traits. Conclusively, we
find a relationship between first impressions, some personality traits
and facial features and consolidate that people on average assess a given
face in a highly similar manner.

Introduction

We tend to evaluate others on
their appearance and then move
on to treat and interact with them
based on these first impressions.
Such an opinion can be formed af-
ter a tenth of a second from faces
with neutral expressions and ad-
ditionally people assess faces sim-

ilarly for multiple traits, e.g. dom-
inant and extraverted (Bar, Neta,
and Linz, 2006; Todorov andNiko-
laas N. Oosterhof, 2011; Willis and
Todorov, 2006). Specific facial fea-
tures important for generating a
first impression have been iden-
tified, for example is a large fa-
cial width-to-height ratio used as
an indicator for a less trustwor-
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thy and more dominant personal-
ity type (Carré, McCormick, and
Mondloch, 2009; Haselhuhn and
Wong, 2012; Haselhuhn, Wong,
and Ormiston, 2013) — perhaps
due to higher levels of testos-
terone in the blood resulting in
a wider face (Lefevre et al., 2013).
Another important feature are the
eyes; eye contact evokes trustwor-
thiness (Bayliss and Tipper, 2006);
and large eyes make a person ap-
pear more empathetic, agreeable,
extraverted, conscientious and in-
telligent (Paunonen et al., 1999).
On one hand, there is some truth
behind first impressions — it has
been shown that valid inferences
are made for at least four person-
ality traits (Agreeableness, Con-
scientiousness, Extraversion, and
Dominance) from facial features
(Beer and Watson, 2008; Carney,
Colvin, and Hall, 2007; Kramer,
J. E. King, and Ward, 2011; Lit-
tle and Perrett, 2007) — on the
other hand, first impressions are
not always accurate, e.g. people
with infant-like facial traits (small
chin, high eyebrows, and large
eyes) are perceived as more emo-
tionally warm, submissive, and
naive (Pivonkova et al., 2011), but
often the direct opposite is true,
as seen in many adolescent boys
(Zebrowitz and Montepare, 2008).
One cause of these inaccuracies is
that people generate trait evalu-
ations based on neutral facial ex-
pressions resembling actual emo-
tional expressions — an effect
named the overgener-alisation hy-
pothesis (Zebrowitz, Kikuchi, and
Fellous, 2010).

To further delve into the gen-
eration and validity of first im-
pressions, the differences and
commonalities between faces

have been studied extensively. An
often-used approach is to go from
a high-dimensional representa-
tion of a face, e.g. pixel values,
3-dimensional scans of faces or an-
notations of facial landmarks, to a
lower-dimensional face-space by
a Principal Component Analysis
(e.g. (Brahnam et al., 2006)). Each
dimension of the new face-space
defines global properties of a face,
which cannot be reduced to single
features (Todorov and Nikolaas N.
Oosterhof, 2011). The implemen-
tation of such a face-space has
made it possible to generate arti-
ficial faces supposedly expressing
traits to a low or to a high de-
gree (Kleisner, Chvátalová, and
Flegr, 2014; Nikolaas N Oosterhof
and Todorov, 2008). Walker and
Vetter (Walker and Vetter, 2009)
used this technique to manipulate
photographs of real faces making
them appear more extreme for a
given trait. Validation of these
changed faces showed them to be
chosen slightly more often than
their non-extreme counterparts.
In 2011 Rojas et al. showed facial
trait evaluations as predicted au-
tomatically from facial features
with high accuracy, revealing the
consensus between participants
when rating a face (Rojas et al.,
2011).

Since trait evaluations are
connected to a person’s facial
structure it was our focus to gen-
erate a more complete picture of
the relationship between facial
features, trait evaluations made
by others and measured personal-
ity traits. Our results confirmed
the importance of facial features
for trait evaluations and addition-
ally some interesting connections
between self-measured personal-
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ity traits and first impressions sur-
faced. The artificial faces visualis-
ing the extremes of all traits were
generated for men and women
separately.

Materials and Methods

Ethics Statement

Data collection and analysis was
performed in accordance with the
Act of Processing of Personal Data
and approved by the Danish Data
Protection Agency before the be-
ginning of the project. The par-
ticipants were asked to give ver-
bal informed consent to partici-
pate in this study and no data was
collected until this consent was
given. The consent is thereby doc-
umented by the recording of the
data. This was in accordance to
the guidelines of the Danish Na-
tional Ethics Committee which
state that written consent is only
required if biological samples are
collected, which was not the case
in this study.

Participants

Participants (𝑁 = 244, 128 women,
116 men) were recruited on cam-
pus at the Technical University
of Denmark. All were either em-
ployed or studying at the univer-
sity and between 18 years and 37
years old (𝜇 = 24.56, 𝜎 = 3.24).

Photographs

Facial photographs of all partici-
pants were taken with a Canon
PowerShot XC200 camera un-
der standardised conditions; con-
trolled lighting, a white back-
ground and the same distance to
the camera.

Questionnaire

Each participant was instructed to
fill out an online, Danish question-
naire composed of twelve ques-
tions regarding specific traits for
twenty other randomly chosen,
unacquainted participants from
the cohort. Nine of the twelve
traits were chosen to cover the
personality traits measured with
a self-report questionnaire and
additionally we added the traits
attractiveness, masculinity and
physical health due to their possi-
ble effect on the other trait eval-
uations. The questionnaire was
set up as a 9-range Likert scale
with a neutral answer correspond-
ing to five. The participants were
instructed to evaluate each face
for the traits friendly, adventur-
ous, temperamental, physically
healthy, extravert, dominant, at-
tractive, masculine, emotionally
stable, responsible and intelligent.
The questions were phrased as
“How [trait] does this person look”
with the response scale ranging
from 1, “Not [trait] at all”, to 9,
“Very [trait]”. There was no time
constraint for answering the ques-
tions and the faces were presented
in randomised order. Approxi-
mately twenty participants rated
each participant and the mean of
the scores for each question was
used as the actual score for that
participant. Calculation of the
Cronbach’s 𝛼 confirmed the relia-
bility of this approach. The scores
are further on referred to as the
Ratings.

Personality measurements

Cubiks In-depth Personality Ques-
tionnaire, CIPQ 2.0, a normative
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self-report questionnaire scoring
17 personality traits covering the
Big Five (Jr. and McCrae, 1995)
was used to measure the partic-
ipants’ personality traits. The per-
sonality traits were scored in a
range from 1 to 10 and the re-
sults were assessed during a 45-
minute session with a certified
CIPQ test-scorer and the respon-
dent. The test measures Neuroti-
cism as its low pole: Emotional
Stability. The scores are reversed
compared to Neuroticism and ad-
ditionally Emotional Stability fo-
cuses less on a person’s level of
anxiety and stress, but more on
how emotionally perceptive and
sensitive a person is. 226 par-
ticipants completed the question-
naire.

Appearance Model, AM

An Appearance Model, AM,
which models all texture and
shape information inside the
boundaries of a face, was used
to derive the facial components.
Two models were generated, one
for each gender, due to large dif-
ferences in facial composition
between men and women. The
model is built by first annotating
all photographs regarding the po-
sition and size of facial landmarks.
Shape variations of the faces are
extracted by a Principal Com-
ponent Analysis, which in this
case resulted in over 30 principal
components each interpreting cer-
tain holistic facial characteristics
of the participants (32 principal
components for the male faces
and 35 for the female faces). Af-
terwards the texture information
is extracted through removing all
shape information by warping all

the images onto a mean shape. A
Principal Component Analysis is
performed on the pixel intensi-
ties in this set of shape-neutral
images to model the variation in
texture. This resulted in over 60
principal components explaining
the texture of the faces (62 com-
ponents for the male faces and
71 for the female faces). The re-
sulting model contains a number
of facial components describing
a given face (Cootes and Taylor,
2001). An example of two facial
components and their interaction
is shown in Figure 8.1.

Data processing

Calculations were performed in
R (R Core Team, 2014) and fig-
ures generated with the pack-
ages ggplot2 (Wickham, 2009),
pheatmap (Kolde, 2013) and Cy-
toscape version 2.8 (Smoot et al.,
2011). Differences in scores were
tested for statistical significance
with a Welch’s t-test and the cor-
relations between the individual
Ratings and the self-measured per-
sonality traits were evaluated us-
ing the Pearson Correlation Co-
efficient, 𝑟. The significance of
the correlations between the Rat-
ings and the personality traits
were confirmed by a permuta-
tion test, a statistical significance
test, with 10,000 repeats. A per-
mutation test repeatedly calcu-
lates correlations for randomised
data to thereby find a measure
for the significance of the actual
correlation. A number of dif-
ferent models, both non-linear
and linear, with varying subsets
of facial features as predictors,
were built for the prediction of
the Ratings and the personality
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Figure 8.1: Example of two facial features, PC2 and PC13, and their interac-
tion.

The faces visualise how two principal components, PC, extracted by an
Appearance Model, interact with each other. The coordinate system shows
the change in a face when a principal component is moved two standard
deviations in either the positive or the negative direction. The face in the
middle shows the mean for all factors. E.g. the face in the upper right shows
PC2 and PC13 at 2 standard deviations. It is seen that PC13 explains the
shape of the mouth and PC2 the face width.

traits. The training was run as
a 20-fold cross-validation and re-
peated thirty times for reliable
standard deviations. Each model
was trained on the training set us-
ing a growing number of the most
correlated facial features (selected
on the training set) as input. The
Pearson Correlation Coefficient,
𝑟, between the observed and pre-
dicted Rating scores in the test set
was used to evaluate the perfor-
mance of each model. The best
model was subsequently chosen
based on its average performance
on all folds.

Extreme faces

The 𝛽-coefficients for the relevant
predictors from the linear regres-
sion model were used to generate
two extreme faces for each gender
and each Rating. High and low
scoring faces were calculated by
applying four standard deviations
to either the positive or the nega-
tive direction of the facial features.
This was done to simulate faces
evaluated as belonging to the ends
of the Rating scale.

Validation

The artificial, extreme faces were
validated by asking 116 people,

who were not part of the pre-
vious cohort, to choose from a
set of four faces, which face they
found to express a given person-
ality trait the most. One of the
four faces was the extreme face
for the given Rating and the other
three were randomly generated
from the same parameter space.
The validation was done as part
of an open house at the Technical
University of Denmark and there-
fore time constraints required us
to only validate five traits for each
gender. The traits were chosen
to cover various aspects of the
twelve Ratings. See Figure C.2 in
Appendix C for an example of a
set of four images used in the val-
idation.

Results

The Cronbach’s 𝛼 ranged from
0.63 to 0.92 for the Ratings for
each gender, with only Responsi-
ble and Emotionally Stable for the
female faces having values below
0.70. Agreement between partici-
pants was generally larger for the
male faces (0.80 < 𝛼 < 0.92) than
for the female faces (0.63 < 𝛼 <
0.87). We used the average score
for each Rating as a more reliable
measure, based on responses from
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multiple people, for how a face is
assessed by others.

The Ratings were seen to
fall into three clusters (Fig- Figure 8.2: Network graph of all

significant correlations between
Ratings.

The network depicts the rela-
tionship between the individual
Ratings as the correlation coeffi-
cient, 𝑟, between scores. A dashed
line depicts negative and a solid
line positive correlations and the
thickness of the line indicates the
strength of the relationship with
𝑟 as the edge label. Relationships
significant for both genders are
black, for men blue and for women
magenta. Three clusters can be
seen in the network with Trust-
worthy, Responsible, Friendly and
Intelligent in the first, Extraverted,
Adventurous, Emotionally Stable,
Attractive and Physically Healthy
in the second and Temperamental,
Dominating and Masculine in the
third. We named the clusters
trustworthiness–friendliness, at-
tractiveness–health–extraversion
and dominance–masculinity.

Figure 8.3: Correlations between Ratings and self-reported personality traits visualised by heat maps.

Heat map A shows the correlations for women and heat map B the correlations for men. The personality traits are
on the x-axis and the Ratings on the y-axis and a positive correlation is indicated with purple and a negative with
green, where darker colours stand for bigger effect sizes. Only significant correlations with 𝑎𝑏𝑠(𝑟) ≥ .20 and 𝑝 < .01
are shown. Calculating the average of the correlations between personality traits and Ratings given by individual
judges resulted in a drop in effect size; therefore the correlations in these heat maps should not be seen as significant
on the individual level. Abbreviations for the Ratings are: Trustw. = Trustworthy, Adv. = Adventurous, Temp. =
Temperamental, Healthy = Physically Healthy, Ext. = Extraverted, Dom. = Dominating, Att. = Attractive, Masc. =
Masculine, Em. Stab. = Emotionally Stable, Resp. = Responsible and Int. = Intelligent.
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ure 8.2), which we named dom-
inance–masculinity, attractive-
ness–health–extraversion, and
trustworthiness–friendliness.
The attractiveness cluster seem-
ingly represents the halo effect
(the hypothesis stating that at-
tractive people are evaluated
more positively regarding posi-
tively loaded personality traits
(Dion, Berscheid, and Walster,
1972; Little, Burt, and Perrett,
2006)): High scores for Attrac-
tive clustered with high scores for
Extraverted, Emotionally Stable,
Physically Healthy, and Adven-
turous. We further discovered
a clear link between scores for
Dominating and Masculine for
men (𝑟(114) = .73, 𝑝 < .001),
which was in agreement with
previous results (Pivonkova et
al., 2011; Prentice and Carranza,
2002). We compared the Ratings
between genders with a Welsh’s
t-test and found that women gen-
erally are perceived as more trust-
worthy (𝑝 = 3.19 × 10−5), respon-
sible (𝑝 = 4.40 × 10−10) and attrac-
tive (𝑝 = 6.35 × 10−9), whereas
men are seen as more emotionally
stable (𝑝 = 4.04 × 10−6).

Connecting the participants’
personality-trait scores to the Rat-
ings for each gender revealed sub-
tle, but significant correlations
(.20 ≤ 𝑎𝑏𝑠(𝑟) ≥ .32, 𝑝 < .01),
which did not overlap between
genders (see Figure 8.3). For men
the most significant link was be-
tween evaluations for Responsi-
ble and the personality trait Trust-
ing, a sub-trait of Agreeableness
(𝑟(116) = .27). Additionally we
found a tendency that men with
a more calm personality appear
more friendly and extraverted
(𝑟(116) = .20). For women the

strongest link was between the
evaluations for Emotionally Stable
and the personality trait Striving,
a sub-trait of Conscientiousness
(𝑟(128) = .32). Dominance was
also for women linked to higher
scores in the corresponding per-
sonality trait Shaping (𝑟(128) =
.23, 𝑝 < .01). Higher scores for
Openness to Experience followed
higher evaluations for many Rat-
ings including the traits Adven-
turous (𝑟(128) = .28) and Friendly
(𝑟(128) = .27). We found no con-
nection between participants self-
reported personality traits and the
scores they gave others in the Rat-
ings.

Since effect sizes from corre-
lated average scores can be in-
flated (Brand and Bradley, 2012;
Monin and Oppenheimer, 2005),
we also correlated the raw scores
given by each individual judge
with the personality scores and
then calculated averages and stan-
dard deviations for all these corre-
lations based on individual judges.
This resulted in effect sizes drop-
ping below statistical significance
(see Figure C.1 in Appendix Cwith
large standard deviations (.31 <
𝜎 < .39) revealing a substantial in-
dividual factor in trait evaluations.
Since it was our goal to investi-
gate subtle effects of facial fea-
tures on trait evaluations and we
wanted a more complete measure
of the trait evaluations we contin-
ued with the averaged scores, but
the above found group-based ef-
fect sizes should be noted as in-
flated on the individual level.

Next, we explored the pos-
sibility of predicting single per-
sonality traits either from a per-
son’s Ratings or from his or her
facial features. However, diverse
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non-linear approaches and vary-
ing subsets of predictors could
not predict the personality traits,
revealing the correlations as not
strong enough for a stable pre-
diction. The performance, when
comparing the predicted and the
observed personality traits, was
low (𝑟 < .20, 𝑅𝑀𝑆𝐸 > 2.00) and
residual plots showed no satisfy-
ing fit.

The prediction of a person’s
Ratings from his or her facial fea-
tures, however, gave more reli-
able results: it is to a certain ex-
tent possible to predict how a
given person will be perceived
based on his or her facial char-
acteristics. We found a linear re-
gression model to be most accu-
rate, whereas more complex mod-
els (e.g. support vector machines
with linear and radial kernels and
a neural network with varying
numbers of hidden nodes) did
not improve the prediction signifi-
cantly. The scores for Friendly for
men were predicted with the high-
est accuracy (𝑟 = .65, 𝜎 = 0.04).
Figure 8.4 visualises the correla-
tion between observed and pre-
dicted scores for all Ratings for
both genders with the correspond-
ing Cronbach’s 𝛼. We observed
predictions being overall better
for male faces (𝑝 < .001), which
is in agreement with the higher
values of Cronbach’s 𝛼 for these.
The correlation between the Cron-
bach’s 𝛼 and the prediction ac-
curacy was substantial (𝑟 = .51,
𝑝 < .02), again confirming the
importance of the agreement be-
tween raters for the validity of a
given prediction (Walker and Vet-
ter, 2009).

To visualise the models we
generated artificial faces pre-

dicted to express a given trait
either to a high or a low de-
gree. Three pairs of these ex-
treme faces for each gender are
shown in Figure 8.5 and all face
pairs are shown in Figure C.2
and Figure C.3 in Appendix C .
Our model is built from holistic
features and therefore it is diffi-
cult to conclusively state much
about specific parts of a face,
but some differences stand out
in the extreme pairs. For ap-
pearing friendly the mouth seems
to have an impact: a wider
mouth with neutrally or upwards
pointed corners of the lips re-
sulted in higher scores for friend-
liness (Figure 8.5B). The male ex-
treme faces for Dominating (Fig-
ure 8.5C) reveal the effect of
a wider face and a more pro-
nounced eyebrow- ridge. For
women the extreme faces for Ad-
venturous (Figure 8.5D) indicate a
positive impact of fuller lips and
dark lashes (possibly eye make-
up).

We performed a validation of
our extreme faces by asking 116
people outside the original study
to choose between four artificial
faces the one that looked to posses
a certain personality trait to the
highest degree; one of the four
faces was the extreme face for
the given trait. Due to time con-
straints this was done for only five
traits for each gender and we saw
that the extreme face was chosen
above random in all cases except
one, Intelligent for women. This
unsuccessful case could be con-
nected to a lower agreement be-
tween raters when evaluating this
trait (𝛼 = 0.70). In Figure 8.6 we
show the percentage of times each
face was chosen for each question
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Figure 8.4: Prediction of Ratings from facial features.

The plot shows the average correlation coefficient and standard deviation between observed and predicted scores
for each Rating and each gender. A linear regression model was built in a 20-fold cross-validation with a varying
number of the most correlated facial components as predictors, chosen based on the training set. Standard deviations
are gathered by running the calculations thirty times with different folds for each run. The Ratings are in the plot
ordered based on performance for the male faces. The size of the points indicates the Cronbach’s 𝛼 for that trait
and it is seen that larger 𝛼-values correlate positively with prediction performance. Abbreviations for the Ratings
are: Trustw. = Trustworthy, Adv. = Adventurous, Temp. = Temperamental, Healthy = Physically Healthy, Ext. =
Extraverted, Dom. = Dominating, Att. = Attractive, Masc. = Masculine, Em. Stab. = Emotionally Stable, Resp. =
Responsible and Int. = Intelligent.

Figure 8.5: Extreme faces for the Ratings.

For each face pair the left extreme face is predicted
as being judged very low for a given trait and the
right face as very high. Each face is based on the 𝛽-
coefficients from the best linear regression model for
that given Rating and gender. We generated the faces
by multiplying each 𝛽-coefficient to either 4 standard
deviations or −4 standard deviations of the matching
facial component. A: Male extremes for Adventurous.
B: Male extremes for Friendly. C: Male extremes for
Dominating. D: Female extremes for Adventurous. E)
Female extremes for Trustworthy. F: Female extremes
for Dominating.

and how this compares to a ran-
dom selection between the four
faces. Validation of the male ex-
treme faces was successful: partic-
ipants selected the extreme male
face significantly more often than
the random faces for the five traits

(𝑝 < .001), which fits the fact that
the prediction of the Ratings for
the male faces had an overall good
performance and the higher agree-
ment between raters for the male
faces. Validation of the female
extreme faces was significant for
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only two of the five chosen traits,
Friendly and Adventurous (𝑝 <
.03). The other three extremes for
the traits Dominating, Responsi-
ble and Intelligent were not cho-
sen significantly more often than
the random faces, which is in con-
cordance with the lower predic-
tion performance, especially for
Responsible and Intelligent.

Discussion

We found the prediction of per-
sonality traits from facial features
to be unsuccessful, but we discov-
ered that some traits could be in-
ferred from a face to a certain ex-
tent. The identified connections
between individual personality
traits and Ratings were subtle but
significant and mostly in accor-
dance with previous research. For
women we confirmed that infer-
ences could be made about the
level of Openness, Striving and
Dominance from a face. For men
a calmer personality linked with
higher evaluations for friendli-
ness and a more trusting personal-

ity with higher scores for respon-
sibility. The latter could indicate
that a person’s level of trust in oth-
ers can be influenced by his or her
appearance, if appearance makes
others treat him or her as more
responsible. Some of these cor-
relations have been reported pre-
viously (Beer and Watson, 2008;
Carney, Colvin, and Hall, 2007;
Little and Perrett, 2007), but sel-
dom from only facial photographs
as input (Kramer, J. E. King, and
Ward, 2011; Penton-Voak et al.,
2006).

The above results were based
on average Ratings; correlations
for Ratings given by individual
judges were significantly smaller
and in some cases shrunk down
to zero. Thus, when assessing in-
dividual scores for a connection
between trait evaluations and per-
sonality, an effect does not seem
apparent: none of the average cor-
relations on the individual level
were statistically significant. We
have two arguments for why this
happens. Firstly, the individual
correlations are only based on re-

Figure 8.6: Validation of extreme faces.

In the validation we presented four faces to 116 persons and asked them to choose which one they found to represent
a given trait the most. The left plot shows results for the male extremes and the right results for the female extremes.
The length of each section in each bar indicates the percentage of times the given face was chosen. The dotted line
indicates the percentage representing a random selection of the extreme face. In all cases except one the extreme
face was chosen more often than random. For the male faces we found the extremes to be chosen significantly over
random. For the female faces this was only found for the Friendly and Adventurous extremes. The colours are from
(Brewer, n.d.).
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sponses for about ten faces, since
each judge rated approximately
ten people of each gender, which
leads to a much higher uncer-
tainty in the correlation. Sec-
ondly, if there is a real connection
between a trait and facial appear-
ance, then based on classical test
theory the averaging of several
scores can reduce the trait evalua-
tion error. This happens because
each score is composed of a true
component and an error compo-
nent, leading to a decrease in error
when scores from several raters
are combined. Consequently we
still see the average Rating score
as reliable for assessing trait eval-
uations from facial features, al-
though the found correlations be-
tween personality traits and trait
evaluations should be seen as only
valid on a group-based level.

As others, we confirmed that
people evaluate faces similarly
for several traits, which mani-
fested itself in a fairly accurate
prediction of how people perceive
a face based on facial features
(e.g. (Willis and Todorov, 2006)).
This effect was supported by a
validation of our generated ex-
treme faces. The validation suc-
cess was seen to be somewhat de-
pendent on agreement between
raters: traits with higher Cron-
bach’s 𝛼 were generally predicted
with higher accuracy. For some
traits, e.g. Responsible and In-
telligent for women, the reliabil-
ity of judgments was low, which
revealed these traits as subjec-
tively evaluated. In general raters
agreed more on how to evaluate
male faces.

The extreme faces confirmed
the impact of a larger facial
width-to-height ratio for appear-

ing more dominating (Carré, Mc-
Cormick, and Mondloch, 2009).
The shape of the mouth was also
seen to have an impact, with neu-
tral or upwards pointed corners
of the lips resulting in higher
scores for positively loaded traits.
This could specifically be due to
the overgeneralisation hypothe-
sis leading to false trait judg-
ments, since a more smiling ex-
pression connects well with emo-
tional expressions for positive
traits (Walker and Vetter, 2009;
Zebrowitz, Kikuchi, and Fellous,
2010).

The Ratings were seen to fall
into three clusters, dominance-
masculinity, trustworthiness-
friendliness, and attractiveness-
health-extraversion. These three
clusters fit previous findings
showing three factors as suffi-
cient for evaluating a face. Two
of these factors, valence/trust-
worthiness and dominance, were
discovered by Oosterhof and
Todorov (Nikolaas N Oosterhof
and Todorov, 2008) and confirmed
by Sutherland et al. (Sutherland
et al., 2013). Sutherland et al. ad-
ditionally detected a youthful-
attractiveness factor, which con-
nects to our attractiveness-health-
extraversion cluster. These stud-
ies also found emotional expres-
sions like anger and happiness
to correlate strongly with trust
evaluations, an effect also appar-
ent in our extreme faces. Perhaps
the fact that faces are assessed
based on the overgeneralisation
hypothesis led to us not finding
a clear relationship between trait
evaluations and self-measured
personality scores. Studies us-
ing short video sequences of a
person instead of a photograph
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have reported more precise first
impressions (P. Borkenau, 1992),
strengthening the belief of a con-
nection between personality and
appearance. It seems that a single
facial photograph lacks informa-
tion for evaluating diverse traits:
a viewer will miss additional cues
for gathering a more complete
first impression from a face and
will therefore instead focus overly
on facial expressions.

In conclusion our results con-
firm the impact facial features
have on first impressions and that
people generally agree on how to
evaluate some aspects of person-
ality based on a face, even though
these evaluations often are far
from the self-measured personal-
ity traits. We replicated previous
findings about three factors being
sufficient for trait evaluations. We
believe that appearance has an im-
pact on personality development,
since social interactions are such
a monumental part of our lives. A
slight indication of this was also
found in some of the connections
between self-reported personality
traits and trait evaluations and in

studies involving video sequences
of ratees, but more research is at
the moment needed to prove the
directionality and size of this ef-
fect.

Acknowledgments

We would like to thank all partici-
pants for taking part in this study.
We thank Peter Meinicke for help
in setting up the photo studio and
we thank Peter Hartmann for an-
swering questions about the per-
sonality measurements. We thank
Cubiks, in particular Sune Malm-
gren and Anne Broe Andersen for
letting us use the CIPQ 2.0 Per-
sonality Test and for giving advice
about the results.

Author Contributions

Conceived and designed the ex-
periments: KW UPJ WM SKL HJ.
Performed the experiments: KW
JF UPJ WM ASH CLL SKL HJ.
Analyzed the data: KW HJ. Con-
tributed reagents/materials/analy-
sis tools: JF UPJ. Wrote the paper:
KW HJ.

8.1. The Face It! Web Service 73





Table 9.1: The 12 different facial
features that the Face It! web ser-
vice scored by using our prediction
method..
The result was a score from zero to
ten for each of the 12 facial features.

Facial Feature

1 Trustworthiness
2 Friendliness
3 Extrovertness
4 Temperamentalness
5 Attractiveness
6 Physically Healthyness
7 Dominance
8 Adventuress
9 Emotionally Stableness
10 Responsibleness
11 Intelligence
12 Masculinity

Face It! 9
As mentioned in the previous chapter, my main contribution to the
project on facial appearance, was to compile all the tools used in the
project described in the publication given in the previous chapter, and
turn it into a web service, see Figure 9.1.

Figure 9.1: Web form for uploading the user portrait picture..

Here, the user was also able to select the number of annotation points (16 or
43).

Users could upload a portrait picture. The portrait picture was then
annotated and afterwards scored on 12 different traits, see table Table 9.1,
based on the calculations as described in the publication.

The web service was mostly meant for fun, as it was only based
on data from 244 individuals, as mentioned earlier. To make a more
correct prediction web service, we would have to use data from a wider
crowd, in the sense of age, ethnicity etc.

Unfortunately, the web service is no longer available. While it was
online, it gained quite some popularity, though. The web service was
exposed both on online fora, online magazines, in (mainly Danish)
newspapers and was even shown multiple times in Danish television.
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(a) 16 annotation points (b) 43 annotation points

Figure 9.2: Standard examples of annotations the user had to adjust..

Examples are given for both a small number of annotation points, see 9.2(a),
and for a larger number of annotation points, see 9.2(b).

9.1 Process and Output of the Face It! Web Service

Using the web service, the user first had to upload a portrait picture
and chose a number of annotation points¹. When the portrait picture1. We gave the user the opportunity to

chose few annotation points (16) and
many annotation points (43).

had been submitted, the server first detected the location of the eyes,
and the user then had to adjust the annotation points according to a
standard, see Figure 9.2.

After the annotation points had been adjusted, the user once again
submitted the picture with the given annotation points. A score from
zero to ten was then givem for 12 different facial traits, as shown in
Table 9.1.

On errors², the web service of cause returned a proper error message2. Upload errors, computational errors,
calculation errors etc. and terminated the process of scoring the portrait picture.

9.2 Implementation of the Face It! Web Service

The implementation of the Face It! web service was carried out using
Django (Django project, n.d.), similarly to the DIPL web service used
in the eTOX lab, as described in subsection 2.4.1. Besides this, the web
service made great use of jQuery, a JavaScript library, as it contained a
more or less advanced, dynamic web interface.
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9.3 Flow Chart

A flow chart summarizing the process, both user and computer interac-
tions, are summarized in Figure 9.3.

Upload portrait picture

Detect eyes

Annotate image with 16 or 43 annotation points

Let the user adjust the annotation points

Give the user a score from zero to ten for each of the 12 facial traits

Figure 9.3: Flow diagram for the Face It! web service..

Nodes colored slightly grey are user work depending on the user, otherwise
the server will be working on the jobs described.
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Future Perspectives 10
The conducted projects described in this thesis, and described in the
the four publications, are all carried out on data and techniques from
the time the projects were carried out. As everything changes over
time, e.g. more data is generated, more sophisticated techniques and
methods are created, and the ones already existing are being further
improved, we will also be able to improve the results of the projects.

10.1 Systems Chemical Biology and Drug
Development

One important aspect we did not really cover was three-dimensional
structural representations. The world, and therefore also molecules do
not simply consists of planar structures – at least not very often. Still, the
van der waals clouds would make planar molecules three-dimensional.
This is an important feature when one wants to use methods such as
e.g. pharmacophore models.

Also, binding of molecules to proteins of cause happens in three-
dimensional space, and thus, thismakes considering of three-dimensions
even more important. As tools such as NMR crystallography are getting
better and more refined, and also more widespread, this further opens
up for the usage of three-dimensional usage, especially when working
with CP interactions.

10.2 Toxicology in Drug Development

It is not only that a chemical binds to a single protein alone, eg. receptors,
enzymes, that leads to a toxic output. It might also be the binding to
several proteins at the same time, that leads to the toxicity. We have
made some efforts to look into this part, e.g. CC in the HExpoChem
server, but also PPIs can have a role here.

Another important aspect is the three-dimensional aspect of CP
interactions, when considering the binding of chemicals to proteins. It
may not alone be important if the chemical binds to the protein or not,
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but also how the chemical binds to the protein. This problem can be
considered using the methods described in the section above.

Last, it might not even be the chemical itself, that is responsible for
the toxic outcome¹. Many chemicals consumed undergo metabolism,1. This can be considered to be the in

vitro outcome of an experiment. converting the molecule to a higher or lesser degree. Thus development
of ways to predict the outcome of this metabolism is also something
that is being considered and worked on. After using such a tool on a
potential drug, the output metabolites can then be used as input in the
tools predicting toxicology².2. This can partly be considered to be

the in vivo outcome of an experiment,
although there are many other factors

which are important in this case.
10.3 Facial Appearance

The most widespread problem, regarding the facial appearance experi-
ment, was the properties of the composition of the individuals used in
the data analysis. All participants were mainly Danish students from
DTU, mainly Caucasian, all within a small age range. To make a model
that is more general, the experiment would have to be performed on a
much wider audience, with a wider range of age, ethnicity, country of
origin etc.

Another interesting part, would be to expand the data from all flat
photos, to photos from more angles, or even three-dimensional models
of the faces. This could be done using 3D scanners/cameras. A face is
not flat/two-dimensional, and such three-dimensional models, would
allow the people rating the faces, to have a more realistic view on the
test persons.
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Conclusions 11
The four publications, I have (co)authored, have now been presented
along with my reflections on these writings. In this chapter, I will sum
up it all up.

11.1 Systems Chemical Biology and Drug
Development

Here, we have covered the many aspects of chemoinformatics, among
those the many forms of chemical identifiers. Both the more traditional
forms e.g. CAS RNs, INNs, IUPACs identifiers, but also the newer forms,
e.g. InChI keys.

Also, we had a look at the chemical structures, e.g. skeletal formulas,
ball-and-stick models, space-filing models, and the more computational
usable forms, such as SMILESs, InChIs, and last, the evenmore technical
forms such as chemical descriptors, and how they can be used for
similarity measurements etc.

We have also covered how CP data can be stored, handled and used
to investigate the many aspects of how the data can be used. Similarly,
we had a look into the data in the form of PPIs.

11.2 Toxicology in Drug Development

We have looked into the prediction of toxicology in drug development.
Among these are especially the many ways we can use these many
kinds of data to investigate side effects and most importantly the inves-
tigation of toxicology. This is not only the case for drugs, in e.g. drug
development, but also for the every day exposure to the many kinds of
chemicals, xenobiotics etc.

We hope tools like the ones we have developed and described here,
will be able to help in the future. This is both for the development of
more tools, but also for the aiding in avoiding further development of
toxic drugs and other kinds of chemicals, and for helping industries in
avoiding the use of dangerous chemicals in various forms of work.
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11.3 Facial Appearance

Facial appearance will be an interesting field in the future. It will be
interesting to see, if it would be possible to predict people’s personality
solely on their portrait. Not only for subjects, such as job opportuni-
ties, but also more personal topics like dating, or other conditions like
relationships etc.
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SDF for Escitalopram A
SDF for escitalopram show both the structure of the molecule and some
of the extra information as adapted from PubChem database (PubChem,
n.d.[a]).

1 146570
2 -OEChem -06061712183D
3 45 47 0 1 0 0 0 0 0999 V2000
4 -2.0577 5.0074 -0.1681 F 0 0 0

0 0 0 0 0 0 0 0 0
5 -0.1142 -0.6058 1.6317 O 0 0 0

0 0 0 0 0 0 0 0 0
6 -4.5890 -2.2437 -0.2846 N 0 0 0

0 0 0 0 0 0 0 0 0
7 6.6871 -1.0539 -0.4822 N 0 0 0

0 0 0 0 0 0 0 0 0
8 -0.0689 -0.2351 0.2171 C 0 0 2

0 0 0 0 0 0 0 0 0
9 -0.9383 -1.2116 -0.5663 C 0 0 0

0 0 0 0 0 0 0 0 0
10 1.3867 -0.3360 -0.1353 C 0 0 0

0 0 0 0 0 0 0 0 0
11 2.0972 -0.8275 0.9511 C 0 0 0

0 0 0 0 0 0 0 0 0
12 -2.3644 -1.2495 -0.0198 C 0 0 0

0 0 0 0 0 0 0 0 0
13 -0.5970 1.1571 0.1140 C 0 0 0

0 0 0 0 0 0 0 0 0
14 1.1730 -1.0948 2.0764 C 0 0 0

0 0 0 0 0 0 0 0 0
15 -3.2380 -2.2042 -0.8317 C 0 0 0

0 0 0 0 0 0 0 0 0
16 2.0297 -0.0275 -1.3251 C 0 0 0

0 0 0 0 0 0 0 0 0
17 3.4660 -1.0243 0.8882 C 0 0 0

0 0 0 0 0 0 0 0 0
18 -1.1369 1.6103 -1.0887 C 0 0 0

0 0 0 0 0 0 0 0 0
19 -0.5495 2.0023 1.2216 C 0 0 0

0 0 0 0 0 0 0 0 0
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20 3.4109 -0.2165 -1.4028 C 0 0 0
0 0 0 0 0 0 0 0 0

21 4.1253 -0.7115 -0.3017 C 0 0 0
0 0 0 0 0 0 0 0 0

22 -1.6303 2.9115 -1.1841 C 0 0 0
0 0 0 0 0 0 0 0 0

23 -1.0428 3.3036 1.1263 C 0 0 0
0 0 0 0 0 0 0 0 0

24 -1.5830 3.7582 -0.0766 C 0 0 0
0 0 0 0 0 0 0 0 0

25 -4.5657 -2.6709 1.1155 C 0 0 0
0 0 0 0 0 0 0 0 0

26 -5.4389 -3.1371 -1.0738 C 0 0 0
0 0 0 0 0 0 0 0 0

27 5.5385 -0.9005 -0.4012 C 0 0 0
0 0 0 0 0 0 0 0 0

28 -0.9310 -1.0302 -1.6469 H 0 0 0
0 0 0 0 0 0 0 0 0

29 -0.5229 -2.2238 -0.4487 H 0 0 0
0 0 0 0 0 0 0 0 0

30 -2.2995 -1.5746 1.0231 H 0 0 0
0 0 0 0 0 0 0 0 0

31 -2.8321 -0.2594 -0.0236 H 0 0 0
0 0 0 0 0 0 0 0 0

32 1.0832 -2.1650 2.2829 H 0 0 0
0 0 0 0 0 0 0 0 0

33 1.4540 -0.5519 2.9827 H 0 0 0
0 0 0 0 0 0 0 0 0

34 -3.2726 -1.8495 -1.8695 H 0 0 0
0 0 0 0 0 0 0 0 0

35 -2.7858 -3.2048 -0.8452 H 0 0 0
0 0 0 0 0 0 0 0 0

36 1.4821 0.3495 -2.1820 H 0 0 0
0 0 0 0 0 0 0 0 0

37 4.0038 -1.4138 1.7476 H 0 0 0
0 0 0 0 0 0 0 0 0

38 -1.1694 1.0005 -1.9848 H 0 0 0
0 0 0 0 0 0 0 0 0

39 -0.1221 1.6943 2.1713 H 0 0 0
0 0 0 0 0 0 0 0 0

40 3.9237 0.0242 -2.3316 H 0 0 0
0 0 0 0 0 0 0 0 0

41 -2.0457 3.2683 -2.1220 H 0 0 0
0 0 0 0 0 0 0 0 0

42 -1.0034 3.9646 1.9871 H 0 0 0
0 0 0 0 0 0 0 0 0

43 -4.1966 -1.8821 1.7781 H 0 0 0
0 0 0 0 0 0 0 0 0

44 -3.9773 -3.5831 1.2680 H 0 0 0
0 0 0 0 0 0 0 0 0

45 -5.5845 -2.8738 1.4685 H 0 0 0
0 0 0 0 0 0 0 0 0
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46 -5.0812 -4.1730 -1.0533 H 0 0 0
0 0 0 0 0 0 0 0 0

47 -5.4799 -2.8065 -2.1177 H 0 0 0
0 0 0 0 0 0 0 0 0

48 -6.4690 -3.1192 -0.7006 H 0 0 0
0 0 0 0 0 0 0 0 0

49 1 21 1 0 0 0 0
50 2 5 1 0 0 0 0
51 2 11 1 0 0 0 0
52 3 12 1 0 0 0 0
53 3 22 1 0 0 0 0
54 3 23 1 0 0 0 0
55 4 24 3 0 0 0 0
56 5 6 1 0 0 0 0
57 5 7 1 0 0 0 0
58 5 10 1 0 0 0 0
59 6 9 1 0 0 0 0
60 6 25 1 0 0 0 0
61 6 26 1 0 0 0 0
62 7 8 2 0 0 0 0
63 7 13 1 0 0 0 0
64 8 11 1 0 0 0 0
65 8 14 1 0 0 0 0
66 9 12 1 0 0 0 0
67 9 27 1 0 0 0 0
68 9 28 1 0 0 0 0
69 10 15 2 0 0 0 0
70 10 16 1 0 0 0 0
71 11 29 1 0 0 0 0
72 11 30 1 0 0 0 0
73 12 31 1 0 0 0 0
74 12 32 1 0 0 0 0
75 13 17 2 0 0 0 0
76 13 33 1 0 0 0 0
77 14 18 2 0 0 0 0
78 14 34 1 0 0 0 0
79 15 19 1 0 0 0 0
80 15 35 1 0 0 0 0
81 16 20 2 0 0 0 0
82 16 36 1 0 0 0 0
83 17 18 1 0 0 0 0
84 17 37 1 0 0 0 0
85 18 24 1 0 0 0 0
86 19 21 2 0 0 0 0
87 19 38 1 0 0 0 0
88 20 21 1 0 0 0 0
89 20 39 1 0 0 0 0
90 22 40 1 0 0 0 0
91 22 41 1 0 0 0 0
92 22 42 1 0 0 0 0
93 23 43 1 0 0 0 0
94 23 44 1 0 0 0 0
95 23 45 1 0 0 0 0

SDF for Escitalopram 89



96 M END
97 > <PUBCHEM_COMPOUND_CID >
98 146570
99

100 > <PUBCHEM_CONFORMER_RMSD >
101 0.8
102
103 > <PUBCHEM_CONFORMER_DIVERSEORDER >
104 1
105 7
106 6
107 4
108 10
109 2
110 3
111 9
112 5
113 8
114
115 > <PUBCHEM_MMFF94_PARTIAL_CHARGES >
116 29
117 1 -0.19
118 10 -0.14
119 11 0.42
120 12 0.27
121 13 -0.15
122 14 -0.15
123 15 -0.15
124 16 -0.15
125 17 -0.15
126 18 0.07
127 19 -0.15
128 2 -0.56
129 20 -0.15
130 21 0.19
131 22 0.27
132 23 0.27
133 24 0.48
134 3 -0.81
135 33 0.15
136 34 0.15
137 35 0.15
138 36 0.15
139 37 0.15
140 38 0.15
141 39 0.15
142 4 -0.56
143 5 0.57
144 7 -0.14
145 8 -0.14
146
147 > <PUBCHEM_EFFECTIVE_ROTOR_COUNT >
148 5.6
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149
150 > <PUBCHEM_PHARMACOPHORE_FEATURES >
151 6
152 1 2 acceptor
153 1 3 cation
154 1 4 acceptor
155 5 2 5 7 8 11 rings
156 6 10 15 16 19 20 21 rings
157 6 7 8 13 14 17 18 rings
158
159 > <PUBCHEM_HEAVY_ATOM_COUNT >
160 24
161
162 > <PUBCHEM_ATOM_DEF_STEREO_COUNT >
163 1
164
165 > <PUBCHEM_ATOM_UDEF_STEREO_COUNT >
166 0
167
168 > <PUBCHEM_BOND_DEF_STEREO_COUNT >
169 0
170
171 > <PUBCHEM_BOND_UDEF_STEREO_COUNT >
172 0
173
174 > <PUBCHEM_ISOTOPIC_ATOM_COUNT >
175 0
176
177 > <PUBCHEM_COMPONENT_COUNT >
178 1
179
180 > <PUBCHEM_CACTVS_TAUTO_COUNT >
181 1
182
183 > <PUBCHEM_CONFORMER_ID >
184 00023C8A00000001
185
186 > <PUBCHEM_MMFF94_ENERGY >
187 68.2007
188
189 > <PUBCHEM_FEATURE_SELFOVERLAP >
190 30.527
191
192 > <PUBCHEM_SHAPE_FINGERPRINT >
193 10169797 241 16958723001937144667
194 10764073 3 15119898312502959347
195 10940486 97 17628637750017724247
196 11101153 10 18263937682351049420
197 11640471 11 17826233991264653040
198 12553582 1 18337657733063530443
199 12788726 201 18334007281154570858
200 13134695 92 18193843875787345439
201 13540713 5 17824251606381213906
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202 13583140 156 17630582567692689474
203 13590594 115 18337963393528001833
204 14068700 675 18334009532160038870
205 14251757 5 18337101277479832661
206 14347332 77 18411417276912545214
207 14713325 29 18199754648165832838
208 14955137 171 18193566781561907595
209 15219462 58 17836882851705748722
210 15842332 3 17679006107229472330
211 16087824 20 18338235948264300989
212 1813 80 18200883996931661119
213 18222031 100 18270955873049238959
214 200 152 18113338634944791782
215 20600515 1 17844825860642855703
216 20775438 99 17184451665525620327
217 21033648 29 9510912396842429030
218 21120745 212 18409174306992282429
219 21285901 2 17917164848037324487
220 21304303 172 18273219699277086217
221 21426921 1 18339080393755957836
222 22182313 1 17702075076909002744
223 22849341 161 18269008646931153675
224 23402539 116 18334020492589809530
225 23557571 272 18341894078329178358
226 23558518 356 18116441331993444658
227 23598288 3 18194389014063523370
228 266924 1 17968650510989814850
229 283562 15 18334574629302046738
230 4409770 3 18338513020287032117
231 5486654 2 18195237824793711125
232 59755656 520 18048879589408839148
233 6442390 28 17624998040333777977
234 70251023 43 18410859897288652578
235 7164475 11 18335985285651149990
236 77188 2 18268147737552692013
237
238 > <PUBCHEM_SHAPE_MULTIPOLES >
239 470.8
240 9.84
241 4.61
242 1.52
243 6.51
244 6.68
245 0.37
246 -12.23
247 -2.7
248 -7.72
249 -0.15
250 0.07
251 -0.15
252 -0.34
253
254 > <PUBCHEM_SHAPE_SELFOVERLAP >
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255 1015.561
256
257 > <PUBCHEM_SHAPE_VOLUME >
258 263.3
259
260 > <PUBCHEM_COORDINATE_TYPE >
261 2
262 5
263 10
264
265 $$$$
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Supplementary Material:
HExpoChem: a Systems
Biology Resource to
Explore Human Exposure to
Chemicals B

Datasets

Five different human environmen-
tal exposures were considered in
HExpoChem, four of them cate-
gorized as exogenous chemicals:
medicinal drugs, cosmetics, foods
and Industrial Chemicals (Inds),
and one category of endogenous
chemicals: human metabolites
(Metabo). The total number of
compounds, the number of hu-
man proteins with which they in-
teract and the number of CP in-
teractions are represented in Ta-
ble B.1.

The chemicals present in the
category of medicinal drugs were
extracted from DrugBank (Knox
et al., 2011). The cosmetic com-
pounds were extracted from Cos-
Ing, the European commission
database with information on
cosmetic substances and ingre-
dients (http://ec.europa.eu/consu
mers/cosmetics/cosing/). The
food chemicals represent a com-
pilation of compounds indirectly
and directly added to food, in-
cluding chemicals regulated by
the U.S. FDA, color additives and
Generally Recognized As Safe
(GRAS) substances (http://www.
fda.gov/), as well as volatile com-
pounds such as flavor and odor-

ant molecules (Arn and Acree,
1998) and phenolic compounds
(Neveu et al., 2010). The in-
dustrial compounds were com-
piled from the ACToR database
(Judson et al., 2012), the CTD
database (Davis, B. L. King, et
al., 2011) and the household prod-
ucts database from the National
Library of Medicine (http://ww
w.nlm.nih.gov/). Finally, human
metabolites (defined as endoge-
nous chemicals) were retrieved
from the BiGG database (Schellen-
berger et al., 2010). Only human
endogenous metabolites from the
BiGG database are considered
in HExpoChem under ´metabo-
lite´. The different products from
the metabolization process of ex-
ogenous ligands are integrated
within the others types of expo-
sure, when available in STITCH
3.1 and CTD.

We noticed that compounds
could be represented by different
synonyms in different databases.
Therefore, to verify the unique-
ness in the integrated set of chem-
icals and to avoid data duplica-
tion, the chemical names were
checked against the PubChem
synonym list (http://pubchem.nc
bi.nlm.nih.gov/) and then Pub-
Chem identifiers (CID) were re-
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tained. The chemical structures
were retrieved in the form of
SMILES codes from the PubChem
database, and depicted as 2D
structures using the ChemAxon
software (http://www.chemaxon
.com/).

In STITCH, a score between
0 and 1, representing a combina-
tion of several association types
(e.g., text-mining, co-expression,
etc), is implemented to evaluate
the confidence of a CP interaction.
We decided to not include all CP
interactions provided by STITCH,
but instead only consider interac-
tions that reached a certain confi-
dence. STITCH considers interac-
tions with a score of over 0.8 as be-
ing high confidence interactions,
0.4-0.8 as medium, and 0.2-0.4 as
low confidence. We included in-
teractions with a score over 0.5,
reasoning that we would thereby
not only include known CP inter-
actions reported in databases, but
also interactions that are less well
described.

Description of the four
biological outcomes

Protein-Protein Associtation
Network

The PPAN was created based on
the assumption that if two pro-
teins are biologically affected by
the same chemical, defined as
shared chemicals, they are likely
to be involved in a common mech-
anism of action of the chemi-
cals. Thus, two proteins were con-
nected if they were affected by the
same chemical (Audouze, Juncker,
et al., 2010). In this study, five
different PPANs were generated
corresponding to the five differ-

ent types of exposure. Statistics
on the resulting PPANs are shown
in Table B.2. To select the most
significant associations, a proba-
bility score was assigned to each
PPI association (as described be-
low), resulting in over 2.5 million
associations.

The probability score (𝑝𝑆) is a
measure of association between
two proteins relative to the num-
ber of chemicals that interact to
each protein. So, for each protein
𝑃1, 𝑃2, ..., 𝑃𝑛, a set of chemicals is
associated to it such as:

Chem𝑥 ∶= { 𝑐 ∈ Chemicals | 𝑐
is associated with 𝑃𝑥 }

(B.1)

We can then calculate the pS
of two proteins (𝑃𝑎, 𝑃𝑏 ) according
to the equation below:

𝑝𝑆(𝑃𝑎, 𝑃𝑏) =
| Chem𝑎 ∩ Chem𝑏 |
| Chem𝑎 ∪ Chem𝑏 |

(B.2)
Thus, 𝑝𝑆 is a measurement of

the probability that a pair of pro-
teins are affected by the same set
of chemicals. The higher the 𝑝𝑆,
the stronger the association be-
tween the two proteins.

Previous internal tests
showed that PPAN is dependent
on the chemical protein interac-
tions information we included,
and the outcome network from
PPAN showed a bias of associ-
ation essentially influenced by
drug-target interactions, without
taking into account the remaining
information from the other types
of exposures. Therefore, in order
to limit this bias. we generated a
separate PPAN for each different
type of exposure.
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The PPAN network view,
which is part of the web service
presented in this paper, is limited
to 50 proteins for a clearer visual-
ization of the network, as in some
cases the PPAN can reach more
than a thousand of proteins. How-
ever, the user can download the
full PPAN for a protein as well as
the set of proteins associated to a
biological outcome.

Topological Protein Clustering

Since proteins tend to function
in groups or complexes, we ap-
plied a graph clustering method
called mcl! (mcl!) (S. von Don-
gen, 2000), to each of the five
PPANs with the aim of detecting
densely connected regions within
the interaction graph. This proce-
dure we termed TPC. Biological
information was then integrated
to each cluster as described in Au-
douze, Juncker, et al., (2010) paper
(ibid.).

Protein-Protein Interaction

The PPIs were explored through
an in-house human interactome
network based on experimental
data from human and model or-
ganisms (Lage et al., 2007). Using
an elaborate scoring scheme, all
interactions have been validated
against a gold standard (Rual et al.,
2005). We used an updated ver-
sion of the PPI network consist-
ing of refined experimental pro-
teomics data. The current inter-
actome database contains 428,429
unique PPIs derived from vari-
ous sources. However, for clarity,
only direct protein neighbors are
shown in HExpoChem.

When a user chooses the PPIs
output for a compound of inter-
est, a PPI network will be com-
puted for each protein interact-
ing with the compound. Per de-
fault, the protein complexes are
depicted in alphabetic order of
the gene names. The user can
choose the protein of interest un-
der the “Please select the desired
protein from the list”. All the bio-
logical annotations have been con-
ducted and normalized on the full
PPI output and the user is able to
download the full output network
and the proteins associated to a
biological term.

Chemical-Chemical

As a final option, HExpoChem re-
ports CCs based on the assump-
tion that two chemicals bioactive
for the same Ensembl of proteins
can have a cumulative effect on
these proteins and increase the bi-
ological effects. The CC approach
was implemented in three condi-
tions, agonist-agonist; antagonist-
antagonist; agonist-antagonist (or
vice-versa). So, if two chemicals
are both agonists or both antag-
onists to a set of proteins, it can
render a cumulative effect. If CC
is a combination of agonist/antag-
onist, it can be of interest for users
that are looking for an antago-
nism effect on endogenous chem-
icals (human metabolites).

Enrichment Analysis

Diseases, pathways and GO terms
were independently integrated
into each result (PPAN, TPC, PPI
and CC) in order to identify sig-
nificant enrichment of proteins
with a certain annotation. This in-
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tegrative step allows linking the
chemical query to potential hu-
man diseases and pathways. P-
values were calculated using hy-
pergeometric testing, and Bon-
ferroni multiple testing corrected
(Bonferroni, 1935). We considered
p-values exceeding 1 after correc-
tion for multiple testing irrelevant
and defined as n.s. (non signifi-
cant).

The enrichment analysis does
not take into consideration the di-
rection of the effect that the chem-
icals have on a particular set of
proteins (for example beneficial or
adverse effect to a disease). How-
ever, pointing the cursor to one of
the enriched annotations, such as
a disease, the user can see the sub-
set of associated proteins to this
disease on the larger network (red
nodes, with the limitation of 50
represented proteins) and make
a mechanistic interpretation ac-
cording to the users own exper-
tise. The complete list of proteins
associated to the disease of in-
terest can be see by clicking on
‘download’ in the field ‘ ‘Genes’
in the table.

Examples

To demonstrate practical applica-
tions of HExpoChem, we tested
the perfluorooctanesulfonic acid
(PFOS), a fluorosurfactant heav-
ily used in protective treatment
of textiles, papers, and carpets,
which recently became controlled
under the persistent organic pol-
lutant regulation. Recent epidemi-
ological studies have positively
associated PFOS with breast can-
cer and chronic kidney disease
(Bonefeld-Jorgensen et al., 2011;

Shankar, Xiao, and Ducatman,
2011), but the mechanism of ac-
tion is still unknown. Look-
ing at existing databases, e.g.
the CTD (http://ctdbase.org/) and
the CHE toxicant and disease
database (http://www.healthande
nvironment.org/tddb), PFOS is
not associated with these dis-
eases, due to that clear evidence
is missing. Using HExpoChem,
we found that PFOS interacts with
41 proteins. Looking at PPI, pro-
tein complex networks could be
depicted for 30 of the 41 proteins.
One of them is the esr1! (esr1!),
which shows a large protein inter-
action network of 122 human pro-
teins. Disease enrichment shows
‘breast cancer’ as a possible out-
come. Pointing the cursor on
breast cancer, 44 (in red) out of
the 122 proteins showed a strong
association with breast cancer
(corrected p-value of 7.31 × 10−7).
Other diseases that may be associ-
ated to this chemical exposure via
perturbation of protein networks
of importance to the disease are
cholestasis (ABCB11) prostate can-
cer and CASP9, and impaired
ppara! (ppara!). ABCB11 is also
found on PPAN with a strong
association to lung cancer and
liver diseases. Looking at CC, un-
der ‘mixed action (agonist/antag-
onist/unknown)’, PFOS targets a
similar set of proteins as fenofi-
brate (14 proteins), clofibrate (11
proteins) and gemfibrozil (10 pro-
teins). These three compounds
are drugs commonly used to
lower lipid levels. Interestingly, a
recent publication reported a pos-
itive association between PFOS
and cholesterol (Nelson et al.
2010). PFOS might have a role on
lipid disorders through the com-
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mon set of proteins perturbed by
these drugs.

As a second example, we in-
vestigated palmitic acid, a fatty
acid found in many dairy prod-
ucts, cosmetics and release agents.
According to the WHO, the con-
sumption of palmitic acid increase
the risk of cardiovascular diseases,
but no strong evidence has been
reported (WHO 2003). In HEx-
poChem, palmitic acid is found
to be associated to 294 proteins
and PPI networks are recovered
for 163 of them. A subset of
these protein networks, such as
those derived from AGTR1, BD-
KRB2, EDN1, EDNRB, P2RY1 and
TGS1, were associated to vascu-
lar diseases (ventricular hypertro-
phy, heart failure and hyperten-
sion arterial). Using the PPAN
approach on the food exposure
type, vascular diseases were also
strongly associated with ABCG1,
ACADL, ACLY, AGPS, AGTR1,
CRAT, F2RL1, F2RL3, FABP3,
MT1H, MT2A, PROK2, SLC27A2,
SLC2A2, TLR2 and TRAPPC6B.
Therefore, HExpoChem provides
a list of proteins known to be per-
turbed by the fatty acid palmitic
acid, and through the PPI and
PPAN networks it suggests poten-
tial protein complexes associated
to vascular diseases.

To illustrate how HEx-
poChem can help investigations
of chemical risk through differ-
ent exposure sources, we input
phthalic acid (phthalate), a chem-
ical used in various source cate-
gories, such as in industry, food
and cosmetics. Using the option
PPAN in HExpoChem, the out-
come with respect to cosmetic
exposure predicted a high sig-
nificance between this chemical

and diabetes mellitus (corrected p-
value of 6.15 × 10−7) via the ART4
protein complex network. The
PPAN outcome with respect to
industry-based exposure identi-
fied a significant association be-
tween the phthalate and niddm
(non-insulin dependent diabetes
mellitus) (corrected p-value of
3.91 × 10−7) via the CYP3A4 pro-
tein complex network. These two
predictions show that phthalate
may be connected to diabetes
via different exposure sources
and through diverse modes of
action. Furthermore, these find-
ings are supported by a recent
study, which shows a correla-
tion between phthalate and its
metabolites with a precursor to
Type II diabetes (Stahlhut et al.,
2007). Another study identified
that people with a high level of
phthalate esters (metabolites) are
more exposed to develop diabetes
compared to people with less ph-
thalate (P. M. Lind, Zethelius, and
L. Lind, 2012). Looking at exist-
ing databases i.e. the Che and
the CTD, no connection between
phthalate and diabetes are men-
tioned as of February 2nd, 2013.
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Supplementary Tables

Table B.1: Input data statistics.

Number of chemicals, number of human proteins associated to them and number of unique CPP for each source of
exposure used in HExpoChem. Ind: Industrial. Metabo: Metabolic.

Food Cosmetics Ind. Drugs Metabo. Total (unique)

Chemical 5797 2617 4817 2128 998 10,183
Protein 14,033 13,702 16,892 14,788 12,133 19,483
CPP 83,554 66,201 122,103 113,980 63,052 284,533

Table B.2: Statistics of the generated PPANs.

Number of chemicals and human proteins used to create the PPANs for each respective category. Association is the
total number of PP pairs generated for each network. Ind: Industrial. Metabo: Metabolic.

Food Cosmetics Ind. Drugs Metabo.

Chemical 2724 1548 1317 1871 643
Protein 7276 7068 6473 7219 7016
Association 4,040,826 3,977,668 3,566,812 2,697,311 4,744,347
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Supplementary Material:
Interpretation of
Appearance: The Effect
of Facial Features on First
Impressions and Personality C

Supplementary Figure S1

Figure C.1: Heat map A shows
the correlations for women and
heat map B the correlations for
men as a 95 % confidence interval.
The personality traits are on the x-
axis and the Ratings on the y-axis
and a positive correlation is indi-
cated with purple and a negative
with green, where darker colours
stand for bigger effect sizes. Only
the correlations significant in the
correlated averages in Figure 8.3
are shown and a large drop in
effect size is seen compared to
these. Abbreviations for the Rat-
ings are: Trustw.  =  Trustworthy,
Adv.  =  Adventurous, Temp.  = 
Temperamental, Healthy  =  Physi-
cally Healthy, Ext.  =  Extraverted,
Dom.  =  Dominating, Att.  =  At-
tractive, Masc.  =  Masculine, Em.
Stab.  =  Emotionally Stable, Resp.
 =  Responsible and Int.  =  Intelli-
gent.

Supplementary Figure S2

Figure C.2: The extreme face scor-
ing low for a given trait is de-
picted on the left and the extreme
face scoring high on the right for
each Rating. The traits are ordered
based on prediction performance.

Supplementary Figure S3

Figure C.3: The extreme face scor-
ing low for a given trait is de-
picted on the left and the extreme
face scoring high on the right for
each Rating. The traits are ordered
based on the prediction perfor-
mance for the male faces.

Supplementary Figure S4

Figure C.4: The upper left face
is the generated extreme for the
trait Intelligent. The other three
are randomly generated from the
same parameter space as the ex-
treme face. The extreme face
for Intelligent was the only one
that was not chosen over random
in the validation, which matched
the fact that Intelligent also was
predicted with the lowest perfor-
mance.

Supplementary File S1:
Supporting Information

Table S1, questions used for the
Ratings. Table S2, participant in-
formation. Table S3, scores given
in the Ratings. Table S4, PCA
scores for women with partici-
pants in columns. Table S5, PCA
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Figure C.1: Heat maps for the averaged correlations between Ratings given by individual judges and the self-reported
personality traits.
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Figure C.2: Male extremes for the Ratings.
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Figure C.3: Female extremes for the Ratings.
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Figure C.4: Example of a validation question, Intelligent .

scores for men with participants
in columns. Table S6, validation
questions. Table S7, validation
participant information. Table S8,

scores given in the validation.
ZIP file downloadable at:

https://doi.org/10.1371/journal.po
ne.0107721.s005.
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