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Abstract

Polychlorinated dibenzo-p-dioxins/dibenzofurans (PCDD/Fs) and polychlorinated
biphenyls (PCBs) are omnipresent and persistent environmental pollutants. In
particular, 29 congeners are of special concern, and these are usually referred to as
dioxin-like compounds (DLCs). In the European Union, the risks associated with
DLCs in food products are estimated by aweighted sumof theDLCs’ concentrations.
These weights, also called toxic equivalency factors (TEFs), compare the DLCs’
potencies to the most toxic congener, 2,3,7,8-tetrachloro-dibenzo-p-dioxin (2378-
TCDD). The toxicological effects of PCDD/Fs and PCBs are diverse, ranging from
chloracne and immunological effects in humans to severe weight loss, thymic
atrophy, hepatotoxicity, immunotoxicity, endocrine disruption, and carcinogenesis
in rodents.

Here, the molecular structures of DLCs were used as the basis to study the con-
generic differences in in vitro data from both human and rodent cell responses
related to the aryl hydrocarbon receptor (AhR). Based on molecular orbital densi-
ties and partial charges, we developed new ways to describe DLCs, which proved to
be useful in quantitative structure-activity relationship modeling. This thesis also
provides a new approach, the calculation of the consensus toxicity factor (CTF), to
condense information from a battery of screening tests. The current TEFs used to
estimate the risk of DLCs in food are primarily based on in vivo information from
rat and mouse experiments. Our CTFs, based on human cell responses, show clear
differences compared to the current TEFs. For instance, the CTF of 23478-PeCDF
is as high as the CTF for 2378-TCDD, and the CTF of PCB 126 is 30 times lower
than the corresponding TEF. Both of these DLCs are common congeners in fish in
the Baltic Sea. Due to the severe effects of DLCs and their impact on environmental
and human health, it is crucial to determine if other compounds have similar effects.
To find such compounds, we developed a virtual screening protocol and applied
it to a set of 6,445 industrial chemicals. This protocol included a presumed 3D
representation of AhR and the structural and chemical properties of known AhR
ligands. This screening resulted in a priority list of 28 chemicals that we identified
as potential AhR ligands.

v



vi



List of Papers

This thesis is based on the following papers:

I M. Larsson, B. Kumar Mishra, M. Tysklind, A. Linusson, and P.L.
Andersson. On the use of electronic descriptors forQSARmodelling of PCDDs,
PCDFs and dioxin-like PCBs. SAR and QSAR in Environmental Research,
24(6): 461–479, 2013.

II M. Ghorbanzadeh, K.I. van Ede, M. Larsson, M.B.M. van Duursen,
L. Poellinger, S. Lucke-Johansson, M. Machala, K. Pencikova, J.
Vondracek, M. van den Berg, M.S. Denison, T. Ringsted, and P.L.
Andersson. In Vitro and in Silico Derived Relative Effect Potencies of Ah-
Receptor-Mediated Effects by PCDD/Fs and PCBs in Rat, Mouse, and Guinea
Pig CALUX Cell Lines. Chemical Research in Toxicology 27(7): 1120–1132,
2014.

III M. Larsson, M. van den Berg, M.B. van Duursen, K.I. van Ede, C.
Lohr, S. Luecke-Johansson, M. Machala, S. Neser, K. Pěnčíková,
L. Poellinger, D. Schrenk, S. Strapáčová, J. Vondráček, and P.L.
Andersson. Consensus Toxicity Factors for PolychlorinatedDibenzo-p-dioxins,
Dibenzofurans, and Biphenyls Combining in Silico Models and Extensive
in Vitro Screening of AhR-Mediated Effects in Human and Rodent Cells. Chem-
ical Research in Toxicology 28(4): 641–650, 2015.

IV M. Larsson, D. Fraccalvieri, C.D. Andersson, L. Bonati, A. Linusson,
and P.L. Andersson. Identification of potential aryl hydrocarbon receptor
ligands by virtual screening of industrial chemicals. Manuscript.

vii



Author contributions:

I The author contributed extensively to the planning of the paper and the
development of the electronic descriptors for DLCs. Moreover, the author
performed the laboratory experiments, the calculations of 2D and semi-
empirical 3D descriptors, the descriptor analyses, and the development of
the quantitative structure-activity relationships (QSARs). The author had
the main responsibility for writing the paper.

II The author was heavily involved in the planning of the project, did the initial
QSAR modeling, and had the main responsibility for the descriptors and the
interpretation of the QSAR models. The data evaluation was a joint effort
among the authors.

III The author contributed extensively to the planning and execution of the
paper, and the author performed the in vitro data evaluation and analyses
(univariate analysis and principal component analysis), obtained the solution
for the consensus scores development, and developed theQSARs. The author
had the main responsibility for writing the paper.

IV The author contributed extensively to the planning of the paper, including
the virtual screening procedure and its execution. The author performed all
steps of the procedure, created the cut-offs for the initial filtration step and
the ligand-based methods, made the structural comparisons to known AhR
ligands for the outcome of all steps, and did the underlying literature searches
and analysis of the in vitro data. The author had the main responsibility for
writing the paper.

viii



List of Abbreviations

AhR Aryl hydrocarbon receptor
AM1 Austin Model 1
B3LYP Becke–3–Lee–Yang–Parr
CAS Chemical Abstracts Service
CB Chlorinated biphenyl
CTF Consensus toxicity factor
CYP1A1 Cytochrome P450, family 1, subfamily A, polypeptide 1
CYP1B1 Cytochrome P450, family 1, subfamily B, polypeptide 1
DD Dibenzo-p-dioxin
DF Dibenzofuran
DFT Density function theory
DLC Dioxin-like compound
ESP Electrostatic potential
HF Hartree–Fock
HOMO Highest occupied molecular orbital
LUMO Lowest unoccupied molecular orbital
MLR Multiple linear regression
MO Molecular orbital
mRNA Messenger-ribonucleic acid
NCBI National Center for Biotechnology Information
OECD The Organization for Economic Co-operation and Development
OPLS Orthogonal PLS
PBDD Polybrominated dibenzo-p-dioxin
PBDE Polybrominated diphenyl ether
PBDF Polybrominated dibenzofuran
PC Principal component
PCA Principal component analysis
PCN Polychlorinated naphthalene
PCB Polychlorinated biphenyl
PCDD/Fs Polychlorinated dibenzo-p-dioxins/dibenzofurans
PLS Partial least squares projection to latent structures
QSAR Quantitative structure-activity relationship
REP Relative effect potency
SAR Structure-activity relationship

ix



SNFA Swedish National Food Agency
TEF Toxic equivalency factor
UV Ultraviolet
WHO World Health Organization
WHO-TEF World Health Organization established TEF (in 2005)

DCDD Dichloro-dibenzo-p-dioxin
TriCDD Trichloro-dibenzo-p-dioxin
TCDD Tetrachloro-dibenzo-p-dioxin
PeCDD Pentachloro-dibenzo-p-dioxin
HxCDD Hexachloro-dibenzo-p-dioxin
HpCDD Heptachloro-dibenzo-p-dioxin
OCDD Octachloro-dibenzo-p-dioxin
TCDF Tetrachloro-dibenzofuran
PeCDF Pentachloro-dibenzofuran
HxCDF Hexachloro-dibenzofuran
HpCDF Heptachloro-dibenzofuran
OCDF Octachloro-dibenzofuran
PCB 74 2,4,4’,5-tetraCB
PCB 77 3,3’,4,4’-tetraCB
PCB 81 3,4,4’,5-tetraCB
PCB 126 3,3’,4,4’,5-pentaCB
PCB 169 3,3’,4,4’,5,5’-hexaCB
PCB 105 2,3,3’,4,4’-pentaCB
PCB 114 2,3,4,4’,5-pentaCB
PCB 118 2,3’,4,4’,5-pentaCB
PCB 123 2’,3,4,4’,5-pentaCB
PCB 153 2,2’,4,4’,5,5’-hexaCB
PCB 156 2,3,3’,4,4’,5-hexaCB
PCB 157 2,3,3’,4,4’,5’-hexaCB
PCB 167 2,3’,4,4’,5,5’-hexaCB
PCB 189 2,3,3’,4,4’,5,5’-heptaCB

x



Contents

1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

2 Aims and scope . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

3 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

3.1 Computational approaches as a complement or replacement for
in vivo and in vitro testing . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

3.2 Dioxin-like compounds (DLCs) . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

3.3 The toxic equivalency factor (TEF) concept . . . . . . . . . . . . . . . . . . . 8

3.4 Aryl hydrocarbon receptor (AhR) . . . . . . . . . . . . . . . . . . . . . . . . . . 10

3.5 Chemometrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

3.5.1 Principal component analysis (PCA) . . . . . . . . . . . . . . . . . . . . 12

3.5.2 Partial least squares projections to latent structures (PLS) . . . 12

4 Chemical characterization of DLCs with a focus on their electronic proper-
ties (Paper I) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

4.1 Molecular and novel atom-specific calculated electronic descriptors
of DLCs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 15

4.2 2D descriptors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

4.3 Ultraviolet absorption spectra and experimentally derived descriptors 19

4.4 Applicability, future adjustments, and remarks on the developed
electronic descriptors for DLCs . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

5 QSAR modeling of DLCs based on in vitro data from different species
(Papers I–III) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

5.1 Predictions of rat, mouse, and guinea pig in vitro REPs for untested
DLCs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

5.2 Descriptor analysis of the developed QSARs based on rat, mouse,
guinea pig, and human cells . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

5.3 Applicability, future adjustments, and remarks on the developed
QSARs of DLCs based on in vitro data . . . . . . . . . . . . . . . . . . . . . . 28

xi



6 Species-specific consensus toxicity factors of DLCs (Paper III) . . . . . . . 31

6.1 Applied AhR mediated biological responses . . . . . . . . . . . . . . . . . . 32

6.2 The rat and human CTFs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

6.3 Comparisons of estimated risks associated with DLCs in fish from
the Baltic Sea calculated by using human CTFs and WHO-TEFs . . 36

6.4 Applicability, future adjustments, and remarks of the CTF approach 39

7 Potential AhR ligands among industrial chemicals by ligand- and structure-
based virtual screening (Paper IV) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

7.1 Selection of AhR modulators as AhR ligands for the virtual screen-
ing protocol . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

7.2 Potential AhR ligands among the industrial chemicals . . . . . . . . . . 43

7.3 Applicability, future adjustments, and remarks on the developed
virtual screening protocol . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

8 Concluding summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

9 Acknowledgements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

10 Vetenskaplig översikt och sammanfattning . . . . . . . . . . . . . . . . . . . . . . 53

xii



1. Introduction

New chemical compounds are constantly being introduced into society, either in
new products or as unintentional by-products. Some of these compounds find
their way into the environment and have negative impacts on living organisms.
To assess the risks associated with these compounds, their level of exposure to
humans from the environment is related to their toxicological effects. Due to
the vast number of new compounds reaching the market, there are large data
gaps to be filled regarding the assessment of a compound’s toxicological effects.
One way of dealing with these data gaps is, when possible, to use computational
approaches to predict hazardous effects [143]. If we could understand how the
structure of a molecule has a particular effect in a biological system, we would
have key information for assessing the likelihood that compounds containing
such molecules will induce the same effect. Relating an effect to certain structural
features is usually called a structure-activity relationship (SAR) or qualitative read-
across [91, 128, 149]. The structure can also be used to capture the chemical
and physical properties of the molecule. Relating these kinds of properties to
a biological effect is usually called a quantitative-structure activity relationship
(QSAR) [31, 69, 91, 148]. Another computational approach is virtual screening. In
a virtual screening, many computational techniques can be combined in the effort
to identify compounds of concern for human health [48, 81, 85].

Polychlorinated dibenzo-p-dioxins/dibenzofurans (PCDD/Fs) and polychlorinated
biphenyls (PCBs) are examples of persistent organic pollutants. These compounds
are bio-accumulative, which means that their concentration increases at higher
levels in the food web. These pollutants are included in the global treaty called
the Stockholm Convention, which lists compounds that, due to their serious envi-
ronmental and health effects, should be banned from production or should have
actions taken to reduce their risks to the environment and human health [152].
PCDD/Fs have no practical use in society, but are produced as by-products in,
for example, combustion processes, while PCBs were used in the past for things
like electronic insulators and sealants in building construction. Actions have been
taken to reduce the emissions of PCDD/Fs, such as decreasing the use of chlorine
for bleaching pulp and adjusting the procedures for waste combustion. The use
of PCBs was heavily reduced in the 1970s, but many buildings still contain PCB
sealants [152, 153]. Numerous actions have been taken, but due to the persistence of
these pollutants and their continuous formation in society, exposure levels and toxi-
cological effects need to be monitored. It will take many generations until the levels
are no longer a concern for human health and the environment [13, 46, 72, 142].
The toxicological effects of PCBs and PCDD/Fs are diverse, but a selection of these
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compounds share a toxicological pattern mediated through the aryl hydrocarbon
receptor (AhR), a nuclear transcription factor present in vertebrates and many
other organisms [35, 73, 123]. The subgroup of PCDD/Fs and PCBs that interact
with the AhR are referred to as dioxin-like compounds (DLCs). To assess the risks
of DLCs, rodent studies are often used along with epidemiological and occupa-
tional health studies [50, 55, 56, 62, 67, 87, 111, 120, 127]. Recently, questions have
been raised regarding how applicable rodent information is for explaining DLCs’
effects in humans. The latest reevaluation of the risk assessment procedures of
DLCs concluded that there is a need for more research on assays based on human
cells [123].
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2. Aims and scope

For this thesis, DLCs were analyzed by using an extensive set of AhR-related in vitro
data, including assays based on human and rodent cells. The overall objective was
to develop and use computational approaches to increase our understanding of
congeneric and species-specific differences in the biological activity of DLCs.

Electronic properties provide fundamental information for describing and assess-
ing a molecule’s interactions with other small molecules or with macromolecules
like proteins [65], and in the case of DLCs these properties can describe DLCs’
interactions with the AhR. Paper I provided novel ways of describing the electronic
properties of DLCs in the search for common denominators that can explain their
biological activity toward AhR. Papers II and III present species-specific differ-
ences and similarities in the activities of DLCs and PCBs based on a large battery of
in vitro data. Paper III provides an analysis of human versus rodent cell responsive-
ness measured by 17 in vitro responses (see Section 3.4 of this thesis). Moreover, in
Papers II and III, species-specific differences were studied by developing QSARs.
These models predict the AhR-related activity of untested DLCs and facilitate the
interpretations of the measured biological activities using the chemical descriptors
derived in Paper I (see Section 3.1).

In Paper III, the main aim was to contribute to the reevaluation of the specific
toxicity factors currently used in risk assessment of DLCs (see Section 3.3). This aim
was addressed by developing a procedure that provides species-specific consensus
toxicity factors based on in vitro human and rat responses from a large battery
of tests. The development of computer-based procedures was also the focus in
Paper IV in which we developed a virtual screening protocol with the aim of
identifying industrial chemicals that could potentially interact with AhR and hence
be of concern for society.

3
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3. Background

This chapter gives an overview of how computational approaches can be used as a
complement or replacement of in vivo and in vitro experiments in the evaluation
of a compound’s hazardous effects. This chapter also describes the context in
which this type of approach has been applied in the work for this thesis. The
main compounds involved—the DLCs—and their current risk assessment tools
are defined and discussed. Furthermore, a brief background is given regarding
how the AhR is involved in their toxicological outcomes. The chapter concludes
with a description of the underlying techniques for the computational modeling
used throughout this thesis.

3.1 Computational approaches as a complement or replacement for in vivo and
in vitro testing

If one has a selection of compounds for which one would like to investigate their
toxicity, then one can perform a variety of in vivo animal experiments after which
biological endpoints (such as enzyme induction) or toxicological endpoints (such
as carcinogenicity) can be analyzed [42, 59, 130]. In addition, in vitro experiments
using cell-based systems can be used to investigate the toxicity. For instance,
enzyme induction in cell-based systems can be seen as a biomarker related to the
toxicity of the compounds. In vitro studies bring the toxicological testing down to
a cellular level in which the applied concentration more directly causes the effect.
Furthermore, in vitro testing can reduce the use of animals and thus reduce the
time and costs for performing the experiment. Another possible way to further
reduce time and costs is to use in silico methods. The term in silico was first used
in public back in 1989 and was defined as “experiments solely carried out by a
computer” [76]. In this thesis, in silico methods refer to computer-based methods
used as a complement or replacement for in vivo or in vitro tests. The in silico
approaches employed in Papers I–IV used the structures of the molecules as an
indicator of their chemical properties. This information was then used to create
models relating structural features or properties back to the biological activities
of the compounds. A commonly used method for the latter is to develop QSARs
(introduced in Chapter 1 of this thesis), and this method was employed in Papers
I–III to predict in vitro responses to DLCs.

QSARs are regression or classification models that predict the biological activities
of compounds based on their physical properties and chemical structures [39, 40,
64, 91, 97]. In these models, the biological response (Y) is modeled as a function
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of the chemical structure (X). The X-data consist of descriptors for properties like
molecular volume and hydrophobicity, and these descriptors can be of different
levels of complexity. The simplest descriptors give information based on atom types,
such as the number of halogen atoms or single bonds, and are referred to as one-
dimensional (1D). However, to be able to convey more features of the structures
and their chemical or physical properties, the descriptors are often based on the
two-dimensional (2D) structure or the three-dimensional (3D) conformations of
the structure [113]. Descriptors can also be derived from experimental data such as
ultraviolet (UV) spectroscopy data, solubility measurements, gas chromatographic
retention time, and dipole moment [7, 117, 118, 139]. In Paper I, descriptors were
developed to reflect the differences in biological activity among DLCs focusing on
the electronic properties provided by UV absorption spectroscopy and quantum-
chemical calculations (see Chapter 4). Because QSAR models are empirical (based
on observations), it is important to define their applications and limitations and to
properly validate their performance as a model for making predictions of untested
compounds. The Organization for Economic Co-operation and Development
(OECD) has agreed on principles regarding what is required for a QSAR model
to be used for regulatory purposes [148]. These principles comprise the use of
a defined endpoint; an unambiguous algorithm; a defined domain of applicabil-
ity; appropriate measures of goodness-of-fit, robustness, and predictivity; and, if
possible, a mechanistic interpretation of the QSAR.

A QSAR could (depending on its applicability domain) be used to screen larger
sets of chemicals for the modeled biological activity [131]. This can also be referred
to as a type of virtual screening, which is, in its most general term, an in silico
evaluation of a larger data set with the objective of identifying biologically active
compounds regarding a specific target, usually a protein [47]. The concept is
most commonly used in medicinal chemistry and is typically divided into ligand-
based and structure-based virtual screening. The ligand-based approaches use the
molecular structures of compounds that are known to bind to the protein in order to
identify new potential binders. For example, structural fingerprints [134] provide
information on the presence or absence of specific structural fragments, such as
functional groups, that can be used to measure the structural similarity between a
known binder and other compounds. Compounds can also be characterized by
chemical descriptors and projected onto a multivariate space where new potential
binders can be identified by their position relative to known binders. A common
method is k-nearest-neighbors [112], which identifies the k closest compounds to
a selected compound, in this case, a known binder.

In structure-based virtual screening, the studied compounds are docked into the
structure of a macromolecule to identify plausible binding conformations. The dif-
ferent compounds are then ranked as potential ligands using scoring functions [23].
There are many types of scoring functions, e.g., energy-estimated, knowledge-
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Figure 1: The general structural formulas and substitution positions of (left to right) poly-
chlorinated biphenyls (PCBs), dibenzo-p-dioxins (PCDDs), and dibenzofurans (PCDFs).

based, and rule-based, and sometimes several of them are combined to get a
comprehensive ranking of the molecular docking [6]. Crystal structures of the
protein are often used for structure-based virtual screening. Because the X-ray
crystal structure of AhR has not been determined, different homology models
have been developed for use in protein-ligand interaction studies [24, 77, 70]. The
homology models were built based on existing 3D-structures of similar proteins
with the assumption that proteins with high similarity in their 2D amino acid
sequence also adopt the same secondary structure, i.e., they fold in the same way.
Paper IV presents a virtual screening protocol that combines ligand and structure-
based approaches. In this protocol, an AhR homology model was used to assess
the protein–ligand interactions between the rat AhR and potential ligands among
a collection of small industrial chemicals.

3.2 Dioxin-like compounds (DLCs)

PCDD/Fs and PCBs are halogenated aromatic compounds, including a large range
of congeners. These congeners differ from each other by the number of chlorine
atoms substituted on the aromatic rings and their substitution pattern on the rings
(Figure 1). Out of the theoretically possible 75 PCDDs, 135 PCDFs, and 209 PCBs,
29 congeners are referred to as DLCs (see Chapter 1) and these share toxic effects
mediated through interaction with AhR and are of special concern for human
health (see Section 3.3). Due to their high hydrophobicity, these compounds
primarily partition to organic matter in soil and sediment and they accumulate in
adipose tissues of organisms. DLCs bioaccumulate, and as a result they are found at
high concentrations in top-level predators in the food chains, such as eagles, seals,
and humans. Moreover, DLCs have been shown to have various negative impacts
on organisms [56, 73, 90, 92, 135]. The toxicological effects of PCBs and PCDD/Fs
are diverse, ranging from chloracne and immunological effects in humans to severe
weight loss, thymic atrophy, hepatotoxicity, immunotoxicity, endocrine disruption,
and carcinogenesis in rodents [92, 103, 122, 123]. Themost potent andwell-studied
DLC is 2,3,7,8-tetrachlorodibenzo-p-dioxin (2378-TCDD), which is a PCDD with
four chlorine atoms positioned at the lateral carbons in the molecule (Figure 1).
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Notably, all DLCs have chlorine atoms in four lateral positions on the rings, two on
each side of the molecule. That is, chlorine atoms occupy the 2, 3, 7 and 8 positions
of the PCDD/Fs and two adjacent positions among the carbons for the 3, 4, 5 and
3’, 4’, 5’ positions of PCBs. In Paper I, the above-mentioned structural features
were used as the foundation for developing novel descriptors for all DLCs (see
Chapter 4).

3.3 The toxic equivalency factor (TEF) concept

The toxic equivalency factor (TEF) concept was developed during the 1980s as a
method for risk assessment of PCDD/Fs [2, 147]. Today, TEFs provide a unique
tool for assessing the toxic potency of mixtures of DLCs in food, feed, human
populations, and wildlife [122, 123].

The TEF concept is based on the assumption of additivity [15, 96]. Each DLC is
assigned a relative value that relates the DLC’s potency to the potency of 2378-
TCDD. A congener with a TEF value of 0.1 means that ten times as much of that
DLC is needed to induce the same effect as 2378-TCDD. To calculate the total
contamination in “2378-TCDD units” in a matrix, such as food, feed, or human
blood, each concentration of a DLC in the matrix is multiplied by its TEF. After
that, the products are summed up to become the total toxic equivalent (TEQ) of
the matrix. Hence, a TEQ is calculated as

TEQ =
𝑁

𝑖=1

𝑐𝑖TEF𝑖,

where 𝑐𝑖 is the concentration of compound 𝑖 in the matrix, TEF𝑖 is the assigned TEF
for compound 𝑖, and 𝑁 is the number of compounds in the matrix. The estimated
risk associated with DLCs is now expressed by its TEQ concentration.

TEQs are frequently used to assess and compare exposure levels of potentially
contaminated sites or to monitor levels of DLCs in humans, but they are primarily
intended for estimating exposure and risks via oral ingestion [123]. That is, the
TEQs are intended to assess risks from exposure of DLCs in food, which is the most
common route of exposure for the general public. The European Union (EU) [144]
has established the tolerable daily intake of DLCs at 2 pg TEQ/kg body weight,
and the EU also provides specific limits (also expressed in TEQ) for certain food
items, such as fish, meat, milk, eggs, and baby food. The current EU limit for DLCs
is 6.5 pg TEQ/g fresh weight of the food item [151], thus changing the TEF of
a congener or assigning a TEF to a new compound could have great regulatory
implications on the national level. For instance, it might allow higher or lower
contamination levels in food products or lead to changes in the recommendations
on how often certain food items should be consumed.
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Table 1: The toxic equivalency factors (TEFs) for risk assessment of dioxin-like compounds
(DLCs) assigned in 2005 at the expert meeting organized by theWorld Health Organization
(WHO) [123].

Compound WHO-TEF

C
hl
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in
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ed

di
be

nz
o-
p-

di
ox

in
s 2,3,7,8-TCDD 1

1,2,3,7,8-PeCDD 1
1,2,3,4,7,8-HxCDD 0.1
1,2,3,6,7,8-HxCDD 0.1
1,2,3,7,8,9-HxCDD 0.1
1,2,3,4,6,7,8-HpCDD 0.01
OCDD 0.0003

C
hl

or
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ur
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s

2,3,7,8-TCDF 0.1
1,2,3,7,8-PeCDF 0.03
2,3,4,7,8-PeCDF 0.3
1,2,3,4,7,8-HxCDF 0.1
1,2,3,6,7,8-HxCDF 0.1
1,2,3,7,8,9-HxCDF 0.1
2,3,4,6,7,8-HxCDF 0.1
1,2,3,4,6,7,8-HpCDF 0.01
1,2,3,4,7,8,9-HpCDF 0.01
OCDF 0.0003

N
on

-o
rt
ho

–
su

bs
tit

ut
ed

PC
Bs

3,3’,4,4’-tetraCB (PCB 77) 0.0001
3,4,4’,5-tetraCB (PCB 81) 0.0003
3,3’,4,4’,5-pentaCB (PCB 126) 0.1
3,3’,4,4’,5,5’-hexaCB (PCB 169) 0.03

M
on

o-
or
th
o–

su
bs

tit
ut

ed
PC

Bs

2,3,3’,4,4’-pentaCB (PCB 105) 0.00003
2,3,4,4’,5-pentaCB (PCB 114) 0.00003
2,3’,4,4’,5-pentaCB (PCB 118) 0.00003
2’,3,4,4’,5-pentaCB (PCB 123) 0.00003
2,3,3’,4,4’,5-hexaCB (PCB 156) 0.00003
2,3,3’,4,4’,5’-hexaCB (PCB 157) 0.00003
2,3’,4,4’,5,5’-hexaCB (PCB 167) 0.00003
2,3,3’,4,4’,5,5’-heptaCB (PCB 189) 0.00003
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In the beginning of their use in the 1980s, different TEF concepts that only included
congeners among PCDD/Fs [2, 147] were developed in parallel. During the early
1990s, specific PCB congeners were reported to exhibit dioxin-like toxicity and
were thus included in the TEF concepts [4, 92, 94]. In 1993, the World Health
Organization (WHO) organized an expert meeting to establish TEFs for regulatory
purposes [3]. Since then, theWHOhas held another two expertmeetings [122, 123]
where the TEFs have been reevaluated and new compounds discussed as candidates
for receiving a TEF. To be included in this TEF concept, a compound must: a) show
structural similarity with PCDD/Fs, b) activate AhR, c) induce AhR-mediated
effects (see Section 3.4), and d) be persistent and bioaccumulative [123]. The
resulting TEFs from the most recent of these expert meetings are the ones currently
being used in the EU-established limits for DLCs in food [144]. These TEFs are
henceforth referred to in this thesis as the WHO-TEFs (Table 1).

To establish the WHO-TEFs, an extensive database with relative effect potency
(REP) values for the various DLCs based on in vivo and in vitro data was used [51].
The REP of a DLC is the ratio between the effective concentrations of 2378-TCDD
and the DLC. The statistical REP distributions were studied with no preferences for
the used toxicological endpoint in each study, i.e., it was an unweighted distribution.
That information was combined with point estimates from selected studies and
expert judgment and included considerations of the environmental abundance of
the compounds, especially regarding PCBs. Highest priority was given to in vivo
studies of chronic exposure in rats. However, due to the very limited information
provided in existing in vivo data, in vitro data were often used as a complement
or as the only source of information for the reevaluation. When establishing the
WHO-TEFs [123], in vitro data based on human cells were also discussed for
certain DLCs. However, those data were not part of the statistical analysis of the
distribution of toxic responses to DLCs because it was unclear how comparable
human and rodent systems really are [123]. In general, it was concluded that more
research is needed for assessing the REPs from human systems. In Paper III, a set of
in vitro data concerning both human and rodent cell responses related to AhR was
presented and analyzed. In addition, an alternative way to derive consensus values
based on REPs from a battery of tests was presented and implemented so as to
provide additional in vitro-based data for future reevaluations of the WHO-TEFs.

3.4 Aryl hydrocarbon receptor (AhR)

AhR is an evolutionarily old protein that is encountered inmany different organisms
such as mammals, birds, fish, insects, and worms, but the two latter groups do
not respond to DLCs [89]. AhR has been found in many different tissues at dif-
ferent concentrations; rats have been shown to have the highest concentrations of
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AhR in the lung, thymus, liver, and kidneys, whereas humans have been shown
to have the highest concentrations in the placenta followed by the lung, heart,
pancreas, and liver [27, 28, 38]. AhR was discovered in the 1970s to be a mediator
of the measurable (adaptive) responses to DLC exposure. Since that time, AhR
has been intensely studied regarding its mechanism of action and its interplay
with other mechanistic pathways [35]. The mechanism of action of DLC-induced
AhR activity is believed to be the same in all mammalian species and involves
ligand activation. Recently, the activation of AhR has been linked to many immune
response processes that are associated with various diseases [22, 25, 53, 105].

AhR is a ligand-activated transcription factor whose activation results in the tran-
scription of a battery of genes, including the drug-metabolizing enzyme cytochrome
P450, family 1, subfamily A, polypeptide 1 (CYP1A1) [62]. In Paper III, differ-
ent endpoints were investigated to analyze DLC exposure, and these endpoints
included gene expression assays targeting CYP1A1; cytochrome P450, family 1,
subfamily B, polypeptide 1 (CYP1B1); and the aryl-hydrocarbon receptor repressor.
The studied endpoints also included luciferase reporter gene assays and CYP1A1
activity bioassays (see Section 6.1). The data from these experiments, which in-
volved rat, mouse, guinea pig, and human cell systems and which targeted different
tissues, were used to study potential species differences in response to DLCs. In-
duction of CYP1A1-related responses is the most studied and generally accepted
biomarker for DLC exposure. Many structurally different compounds have been
shown to induce CYP1A1-related responses and have been identified as potential
AhR ligands [34, 79]. Ligands are compounds that have been shown to bind to
the receptor in question but not necessarily to activate the receptor. AhR has been
shown to cross talk with other nuclear receptors, which makes the situation even
more complex [63, 82, 108]. In Paper IV, a distinction was made between AhR
binders (i.e. ligands) and AhR modulators. The latter were defined as compounds
that—in one way or another—suppress or enhance the AhR activity.

3.5 Chemometrics

Chemometrics is a scientific field that combines chemistry with multivariate statis-
tics and mathematics to capture relevant information from a given data set [137].
In this thesis, the chemometric tools of principal component analysis (PCA) [57]
and partial least squares projections to latent structures (PLS) [138] were used to
capture trends and to find relationships within the data.
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3.5.1 Principal component analysis (PCA)

PCA is a multivariate projection method commonly used in chemometrics to
investigate how objects are related to each other in a data set. In this thesis, the
objects for this data matrix, typically denoted X, are different compounds, and the
variables consist of the compounds’ individual properties as reflected by a number
of different descriptors. In PCA, this data matrix is projected onto a space that
has as many dimensions as the number of variables in the data set. PCA simplifies
the interpretation of the data by condensing the information in the original data
set into a new set of variables called principal components (PCs). The first PC
defines the direction of the largest variation in the data; that is, it gives the direction
in which the objects differ from each other the most. The second PC captures
the largest variation in the subspace orthogonal to the first PC. This is commonly
referred to as the second largest variation. Mathematically, the original data X can
be described by the three new matrices T, P, and E as

X =
𝑁

𝑖=1

t𝑖p
′
𝑖 +E,

where t𝑖 is the 𝑖th column of T and also the score vector of the 𝑖th PC, p′ is the
transposed 𝑖th column of P and also the transposed loading vector of the 𝑖th PC,
𝑁 is the number of PCs, and E is the residual matrix. The residual matrix E is
what is left of the variation in the data when the 𝑁 PCs have been extracted. The
results from a PCA are shown as scores and loadings and are usually depicted
in two-dimensional plots that are studied at the same time. For instance, one
can put the scores of the first and second PCs, i.e. t1 versus t2, as one plot and
the loadings of the same two PCs, i.e. p1 versus p2, as another plot. Scores and
loadings are related to each other; the scores describe how similar (or dissimilar)
the objects are, and the loadings describe which variables (i.e. properties) make
them so. Moreover, objects close to each other in the score plot share similarities,
while increased distance between objects means increased dissimilarity between
objects. The loading plot is related to the score plot and shows the reasons for the
observed similarity (or dissimilarity) between objects. For instance, objects that
are located in a certain area of the score plot are characterized by the variables
located in the same area in the loading plot.

3.5.2 Partial least squares projections to latent structures (PLS)

PLS is a method to identify linear relationships between different sets of data.
Applied to QSARs, PLS can be used to study correlations between the measured
biological response and the factors that influence the response. The data to describe
these factors, i.e., descriptors, are stored in a matrix, X. PLS can handle multiple
response variables and this information is stored in another matrix,Y. The same as
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for PCA, directions in the multivariate space are calculated to follow the variation
in the data in theX andY matrices. However, in PLS the directions are computed
to also maximize the covariance between X and Y [138]. For PLS models that
only use one response variable, the response data is a vector, y, but the procedure
is the same. The PLS model can be expressed as:

Y = XB + F,

where B is the PLS regression coefficients and F is the Y-residual matrix [138].
The most influential factors for the model have large positive or negative coef-
ficients. Hence, the coefficients can be used to identify the factors that are of most
importance for the biological response.

PLS can deal with co-linearity in the data, whichmeans that PLS canmodel descrip-
tors that are correlated. However, the more descriptors one includes in the model,
the harder it is to interpret. To simplify the interpretation of the model, i.e., to more
easily identify influential descriptors, orthogonal-PLS (OPLS) [114] can be used.
A PLS and an OPLS model, based on the same input, give identical predictions.
However, in OPLS the systematic, non-random variation in X is divided into two
parts, one part that is related to Y and one part that is unrelated, i.e. orthogonal,
to Y. This gives the opportunity to further study what descriptors, and in the long
run what features or properties, are important for the biological response.
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4. Chemical characterizationofDLCswith a focus on their electronic
properties (Paper I)

TheDLCs comprise three different chemical classes, where the structural differences
within each class might be as small as moving one chlorine atom from one aromatic
carbon to another (see Section 3.2). Nevertheless, these small changes can be of
great importance for the biological activity of DLCs. To determine the effect of these
seemingly small changes in the chemical structure, theDLCs studied in Paper I were
characterized based on their electronic properties. We used 2D and 3D descriptors
along with spectroscopic data to describe the electronic properties of the DLCs.
The descriptor analysis using PCA showed that many of these descriptors are highly
class dependent; that is, the descriptor value was more influenced by the chemical
class of the DLC than by the substitution pattern of the DLC. To overcome this issue,
we developed descriptors that are atom-specific and tuned to the lateral positions
of the DLCs (Figure 1). With this as a basis, we calculated molecular orbital
(MO) densities and partial charges of the lateral carbons (see Section 4.1). This
approach generated descriptors that revealed new class-independent properties of
DLCs. UV absorption (200–400 nm) was measured for all DLCs because PCBs and
PCDFs have been shown to produce distinct absorption patterns within the UV
range [7, 117]. UV absorption reflects electronic transitions within the aromatic
system, i.e., UV reflects properties of the conjugated 𝜋-electron system, and our
measurements showed that each DLC had a unique spectrum. The measured upper
range (250–400 nm) was found to be class dependent, while we concluded that
the lower range (200–250 nm) reflected the same transitions for all DLCs (see
Section 4.3), and as such was class independent.

4.1 Molecular and novel atom-specific calculated electronic descriptors of DLCs

MO energies were calculated to estimate the reactivities of the DLCs. More specif-
ically, the MO energies of the highest occupied molecular orbital (HOMO) and
the lowest unoccupied molecular orbital (LUMO) were calculated, and from those
the gap in energy between the HOMO and the LUMO energies (GAP) [113]
was calculated. According to calculated MO energies, PCDFs are the strongest
electron acceptors, i.e, they have the lowest LUMO energies, among the DLCs.
Moreover, PCDFs and PCBs are stronger electron donors, i.e., they have lower
HOMO energies, than PCDDs, and PCBs are the most stable chemical class among
the DLCs based on their higher GAP values compared to the other DLCs. This
high chemical class dependence suggests that the MO energies are not sufficient to
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2378-TCDD 2378-TCDF PCB 77

123478-HxCDD 123478-HxCDF PCB 167

OCDD OCDF PCB 189

Figure 2: The electron density distributions of theHOMO for different congeners of PCDDs,
PCDFs, and PCBs calculated by using the DFT hybrid functional B3LYP with the 6-31G**
basis set. Further information on the corresponding molecular structures is given in the
supporting information of Paper I.

explain the congener-specific differences seen in biological activity among DLCs.
Because of this, we instead focused on the MO densities (Figure 2) for the lateral
carbons of the DLCs. By focusing on just the densities of the MOs, a new property
appears that reflects the symmetry of the MO density distribution (Figure 2). In
practice, the electron densities for the lateral carbon positions of the DLCs are
recorded and ranked for each molecule, and the highest density gives the highest
ranking. The lateral carbon positions’ ranking is used instead of the actual positions
as descriptors because PCBs have six lateral positions compared to the four of
PCDD/Fs (Figure 1).

Figure 3 shows the workflow for calculating the atom-specific descriptor Ha2/Ha1
for PCB 126. Ha2/Ha1 is the ratio between the second highest and the highest
lateral carbon HOMO density. This descriptor gives high values for 2378-TCDD,
2378-TCDF, PCB 77, and PCB 169. All of these structures have a symmetrical
plane (such as 2378-TCDD) or can achieve a symmetrical conformation (such
as PCB 77), unlike for instance PCB 167 (Figure 2). However, there are DLCs
that do not have a symmetrical plane but still have a symmetrical MO density
distribution and thus also receive a high value for Ha2/Ha1. One example of this
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C1 0.027
C2 0.126
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C4 0.045
C5 0.030
Cl6 0.011
C7 0.134
Cl8 0.060
C9 0.029
C10 0.045
C11 0.071
C12 0.019
C13 0.144
Cl14 0.065
C15 0.054
Cl16 0.011
Cl17 0.022
H18 0.000
H19 0.000
H20 0.000
H21 0.000
H22 0.000
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PCB126

Ha1
0.144

Ha2
0.134

Ha3
0.054

Ha4
0.030

Compound
PCB126

Ha2/Ha1
0.930

Ha3/Ha1
0.375

Ha4/Ha1
0.208

Figure 3: To develop the molecular orbital density ratios based on the lateral carbon
positions, the atom-specific densities were calculated and ranked. For PCBs, here illustrated
by PCB 126, the four highest values were taken out and then compared to each other by
ratios. The selected positions always corresponded to carbons also being attached to
chlorine atoms.

is 123478-HxCDD (Figure 2). The HOMO density ranking of the lateral carbons
also reflects the corresponding density ranking of the chlorine atoms. For example,
the highest ranked lateral carbon of PCB 126 (C13) is directly connected to the
highest-ranked chlorine atom (Cl14) (Figure 3).

In addition to the MO density ratios, the partial charges are also quite different
from the other calculated 3D descriptors. This is illustrated in Figure 4 by their
low covariance (descriptors 18, 23, 24, and 26). These charges were derived by
calculating the electrostatic potential (ESP) [65] of the lateral carbons and by using
the same ranking system as the MO density ratios. The second-highest atomic
partial charges of the lateral carbons (QC_a2_ESP) are very high for non-ortho
PCBs. That is, by calculating partial charges on the lateral carbons, it is possible
to differentiate between non-ortho and mono-ortho PCBs, which is an important
substitution pattern known to separate more and less potent PCBs (Paper I). Atom-
specific descriptors based on MO densities and partial charges have previously
been applied to predict the photolytic half-lives of polybrominated diphenyl ethers
(PBDEs) [54], another chemical class consisting of many congeners. In contrast,
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Figure 4: The covariance matrix of calculated molecular and atom-specific descriptors
related to the electronic properties of the DLCs. The data were sorted by increasing covari-
ance with the difference between the HOMO and LUMO energies (GAP) and normalized,
i.e. they show the absolute values of each covariance entry. Further information on the
descriptors is given in the supporting information of Paper I.

we compared congeners of different chemical classes and focused on a specific
region of the molecules.

4.2 2D descriptors

The calculations using the 2D structures of the molecules showed that congeners
within each chemical class of DLCs having the same number of chlorine atoms,
i.e. homologues, usually received the same numerical value. That is, most of these
descriptors did not differentiate between substitution patterns. Furthermore, many
of the 2D descriptors correlated with size. For example, the size-related property
van der Waals surface area (descriptor 1, Figure 5) was highly correlated with
descriptors reflecting the hydrophobic surface area (descriptors 2 and 9), density
(descriptor 16), hydrophobicity (descriptor 6), flexibility (descriptor 8), and polarity
(descriptor 20). In general, the 2D descriptors differentiated between chemical
classes of DLCs, but not between homologues.
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Figure 5: The covariance matrix of a selection of 34 2D descriptors regarding, for example,
size, shape, polarity, hydrophobicity, and surface characteristics of theDLCs [146]. The data
were sorted by increasing covariance with the size-related property van der Waals surface
area (vdw_area) and normalized, i.e. they show the absolute value of each covariance entry.
Further information on the descriptors is given in the supporting information of Paper I.

4.3 Ultraviolet absorption spectra and experimentally derived descriptors

In the lower wavelength region (200–250 nm), the UV absorption spectra of all
measuredDLCs showed clear smooth peaks (Figure 6), most likely originating from
the same kinds of electronic transitions. Peaks in this region have been identified as
electronic transitions from bonding MOs to antibonding MOs. That is, the peaks
arise from p to p* transitions in the conjugated 𝜋-system [44]. Furthermore, the
absorption at 200–215 nm reflects the resonance over the benzene rings [7, 32].
Regarding the higher wavelength region (250–350 nm), the UV absorption spectra
are class dependent as indicated by our observations that the spectra included
oxygen lone-pair excitations at roughly 300 nm for PCDD/Fs (e.g. 2378-TCDF and
2378-TCDD, Figure 6bc), that there was no absorption of PCBs above 300 nm (e.g.
for PCBs 81 and 123, Figure 6ad), and that there were very peak-rich and specific
patterns of PCDFs as illustrated by OCDF (Figure 6e). The greater complexity in
spectral pattern among PCDFs was concluded to be due to the fact that PCDFs
abide byHückel’s rule of aromaticity, whichmeans that they only have one aromatic
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Figure 6: The ultraviolet absorption spectra of selected PCBs (a,d), PCDFs (b,e), and
PCDDs (c,f). The structures of the compounds are given in the supporting information of
Paper I.

system covering all rings in the skeleton, and thus have more potentially excited
states [44].

Measuring theUVabsorption (200–400 nm) for theDLCs generated partial spectral
data that have not previously been accounted for in the literature. Tysklind et
al. [117] measured all congeners of PCDFs, but they did not include the lower
wavelength interval (200–275 nm). For our UV experiments in Paper I, we used iso-
octane as the solvent, and this enabled us to measure the lower wavelength interval
(200–275 nm). Moreover, the PCDDs have to my knowledge not been extensively
studied before, i.e., by addressing an extended number of substitution patterns and
degrees of chlorination. Kende et al. [61] studied four PCDDs, but only reported
information regarding one peak. They reported peak maxima located at 296 nm,
299 nm, 304 nm, and 306 nm for 13-DCDD, 23-DCDD, 237-TriCDD, and 2378-
TCDD, respectively. Funk et al. [44] studied five DLC congeners—2378-TCDD,
12378-PeCDD, OCDD, 2378-TCDF, and OCDF—but those experiments were
conducted in gas phase, which resulted in rather rough spectra in the 200–400 nm
range.

The new measurements of all of the DLCs confirmed the peaks found by Funk
et al. [44], and the high resolution of these experiments also revealed congener-
specific peak patterns in the lower wavelength interval (200–250 nm) (Figure 6). In
particular, for the region of 230–245 nm there was a specific two-peak pattern for
the PCDFs where the relative magnitudes of the peaks varied with the substitution
pattern. For OCDF these peaks were similar in magnitude (Figure 6e), while
the first or second peak decreased if the congener had a 678- or 789-chlorination
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Figure 7: The covariance matrix of the 31 UV descriptors comparing the DLCs at every 5th
nm. The covariance data were normalized, i.e. they show the absolute value of each covari-
ance entry. Further information on the descriptors is given in the supporting information
of Paper I.

pattern (123678-HxCDF, 1234678-HpCDF, 123789-HxCDF, and 1234789-HpCDF)
(see the supporting information of Paper I). In this region, the spectral trend of the
seven measured PCDDs was less prominent compared to the PCDFs, but it also can
be interpreted as a two-peak pattern with a peak (visible at 230 nm for 2378-TCDD,
Figure 6c) that gradually shifts to higher wavelengths with increasing chlorination
(OCDD, Figure 6f, close to 250 nm). Furthermore, for 1234-chlorinated DLCs
among the PCDD/Fs, the spectra showed that a peak maximum at or just below
the lower wavelength limit. This can, for instance, be seen in the spectra of OCDF
and OCDD (Figure 6ef).

From the measured UV spectra, we used the absorption at every 5th nm to derive
descriptors for each DLC. This resulted in 31 UV descriptors, named by the mea-
sured wavelength. Because the peaks of the spectra are usually quite wide, around
10–15 nm, the correlation between descriptors is high. This can, for instance, be
seen for the wavelength range 200–215 nm (Figure 7). The UV descriptors carry
similar information block-wise, and this is illustrated in the PCA in Paper I where
adjacent UV descriptors, such as 230, 235, and 240 in the second PC, have similar
loadings. This particular wavelength region corresponds to a local minimum lo-
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cated right before the last peak of the PCBs, which is located at roughly 250 nm
(Figure 6a, and d). This peak refers to the so-called kappa band [7, 32] and shows
high absorption for non-ortho PCBs, i.e., the more potent PCBs according to the
WHO-TEFs (Table 1).

4.4 Applicability, future adjustments, and remarks on the developed electronic
descriptors for DLCs

In addition to the DLCs, the atom-specific descriptors are applicable to other
chemical classes of small halogenated aromatic compounds with many congeners.
Examples of such classes are polychlorinated naphthalenes (PCNs), PBDEs, and
brominated or mixed brominated/chlorinated analogues of the DLCs. These are
chemical classes that currently are not included in the WHO-TEFs, but where
specific congeners have been shown to activate AhR. For instance, among PCNs,
certain penta-, hexa-, and hepta-chlorinated congeners have been shown to be
active in in vitro tests of AhR mediated effects, while other congeners with the same
number of chlorine atoms have been shown to be inactive [83].

The most accurate approach to calculating electronic properties is to use ab initio
methods, such as coupled cluster methods [18], however, such calculations are
very time consuming. In Paper I, we calculated MO energies and electron densities
using the quantum mechanical method density functional theory (DFT) and a
semi-empirical method. The DFT-based method derives properties of the molecule
(e.g. calculates the energy) based on a determination of the electron density of
the molecule [65]. Semi-empirical methods are faster than DFT, but have a higher
extent of approximations (i.e. simplifications) in their calculations. To correct
the deficiencies introduced by the approximations, semi-empirical methods use
experimental data from studied molecules’ electronic properties and embed them
as empirical parameters in the calculations [58].

We chose the semi-empirical method AM1 (Austin Model 1) [36] for the task
of optimizing the geometry and calculating the energy of the DLCs because it
gives low-energy 3D conformations of the molecules that are consistent with the
available crystal structures of PCBs [45, 60, 68, 100]. In addition, this method
provides structures with non-planar low-energy 3D conformations of PCDD/Fs,
i.e. chlorine–chlorine twists for adjacent carbons, which are suggested to be highly
plausible conformations for these compounds [9, 30]. For the DFT calculations,
we used the Becke–3–Lee–Yang–Parr (B3LYP) [19, 66, 104, 129] functional to-
gether with the basis set 6-31G**; a basis set defines how the MOs are represented
mathematically. Zou et al. [141] earlier used the quantum mechanical method
Hartree–Fock, together with a similar basis set (6-31G*), to calculate ESP-based
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descriptors to differentiate between PCDF congeners. In that case, those descrip-
tors proved to be useful in QSAR modeling of AhR binding affinities and in vitro
responses to PCDFs. Our studies revealed that the MO energies based on AM1
and B3LYP/6-31G** are highly correlated, and that the MO density maps show
similar density distributions. This implies that, for DLCs, it is sufficient to use the
semi-empirical approach to calculate MO densities and to generate atom-specific
descriptors based on these MOs.

To experimentally derive descriptors—for example, by using spectroscopy—takes
more time and entails greater costs compared to using calculated descriptors.
However, it would be interesting to measure the absorption spectra for classes of
compounds other than PCDD/Fs and PCBs that are known to have congeners that
activate AhR. Examples of such classes are the PCNs, PBDEs, and brominated
or mixed-halogenated analogues of PCDD/Fs and PCBs. This would provide
meaningful insights in how applicable the lower UV range is for predicting the
AhR activity generated by halogenated aromatic compounds.
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5. QSAR modeling of DLCs based on in vitro data from different
species (Papers I–III)

For risk assessment of DLCs, the main source of data has for a long time been
whole-animal rat studies or rat cell studies [123]. An unanswered question is
how different the results might be if one were to measure in vitro responses not
based on rat cells. The set of AhR-related in vitro data for DLCs presented in
Paper II consisted of data obtained by bioassays of rat, mouse, and guinea pig cells
performed in the same laboratory and by the same person. This provided us with a
unique opportunity to closely study potential species differences. However, to save
time and costs, not all DLCs were tested in these experiments. The study left 11 of
the 29 DLCs untested (see Table 1, Section 3.3), and hence with no data regarding
their potency. To give a better picture of the study, QSARs were developed to fill
the data gaps. Moreover, by developing QSARs, we had the opportunity to make
interpretations of the models, which might carry information on species-specific
differences. These studies found that among the most influential descriptors were
several that were in common in all of the QSAR models, indicating that rat, mouse,
and guinea pig cells have a similar overall SAR. In the in vitro data for the tested
PCDD/Fs, the mouse and guinea pig REPs were often higher than the rat REPs
(Paper II). The developed QSARs picked up this trend. For example, the predicted
REPs of the untested 12378-PeCDF were 0.6, 0.7, and 0.09 for the QSARs of the
guinea pig, mouse, and rat in vitro responses, respectively (Table 2, Section 5.1).
This thesis also includes QSARs based on consensus toxicity factors (CTFs), i.e.,
condensed information from several in vitro responses from human and rat cells
(Paper III). The descriptor analysis of these models is included in this chapter (see
Section 5.2). The human and rat CTFs are further discussed in Chapter 6.

5.1 Predictions of rat, mouse, and guinea pig in vitro REPs for untested DLCs

In Paper II, we developed QSARs using REPs from rat, mouse, and guinea pig
in vitro responses to study potential species differences. In general, the REPs of
the tested PCDDs were similar for the three cell systems. However, for the tested
PCDFs, the guinea pig and mouse cell systems generally generated higher REPs
than the rat cell study (Paper II). The guinea pig cell study also generated higher
REPs for specific non-ortho and mono-ortho PCBs than the rat cell study. Our
QSARs picked up these differences in REPs between the three studied cell systems
(Table 2). Below follows a more detailed discussion of the REP predictions from
the QSAR models.
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Table 2: Summary of predicted REPs from the QSARs based on guinea pig, rat, and mouse
in vitro responses for the untested DLCs (Paper II). For comparisons, the corresponding
WHO-TEFs [123] are also shown. REPs that are at least one order of magnitude higher
than the corresponding WHO-TEF are marked in bold text. REPs marked with ex were
outside the applicability domain, which means that these REPs came from extrapolations.

Compound guinea pig rat mouse WHO-TEF
1,2,3,4,7,8-HxCDD 0.2 0.1 0.3 0.1
1,2,3,7,8,9-HxCDD 0.2ex 0.2 0.4ex 0.1
OCDD - - - 0.0003

1,2,3,7,8-PeCDF 0.6 0.09 0.7 0.03
1,2,3,6,7,8-HxCDF 0.2 0.04 0.2 0.1
1,2,3,7,8,9-HxCDF 0.8 0.1 1 0.1
OCDF 0.03ex 0.01ex 0.04ex 0.0003

3,4,4’,5-tetraCB (PCB 81) 0.002 0.0001 0.0005 0.0003
2,3,4,4’,5-pentaCB (PCB 114) 0.0002 0.00003 0.00004 0.00003
2’,3,4,4’,5-pentaCB (PCB 123) 0.000009 0.000001 0.000001 0.00003
2,3,3’,4,4’,5’-hexaCB (PCB 157) 0.00004 0.00001 0.000008 0.00003

Table 2 shows the predicted REPs of untested DLCs based on the three QSARs
of the guinea pig, mouse, and rat in vitro responses. These REPs are hereafter
referred to as the guinea pig, mouse, and rat REPs. Some of the predicted REPs
were extrapolated from the QSAR models. Regarding OCDD, we did not report
any results because this compound was clearly out of the domain for all three
QSAR models; the probability that OCDD belonged to the models was outside the
95% confidence level (Paper II). All predicted guinea pig and mouse REPs were
similar or higher than the rat REPs and the WHO-TEFs (Table 2). For PCDDs,
the predicted guinea pig and mouse REPs were similar. For example, the guinea
pig and mouse REPs of 123478-HxCDD were 0.2 and 0.3, respectively, while the
rat REP had a value of 0.1, which is the same value as the corresponding WHO-
TEF. For 12378-PeCDF and 123789-HxCDF, the guinea pig and mouse REPs were
substantially higher than the corresponding rat REPs and WHO-TEFs (Table 2).

The predicted REPs for OCDF were similar for all three cell systems, but notably
they were approximately two orders of magnitude higher than the corresponding
WHO-TEF (0.0003). An earlier in vitro study [21] of OCDF with a similar rat
cell system and method have reported a REP of 0.012, i.e., a value closer to our
predicted values than to the corresponding WHO-TEF. However, the WHO-TEFs
were primarily based on in vivo data, and there can be differences of several orders
of magnitude between in vitro and in vivo REPs [51, 123]. The big difference
between the WHO-TEF and our data might be explained by large differences in
toxicokinetics between 2378-TCDD and OCDF [121]. That is, for OCDF there
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can be large differences (compared to 2378-TCDD) in how much of and at what
rate the administered dose reaches the target where the toxic effect is measured.

Unlike for the PCDD/Fs, the REPs of the tested PCBs were generally below the
corresponding WHO-TEFs for all three cell systems. For instance, the REPs of
PCBs 169 and 118 were between half an order and one order of magnitude lower
than the corresponding WHO-TEFs (Paper II). However, while the rat and mouse
cell systems rendered REPs that consistently were on the low side, the guinea pig
REPs were for several compounds higher than the WHO-TEFs, e.g., for PCBs 77,
105, and 156 (Paper II). This could explain the varied outcome in the predictions of
the untested non-ortho and mono-ortho PCBs for the guinea pig cell system. More
specifically, in contrast to the other predictions, the predicted REPs of PCBs 81
and 114 were one order of magnitude higher for the guinea pig cell system than
the corresponding WHO-TEFs (Table 2).

5.2 Descriptor analysis of the developed QSARs based on rat, mouse, guinea
pig, and human cells

In this thesis, QSARs of DLCs were developed by using data from in vitro studies
of 1) a rat cell system from Behnisch et al. [21] (Paper I), 2) individual rat, mouse,
and guinea pig cell systems (Paper II), and 3) several rat and human in vitro
responses (Paper III). The QSAR studies in Paper I showed that combining blocks
of 2D descriptors, 3D descriptors, and spectroscopic data for the model building
is superior to only using one or two of the three types of variables. Therefore, all
three blocks were used as a starting point for all subsequent QSAR modeling in
Papers II and III. All QSAR models developed by rodent-based bioassays (rat,
mouse, and guinea pig) showed similar features regarding what types of descriptors
that contributed the most to the models (Papers I–III). In all cases, a combination
of structural 2D descriptors, calculated electronic descriptors, and experimentally
derived electronic descriptors from UV spectra were among the most influential
variables. When developing a QSAR for the in vitro data of human responses,
it was, however, a disadvantage to include many of the 2D descriptors that were
used for the rodent models (Paper III). In contrast to the rodent-based QSARs,
the QSAR for the human in vitro data was developed based on only a small set of
descriptors, where several of them were atom-specific electronic descriptors.

The most significant descriptors for the QSARs of rodent data (Papers I–III) in-
dicated that highly potent DLCs have large positive van der Waals surface areas
and high UV absorption at both 210–215 nm and 235–240 nm. These wavelength
regions indicate the importance of the resonance of the benzene rings and of
properties due to the specific chlorine substitution patterns on the rings (see Sec-
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tion 4.3). The chemical stability of the DLCs is also important for these models.
Highly potent DLCs have lower GAP values, which indicates that these DLCs are
chemically less stable than the less potent DLCs. Moreover, the shape of the DLCs,
described primarily by the Kier3 and Balaban J indexes [113], is also important for
the potency of DLCs.

The significant descriptors for the QSAR of the human responses included atom-
specific descriptors that reflected the electronic properties of the lateral positions
of the structures. DLCs that were highly potent often had a high ratio between the
second highest and the highest-ranked lateral carbon HOMO density (Ha2/Ha1).
These DLCs also had a high ratio between the second highest and the highest-
ranked lateral carbon and the corresponding for the LUMO density (La2/La1)
(see Section 4.1). Moreover, for the DLCs, our results showed that the first and
second highest HOMO and LUMO densities for a lateral carbon were always on dif-
ferent rings. This means that highly potent DLCs have similar highest HOMO and
LUMO densities on both rings regarding their lateral carbons. Furthermore, the
MO densities of the lateral carbons also reflected the ranking of the MO densities of
the connected chlorine atoms (Figure 3). That is, the ranking of the MO densities
of the lateral chlorine atoms corresponded to the ranking of the MO densities of
the lateral carbons. This suggests that highly potent DLCs have two equally reactive
sites regarding lateral chlorine atom positions and that these sites are located on
different rings.

In the QSAR model of the human responses, the partial charges of the lateral
carbon positions were also important in order to differentiate between more potent
and less potent DLCs. Especially QC_a3_ESP, i.e. the partial charge at the third
highest ranked lateral carbon (see Section 4.1), was a significant descriptor. In
general, our calculations indicated that highly potent DLCs have higher partial
charges at their first, second, and third highest ranked lateral carbon compared to
the less potent DLCs. Assuming that positions with high partial charges can be
thought of as reactive, as suggested by Olivero-Verbel et al. [83], this could be a
measure of the ability of the DLCs to interact with AhR.

5.3 Applicability, future adjustments, and remarks on the developed QSARs of
DLCs based on in vitro data

The QSARs in this thesis were developed according to the OECD principles (see
Section 3.1), and this makes the models suitable to be used for regulatory purposes.
More specifically, these QSARs predict REPs that could be used for future reeval-
uation of the WHO-TEFs. Our in vitro studies and developed QSARs showed
that for several DLCs the REP differed depending on whether it was based on rat,
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mouse, or guinea pig responses (Paper II). If one were to apply our REPs to the REP
distributions used at the last expert meeting for establishing the WHO-TEFs [123],
the guinea pig and mouse data would promote higher TEFs for several DLCs for
which there are little or no in vivo data. Our data would, in particular, have a great
impact on the TEF reevaluation for DLCs that lack or have very little available
in vivo and in vitro data. An example of such a DLC is 123789-HxCDF, for which
there were no in vivo data and only two in vitro studies for the reevaluation [123].
For 12378-PeCDF and OCDF, some of the predicted REPs were based on extrap-
olations (Table 2). In such cases, we suggest that the data should not be used for
regulatory purposes even if the results seem reasonable.

In this thesis, the QSARs were built on in vitro data based on rat, mouse, guinea
pig, and human responses to the three chemical classes of DLCs—PCDDs, PCDFs,
and PCBs. In contrast, all models that I have encountered in the literature that
combine congeners from at least two of these chemical classes are built on rat-based
information. More specifically, these models have used the rat-based [3H]2378-
TCDD competitive binding data or AhR in vitro rat hepatocyte assay data by Safe
and followers [16, 17, 74, 92, 93, 95]. Another difference compared to previously
reported mixed chemical-class QSAR studies regarding PCDD/Fs and PCBs is that
we primarily focused on DLCs. That is, we used a considerably smaller number of
compounds compared to earlier reported mixed-class models [10, 20, 37, 71, 84,
99, 102, 115, 116].

To validate the models (Paper I–III), approximately one fourth of the data was
removed and used as an external validation set. For the split into training and
validation sets, we used the X-data to define the chemical space of the studied
compounds and applied PCA. By using PCA, a training set was picked so that
it covered and spanned the full space. To avoid extrapolation, the training set
for the model was set to span the full Y-range of the tested biological response.
For example, in the QSAR of the human CTFs (see Chapter 6), 1234678-HpCDF
had the lowest CTF of the tested DLCs and was thus explicitly put as part of the
training set (Figure 8). The resulting QSAR (Figure 8, left) only included PCDD/Fs
due to the low responsiveness to PCBs in the human cells (Paper III). The results
from the modeling of the human responses, that is, the QSAR based on human
CTFs (Figure 8, left), are discussed in Section 6.2. In the QSARs based on rodent
in vitro data (Papers I–III), PCB 126 was consistently underestimated. For example,
in the QSAR based on rat CTFs, the underestimation was more than two orders
of magnitude (Figure 8, right). When this compound instead was part of the
training set (Paper I), the underestimation was less prominent. However, overall
this showed that the key chemical properties of PCB 126 related to its biological
response were not covered.
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Figure 8: The observed versus predicted log-transformed consensus toxicity factors (CTF)
of the developed human and rat QSAR models (Paper III).

When developing the descriptors for the DLCs (Paper I), our aim was to cap-
ture the ability for the molecule to make non-covalent interactions to other small
molecules and proteins. Specifically, the descriptors were calculated and selected
to capture subtle electronic features of the lateral atoms (see Section 4.1) or to
describe the impact on the 𝜋-system due to different substitution patterns (see
Section 4.3). Previously reported QSARs of mixed classes concerning PCDD/Fs
and PCBs [10, 20, 37, 84, 99, 102, 115, 116] have in common that the models are,
partially or fully, built on electronic properties. Some of the earlier mixed mod-
els [10, 84, 102] were 3D QSARs; to develop a 3D QSAR, the studied molecules are
aligned and spatial fingerprints are calculated to describe, for instance, steric effects,
lipophilicity, and electrostatic interactions [91]. A model based on 78 congeners,
including PCDD/Fs and PCBs, was developed by Turner et al. [115] based on
infrared vibration frequencies. However, to my knowledge, no earlier reported
mixed-class model includes UV-data or the interpretation of specific regions of the
obtained spectra.
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6. Species-specific consensus toxicity factors of DLCs (Paper III)

At the reevaluation meeting for establishing the WHO-TEFs [123], there were
questions regarding how comparable human and rodent cell systems really are
for measuring AhR-mediated effects (see Section 3.3). To obtain insights into
this matter, in Paper III we analyzed 18 DLCs for a total of 17 different in vitro
responses. The initial analysis showed that the responsiveness and sensitivity of
the DLCs were lower in the human systems than in the rodent systems. These
results agree with previous in vitro studies of PCB 126 and 2378-TCDD in human
cells [125, 140]. However, our studies also showed that there is a difference between
human and rodent responses regarding how the DLCs relate to each other in terms
of potency. Based on the REP data, we provided a new approach, the CTF, to
condense information from a battery of screening tests. A CTF for a DLC is based
on multivariate analysis of many DLCs’ REPs from the applied assays (Figure 9).
More specifically, we performed PCA using the in vitro data of one target species
and used the first PC, the score values, to establish the toxicological ranking in
the data. This approach directly addressed the ranking of the DLCs seen for each
applied response in the PCA. By using PCA, the information is condensed and
noise is removed (see Section 3.5.1). In this case, the noise consisted of data that did
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Figure 9: The REPs for the in vitro data are based on the concentrations needed to reach a
benchmark response (BMR) equal to 20 % of the maximum 2378-TCDD response. The
REP data were log-transformed, scaled, and then used for the PCA. The data included
studies of luciferase reporter gene and ethoxyresorufin-O-deethylase (EROD) assays, as
well as gene expressions of CYP1A1, CYP1B1, and aryl hydrocarbon receptor regulator
(AhRR) (see Section 6.1).
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Figure 10: PCA results based on the REPs of 17 in vitro responses from human and rodent
bioassays and the WHO-TEFs (here called ”TEF”). (a) The score plot for the first and
second PCs explaining 64 % and 17 % of the variation in the data, respectively, and (b) the
corresponding loading plot. In (b), the human responses are shown as triangles, the rodent
responses are shown as dots, and the rodent CYP1B1 responses are shown as open circles.

not contribute to the overall toxicological ranking. Moreover, by performing a PCA,
we were able to see that a large part of the information was systematic variation
for human and rodent in vitro responses (Figure 10). This chapter includes a case
study where CTFs and WHO-TEFs were applied to representative concentrations
of DLCs in fish from the Baltic Sea region (see Section 6.2). The case study showed
that the TEQ based on CTFs in the fish samples did not substantially change, even
though the PCBs were assigned a lower impact by the human CTFs compared to
the WHO-TEFs (Table 3).

6.1 Applied AhR mediated biological responses

In 2009, the project “The development, validation and implementation of human
systemic Toxic Equivalencies (TEQs) as biomarkers for dioxin-like compounds”
(SYSTEQ) was initiated to extensively study the toxicological effects of DLCs [154].
Within this project, a large group of DLCs—18 of the 29 compounds defined as
DLCs in this thesis (see Section 3.2)—plus two additional PCBs were studied in
parallel for different in vitro AhR mediated endpoints. In Paper III, we performed
a comprehensive study of seven rat, two mouse, one guinea pig, and seven human
in vitro responses measured in SYSTEQ. These 17 responses comprised luciferase
gene expression assays, CYP1A1/CYP1B1/aryl hydrocarbon receptor regulator
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mRNA expression assays, and ethoxyresorufin-O-deethylase induction, i.e., CYP
induction, assays. Furthermore, these assays targeted several types of organs and
tissues, such as liver, lung, spleen, and skin. The slope and efficacy, i.e., the top
level, of the dose-response curves of the tested DLCs and 2378-TCDD were not
always comparable. For this reason, we calculated the concentration needed for a
tested DLC to reach a benchmark response equal to 20% of the maximum 2378-
TCDD response in order to establish in vitro REPs (Paper III). The advantage of a
benchmark response at the lower part of the curve is that the agreement in curve
shape is less essential, and we believed that calculating REPs based on 50% effect
concentrations might add a significant uncertainty due to differences in slope and
efficacy between the tested DLCs and 2378-TCDD.

6.2 The rat and human CTFs

The rat CTFs corresponded well with the WHO-TEFs. This was rather expected be-
cause theWHO-TEFs are primarily based on data from rat studies (see Section 3.3).
Among the PCDD/Fs, most rat CTFs were within one order of magnitude from the
corresponding WHO-TEFs. For example, 123789-HxCDD has a CTF of 0.3 and a
WHO-TEF of 0.1 (Table 3). The exceptions were OCDF and PCB 169. The rat CTF
for OCDF is 23 times higher than the corresponding WHO-TEF. As discussed in
Section 5.1, the higher CTF of OCDF compared to the WHO-TEF is likely due
to the fact that CTFs are based on in vitro information, which does not consider
absorption, distribution, metabolism and excretion processes; OCDF might have
considerably lower bio-availability in vivo compared to 2378-TCDD. Toxicokinetics
are accounted for in in vivo experiments and by the expert judgment underlying
the WHO-TEF of OCDF. Moreover, the in vivo and in vitro databases [51] used
when deciding on the WHO-TEFs [123] show that there are many in vitro REPs
that are higher than the in vivo REPs regarding OCDF. PCB 169 has a rat CTF
more than ten times lower than the corresponding WHO-TEF; the CTF is 0.002
and the WHO-TEF is 0.03. The CTF of PCB 169 (0.002) is similar to reported
in vitro REPs in the literature (0.0019 and 0.0034) [21] obtained by using luciferase
reporter gene and ethoxyresorufin-O-deethylase induction assays, respectively. On
the whole, there are large differences in reported in vivo REPs for PCB 169, from
less than 0.001 to almost 1 [51]. These difference are believed to be due to species
differences and differences in the studied endpoints [123].

The human CTFs indicate that there are differences in potency within the groups
of hexa-chlorinated and hepta-chlorinated DLCs among PCDD/Fs (Table 3). In
contrast, in theWHO-TEFs, all of the hexa-chlorinated and hepta-chlorinated DDs
and DFs are assigned a value of 0.1 and 0.01, respectively (Table 3). In particular,
123789-HxCDD has a very low CTF (0.002) and 123478-HxCDF has a very high
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Table 3: Summary of the CTFs calculated from the in vitro data (marked with a ”t”) and the
CTFs for the untested DLCs (unmarked) predicted by QSAR modeling based on existing
CTFs (Paper III). For comparisons, the corresponding WHO-TEFs [123] are also shown.
CTFs that are at least one order of magnitude higher than the corresponding WHO-TEF
are marked in bold text. CTFs marked with ex were outside the applicability domain,
which means that these CTFs came from extrapolations.
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3,3’,4,4’,5,5’-hexaCB (PCB 169)t 0.002 - 0.03

M
on

o-
or
th
o–

su
bs

tit
ut

ed
PC

Bs

2,3,3’,4,4’-pentaCB (PCB 105)t 0.00001 - 0.00003
2,3,4,4’,5-pentaCB (PCB 114) 0.00006 - 0.00003
2,3’,4,4’,5-pentaCB (PCB 118)t 0.000009 - 0.00003
2’,3,4,4’,5-pentaCB (PCB 123) 0.000009 - 0.00003
2,3,3’,4,4’,5-hexaCB (PCB 156)t 0.00008 - 0.00003
2,3,3’,4,4’,5’-hexaCB (PCB 157) 0.00003 - 0.00003
2,3’,4,4’,5,5’-hexaCB (PCB 167)t 0.000007 - 0.00003
2,3,3’,4,4’,5,5’-heptaCB (PCB 189)t 0.000007 - 0.00003
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CTF (1) compared to the corresponding WHO-TEFs. For 123478-HxCDF, there
are reported in vitro REPs below 0.1 as well as above 1. But the in vivo REPs have
been closer to 0.1 according to the in vivo and in vitro databases that are based on
rat and mouse data [51]. Regarding 123789-HxCDD, there has been, according to
Haws et al. [51], only one reported in vivo REP (0.029), which was determined in a
the study based on mouse fetuses [109]. However, those data were not considered
sufficient to decrease the TEF of 123789-HxCDF [123].

At the last reevaluation [123], it was discussed whether or not to increase the TEF of
1234678-HpCDD to 0.03 due to existing in vivo REPs. The human CTF of 1234678-
HpCDD (0.2) is considerably higher than those REPs and is higher than the in vitro
REPs reported byHaws et al.[51]. Hence, our results support an increase in the TEF
for 1234678-HpCDD. The human CTFs of the hepta-chlorinated DFs (0.01–0.3)
are in the same range as the in vitro REPs (0.02–0.3) [26, 119] based on rat and
mouse cells that were used at the last reevaluation meeting [123]. At that time,
the expert panel at the reevaluation meeting concluded that there was too much
uncertainty in this limited database to increase the TEF of the hepta-chlorinated
DFs. Another reason to keep the TEF at 0.01 was the possibly low absorption
of these DLCs in the gastrointestinal tract [123]. The human CTF of OCDD is
more than ten times higher than the corresponding WHO-TEF. This is interesting
because OCDD has been found at high levels in human blood [1, 50]. The human
CTF of OCDF is approximately 600 times higher than the corresponding WHO-
TEF and 29 times higher than the rat CTF. However, the reason for the higher CTF
of OCDD might, just as for the rat CTF of OCDF, be differences in toxicokinetics,
e.g. in bio-availability, between highly chlorinated DLCs and 2378-TCDD.

Among the less chlorinated DLCs, we found that 12378-PeCDF has a more than
ten times higher human CTF than the corresponding WHO-TEF. Such an increase
in risk factor might have a significant impact on the calculated TEQs in fish,
as described in more detail below. Regarding PCBs, most of the tested DLCs
were inactive in the applied human assays. Only PCB 126, the most potent PCB
according to the WHO-TEFs, was active in a majority of the assays, and achieved
a CTF of 0.003, which is 30 times lower than the corresponding WHO-TEF. The
human CTF is consistent with earlier reports [125, 140] that also showed human
in vitro REPs to be lower than the WHO-TEF of 0.1. Recently, based on the
currently available in vitro data using human cells, it has been suggested that
the AhR-mediated risk in humans for PCBs is overestimated in the current TEF
concept [126].
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6.3 Comparisons of estimated risks associated with DLCs in fish from the Baltic
Sea calculated by using human CTFs andWHO-TEFs

In the EU, government agencies use the WHO-TEFs to estimate the risk associated
with DLCs in food products by calculating the corresponding TEQ (see Section 3.3).
From the TEQ, they conclude whether the risk of DLCs is below the EU limit set for
that specific food product. Regarding fish caught in the Baltic Sea, there has long
been a problem with TEQs being too high compared to the EU limit [12, 75, 80].
The following case study gives an indication of what impact the different DLCs
would have if CTFs were used as weights when calculating TEQs in fish and what
would happen to the size of the TEQs, that is, what would happen to the estimated
risk of DLCs in fish.

The Swedish National Food Agency (SNFA) continuously measures food products
regarding contaminants such as DLCs. In 2015, the SNFA reported that five of the
six studied salmonid samples taken from different parts of the Baltic Sea exceeded
the EU limit for fish, which is 6.5 pg TEQ/g fresh weight [151]. If one applies the
human CTFs in the TEQ calculations instead of the WHO-TEFs, the TEQs would
all exceed the EU limit for fish. The estimated risk associated with DLCs of these
samples, based on human CTFs, is in the range of 7.1–11.0 pg TEQ/g fresh weight.
The decreased impact of PCBs in the calculations is balanced by the increased
impact of, in particular, 23478-PeCDF (Table 4). Some compounds that have a
high impact in the TEQ calculation, e.g. 12378-PeCDF, have CTFs that are derived
from extrapolations, and these values must be treated with caution. Calculations
using only the CTFs from the in vitro data and from non-extrapolated CTFs, and
using the WHO-TEFs for the remaining DLCs, also show that the EU limit would
be exceeded for all six samples. The estimated risk of DLCs in the samples would,
in that case, be in the range of 6.8–10.4 pg TEQ/g fresh weight.

The greatest contributions to the CTF-based TEQ were from 23478-PeCDF, fol-
lowed by 12378-PeCDD, 2378-TCDF, 12378-PeCDF, and 2378-TCDD (Table 4).
For the WHO-TEFs, the ranking would be 23478-PeCDF, followed by 12378-
PeCDD, 2378-TCDF, and 2378-TCDD. That is, it is the same ranking as before
except for 12378-PeCDF, which only contributed with 0.5–1% of the WHO-TEQs
compared to 5–7% of the CTF-based TEQs. Notably, PCB 126 only contributed
with 1–2% of the CTF-based TEQs due to the much lower value of the human CTF
compared to the WHO-TEF. In contrast, PCB 126 contributed with approximately
50 % of the reported WHO-TEQs. The hexa-chlorinated DDs and DFs were at
very low concentrations, 0–0.36 pg/g fresh weight, in these samples, and thus gave
very small contributions to the calculated TEQs. Among the hexa-chlorinated
congeners, 123478-HxCDF contributed the most (1–2%) to the CTF-based TEQs
due to its high human CTF (Table 3). The hepta- and octa-chlorinated DDs and
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Table 4: The contribution of each DLC to the estimated risk of DLCs in fish using the
WHO-TEFs and the human CTFs (pg TEQ/g fresh weight). More information regarding
the fish studies is given in the SNFA report[151]. This table is continued on page 38.

Dalälven Kluntarna Seskar-Furö
WHO- CTF WHO- CTF WHO- CTFTEF TEF TEF

2,3,7,8-TCDD 0.26 0.26 0.49 0.49 0.49 0.49
1,2,3,7,8-PeCDD 0.55 0.55 0.91 0.91 0.89 0.89
1,2,3,4,7,8-HxCDD 0.0020 0.00060 0.0050 0.0015 0.0050 0.0015
1,2,3,6,7,8-HxCDD 0.024 0.014 0.036 0.022 0.036 0.022
1,2,3,7,8,9-HxCDD 0 0 0.0020 0.000040 0.0020 0.000040
1,2,3,4,6,7,8-HpCDD 0 0 0 0 0 0
OCDD 0 0 0 0 0 0
2,3,7,8-TCDF 0.44 0.44 0.80 0.80 0.81 0.81
1,2,3,7,8-PeCDF 0.017 0.34 0.033 0.66 0.033 0.66
2,3,4,7,8-PeCDF 1.6 5.4 2.3 7.8 2.3 7.5
1,2,3,4,7,8-HxCDF 0.0060 0.060 0.015 0.15 0.015 0.15
1,2,3,6,7,8-HxCDF 0.011 0.0044 0.022 0.0088 0.025 0.010
1,2,3,7,8,9-HxCDF 0 0 0 0 0 0
2,3,4,6,7,8-HxCDF 0.009 0.0054 0.017 0.010 0.018 0.011
1,2,3,4,6,7,8-HpCDF 0 0 0 0 0 0
1,2,3,4,7,8,9-HpCDF 0 0 0 0 0 0
OCDF 0 0 0 0 0 0
PCB 77 0.0034 0 0.011 0 0.012 0
PCB 81 0.00013 0 0.00033 0 0.00027 0
PCB 105 0.042 0 0.073 0 0.074 0
PCB 114 0.0026 0 0.0048 0 0.0049 0
PCB 118 0.14 0 0.25 0 0.24 0
PCB 123 0.00091 0 0.0013 0 0.0013 0
PCB 126 2.3 0.069 5.4 0.16 5.5 0.16
PCB 156 0.023 0 0.035 0 0.032 0
PCB 157 0.0051 0 0.0079 0 0.0077 0
PCB 167 0.011 0 0.017 0 0.017 0
PCB 169 0.34 0 0.49 0 0.46 0
PCB 189 0.0033 0 0.0043 0 0.0038 0
Total TEQ 5.8 7.1 11.0 11.0 10.9 10.7
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Table 4 (continued): The contribution of each DLC to the estimated risk of DLCs in fish
using the WHO-TEFs and the human CTFs (pg TEQ/g fresh weight).

Nordingrå Pukavik Sollefteå
WHO- CTF WHO- CTF WHO- CTFTEF TEF TEF

2,3,7,8-TCDD 0.45 0.45 0.51 0.51 0.36 0.36
1,2,3,7,8-PeCDD 0.70 0.70 0.82 0.82 0.71 0.71
1,2,3,4,7,8-HxCDD 0.0050 0.0015 0.0050 0.0015 0.0040 0.0012
1,2,3,6,7,8-HxCDD 0.027 0.016 0.033 0.020 0.032 0.019
1,2,3,7,8,9-HxCDD 0.0020 0.000040 0.0020 0.000040 0.0020 0.000040
1,2,3,4,6,7,8-HpCDD 0 0 0 0 0 0
OCDD 0 0 0 0 0 0
2,3,7,8-TCDF 0.75 0.75 0.85 0.85 0.65 0.65
1,2,3,7,8-PeCDF 0.027 0.53 0.033 0.66 0.027 0.55
2,3,4,7,8-PeCDF 1.4 4.8 1.8 6.0 1.7 5.7
1,2,3,4,7,8-HxCDF 0.015 0.15 0.017 0.17 0.016 0.16
1,2,3,6,7,8-HxCDF 0.020 0.0080 0.021 0.0084 0.022 0.0088
1,2,3,7,8,9-HxCDF 0 0 0 0 0 0
2,3,4,6,7,8-HxCDF 0.015 0.0090 0.020 0.012 0.017 0.010
1,2,3,4,6,7,8-HpCDF 0 0 0 0 0 0
1,2,3,4,7,8,9-HpCDF 0 0 0 0 0 0
OCDF 0 0 0 0 0 0
PCB 77 0.014 0 0.014 0 0.0085 0
PCB 81 0.00036 0 0.00030 0 0.00054 0
PCB 105 0.056 0 0.067 0 0.050 0
PCB 114 0.0039 0 0.0041 0 0.0031 0
PCB 118 0.19 0 0.22 0 0.14 0
PCB 123 0.0012 0 0.0014 0 0.0013 0
PCB 126 5.4 0.16 5.8 0.17 4.7 0.14
PCB 156 0.024 0 0.028 0 0.027 0
PCB 157 0.0058 0 0.0068 0 0.0061 0
PCB 167 0.014 0 0.017 0 0.014 0
PCB 169 0.35 0 0.40 0 0.40 0
PCB 189 0.0026 0 0.0032 0 0.0034 0
Total TEQ 9.5 7.6 10.7 9.2 8.9 8.3
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DFs did not contribute to the TEQs because all measurements were below the
detection limit for these samples.

6.4 Applicability, future adjustments, and remarks of the CTF approach

The CTF approach is applicable to experimental data that have already been trans-
lated into the same units and range for comparability, such as REPs (see Section 3.3).
In Paper III, we studied AhR activation by in vitro responses targeting different
steps in the activation chain. We measured transcriptional regulation, mRNA gene
expression, and induction of CYP enzymes. That is, we studied in vitro responses
reflecting the same mechanism of action, which we believe is a prerequisite for the
CTF approach. In the future, it would be interesting to apply the approach to related
chemical classes—such as PCNs, PBDEs, and brominated or mixed-halogenated
analogues of PCDD/Fs and PCBs—with regard to AhR mediated effects. Recently,
polybrominated dibenzo-p-dioxins (PBDDs) and polybrominated dibenzofurans
(PBDFs) have been recommended to be included in the TEF concept [124], and
polychlorinated naphthalenes (PCNs)were previously considered for inclusion [41].
The approach could also be applied to other available in vitro and in vivo databases
covering other mechanisms of action, e.g., those mediated through the estrogen
receptor.

In Paper III, the input data were log-transformed and scaled to unit variance in
the development of the CTFs. In retrospect, this step was not necessary because
REPs were used for the PCA and thus the data were normalized (Figure 9). By not
scaling the data, the score values remain in the same scale as the initial REPs and
hence also the WHO-TEFs. This should simplify the procedure for creating CTFs
in the future. The strength of the CTF approach is that it focuses on finding the
joint toxicological ranking in the large data set and assigns relative values for the
included compounds based on the located ranking. A weaknesses or issue might
be what to do if several significant PCs emerge in the PCA. In our case, we could
assign the second significant PC to species differences (Figure 10), but the situation
might not always be as straightforward.

PCA has previously been used to make classifications or rankings of compounds
based on toxicological effects or specific properties of concern, such as persistent,
bio-accumulative, and toxic properties [8, 86]. In those studies, the score values
from PCAs were used as inputs for linear regression modeling aimed to predict
non-ranked compounds. In particular, Andersson et al. [8] created a toxicological
ranking of PCBs based on REPs from two CYP1A induction assays in monkey, pig,
and chicken hepatocytes. In that case, the species differences were not pronounced
and, consequently, all of the data were used to create one PCA and one ranking
value for each PCB. In our case, the PCA of the 17 in vitro responses showed signif-
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icant differences between the human and rodent data (Figure 10), and this led us to
split the data and to establish human and rat CTFs separately. All human in vitro
responses were used, while a subset of the rat responses was selected for the CTFs.
The selection was based on how the responses influenced the two PCs in the initial
PCA of the 17 in vitro responses (Figure 10). The determining factor for including
all human responses was that they were closely clustered (Figure 10b).
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7. Potential AhR ligands among industrial chemicals by ligand-
and structure-based virtual screening (Paper IV)

In addition to DLCs (see Section 3.4), many other structurally diverse compounds
have been suggested to activate the AhR pathway [34, 79]. Figure 11 illustrates
some structural differences among AhR modulators. Besides DLCs, more flexible
and hydrophilic compounds, such as bilirubin and several prostaglandins, have
been shown to activate AhR [98, 101]. Moreover, several pesticides have shown
in vitro AhR-mediated effects [110], and more recently high-throughput screening
approaches have been used to identify compounds that activate AhR [150]. In
Paper IV, we searched for potential AhR ligands among a large set of industrial
chemicals. More specifically, we developed a virtual screening protocol and applied
it to a set of 6,445 industrial chemicals. This protocol is both ligand and structure-
based. The two ligand-based steps consist of nearest neighbor analysis, which is
based on structural and chemical properties in a PCA, and structural fingerprints.
The structure-based step is a molecular docking that uses a rat homology model
and known AhR ligands. These three steps are run in parallel because multiple
scoring and data fusion have proven to be more robust than, and often outperform,
a single virtual screening method for various data sets and receptor targets [14,
106, 107, 133]. Applying the results from at least two of the three methods yielded
41 potential AhR ligands (see Section 7.2). Our results were compared to existing
data produced by a large high-throughput screening [150] (see Section 7.3).

7.1 Selection of AhRmodulators as AhR ligands for the virtual screening proto-
col

Compounds having shown AhR-mediated effects in rat or mouse in vitro studies
were collected from the literature and used to analyze the chemical space of AhR
modulators (see Section 3.4). The PCA based on 68 2D descriptors and 18 3D
descriptors of the 214 collected compounds showed that the chemical space was
heterogeneous (Figure 12). Amajority of these compoundswere environmental pol-
lutants, and moreover, they were (or resembled) halogenated or non-halogenated
aromatic compounds, like the DLCs or polycyclic aromatic hydrocarbons (Fig-
ure 11; 1–3, 10). However, approximately 40 compounds differed structurally from
the rest of the 214 AhR modulators. This smaller selection included endogenous
compounds of different sizes, pharmaceuticals, and natural products (Paper IV).
The first two PCs of the PCA reflected a great variation in structural and chemi-
cal properties among AhR modulators. For example, the halogenated aromatics
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Figure 11: The chemical structures of selected AhR modulators. Nine of these compounds
(1–9) have also been reported as binders to AhR. 1) 2,3,7,8-tetrachloro-dibenzo-p-dioxin
(2378-TCDD), 2) 3,3’,4,4’,5-pentachloro-biphenyl (PCB 126), 3) benzo-a-pyrene, 4) 6-
formylindolo[3,2-b]carbazole, 5) 2-(1’H-indole-3’-carbonyl)-thiazole-4-carboxylic acid
ester, 6) flutamide, 7) leflunomide, 8) nimodipine, 9) beta-naphthoflavone, 10) dinaph-
tho[1,2-b;1’2’-d]furan, 11) prostaglandin G2, and 12) bilirubin (Paper IV).

(the large cluster to the left in Figure 12) are less flexible, more hydrophobic, and
have a larger hydrophobic surface area in relation to their size compared to the
endogenous compounds and pharmaceuticals (Figure 11; 5–8). However, among
the endogenous compounds, some are as rigid as the DLCs (Figure 11; 4), while
other compounds are not aromatic (Figure 11; 11), or are much larger compared
to the other AhR modulators (Figure 11; 12). Due to the great structural variation
of the AhR modulators (Figure 12), one might question whether it really could
be that all of these compounds actually directly bind to AhR. Denison et al. [34]
proposed that many compounds that have shown AhR-mediated responses might
only indirectly activate the receptor. Therefore, only the compounds for which
binding experiments have been reported in the literature were used as known
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Figure 12: The score plot of the first and second PCs (48 % and 17 % of the explained
variation, respectively) of the 214 obtained AhR modulators based on 68 2D and 18 3D
descriptors (Paper IV). The 66 AhR binders are marked with red circles, and the remaining
AhR modulators are marked with blue stars. The numbers refer to locations of compounds
whose structures are given in Figure 11.

AhR ligands for the virtual screening (Paper IV). This final selection consisted of
66 compounds, including some of the more flexible and hydrophilic compounds
(Figure 11; 5–8).

7.2 Potential AhR ligands among the industrial chemicals

The developed virtual screening protocol (Figure 13) included an initial filtration
step aiming at identifying chemicals with structural similarities to the 66 known
AhR binders (Figure 12). However, the chemical space was defined based solely on
the 2D descriptors in order to save computational time. This step was followed by
three parallel steps consisting of structural fingerprints, nearest neighbor analysis,
and molecular docking. These methods were applied to the 429 industrial chem-
icals remaining from the initial filtration. The structural fingerprints consisted
of 166 predefined structural keys corresponding to various fragments that form
the binary fingerprints of the molecules [145], and these strings were compared
using the Tanimoto coefficient [132]. The nearest neighbor analysis was based on
a PCA of the 66 known AhR ligands and the 429 industrial chemicals using the
2D descriptors and by calculating Euclidean distances in the PCA. The molecu-
lar docking of the 429 industrial chemicals and the 66 known AhR ligands was
performed using a modified version of a previously reported docking protocol for
the used homology model [77]. When the screening protocol was applied to the
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Industrial Chemicals

Initial filter based on structural
and chemical properties

Structural Fingerprints Nearest Neighbor Analysis Molecular Docking

Potential AhR ligands

6445

429429 429

9332 177

7

Figure 13: A flowchart illustrating the virtual screening protocol for identifying AhR
ligands among industrial chemicals. The numbers next to the boxes correspond to the
total number of compounds captured by the previous enrichment step.

set of 6,445 industrial chemicals, the three parallel steps in the virtual screening
protocol provided 250 unique industrial chemicals. Furthermore, 41 of these 250
compounds, approximately 16 %, were identified as potential AhR ligands by at
least two of the parallel steps. More specifically, 7 compounds were identified by
all parallel steps, 12 compounds were identified by the structural fingerprints and
nearest neighbor analysis but not the molecular docking, and 22 compounds were
identified by the nearest neighbor analysis and the molecular docking but not by
the structural fingerprints.

The seven compounds identified by all three enrichment steps included three
well-studied environmental contaminants—the pesticide p,p’-dichlorodiphenyl-
trichloroethane (pp’-DDT), the brominated flame retardant 2,2’,4,4’,5-pentabromo-
diphenylether, and the biocide triclosan (Figure 14; 13–15). These three compounds
have been shown to activate or suppress the AhR pathway in vitro [5, 49, 136] and
they closely resemble known AhR binders among halogenated aromatic com-
pounds (Figure 11; 1–2). Among these seven compounds is also a pharmaceutical
being used as a calcium blocker, nisoldipine (Figure 14), which has also been
shown to activate AhR [150]. Nisoldipine resembles the rather large and globular
pharmaceutical nimodipine (Figure 11; 8).
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Figure 14: The chemical structures of the seven compounds identified by all
three enrichment steps in the virtual screening protocol (Paper IV). 13) triclosan,
14) 2,2’,4,4’,5-pentabromodiphenylether; 15) p,p’-dichlorodiphenyltrichloroethane (pp’-
DDT), 16) 2-chlorotritylchloride; 17) 3-p-hydroxy-anilinocarbazole, 18) 3-(2-chloro-
4-nitrophenyl)-5-(1,1-dimethylethyl)-1,3,4-oxadiazol-2(3H)-one, and 19) nisoldipine.

The remaining three compounds (Figure 14; 16–18) consisted of a peptide synthesis
intermediate (Figure 14; 16), a dye used for cotton textiles (Figure 14; 17), and a her-
bicide synthesis intermediate (Figure 14; 18). Tomy knowledge, none of these three
compounds have been tested for AhR-mediated effects. 2-Chlorotritylchloride
(Figure 14; 16) is not fully planar but otherwise resembles PCBs and polycyclic aro-
matic hydrocarbons (Figure 11; 2–3). The dye 3-p-hydroxy-anilinocarbazole (Fig-
ure 14; 17) resembles the endogenous AhR binders 6-formylindolo[3,2-b]carbazole
and 2-(1’H-indole-3’-carbonyl)-thiazole-4-carboxylic acid ester (Figure 11; 4–5).
Finally, the herbicide intermediate 3-(2-chloro-4-nitrophenyl)-5-(1,1-dimethyl-
ethyl)1,3,4-oxadiazol-2(3H)-one (Figure 14; 18) is structurally a mix of the AhR
binders flutamide and leflunomide (Figure 11; 6–7).

Besides pp’-DDT, 2,2’,4,4’,5-pentabromodiphenyl ether, triclosan, and nisoldipine,
another ten compounds among the 41 have been tested for AhR-mediated effects.
Seven of these ten additional compounds have been shown to activate the AhR
pathway (Table 5). The three remaining compounds, anthracene-9-carbaldehyde
(642-31-9), tetradifon (116-29-0), and triphenylphosphine (603-35-0) have been
tested for AhR-mediated effects but were found to be inactive [110, 150]. In these
tests, the reported purity of anthracene-9-carbaldehyde and tetradifon were above
90 %, while the purity of triphenylphosphine was below 75 %. Hence, based on our
findings we suggest triphenylphosphine be retested. Overall, among the 41 indus-
trial chemicals, there were 27 compounds for which, to our knowledge, no testing
for AhR-mediated effects has been performed. For future in vitro testing regarding
AhR-mediated effects, we suggest these 27 compounds and triphenylphosphine be

45



Table 5: Among the 41 potential AhR ligands, 11 compounds have been reported to activate
or suppress the AhR pathway. The number strings show the Chemical Abstracts Service
(CAS) numbers of the corresponding compounds.

CAS number Industrial chemical Reference
50-29-3 p,p’-dichlorodiphenyltrichloroethane

(pp’-DDT)
Wojtowicz et al. [136]

32534-81-9 2,2’,4,4’,5-pentabromodiphenyl ether Hamers et al. [49]
3380-34-5 triclosan Ahn et al. [5]
63675-72-9 nisoldipine NCBI [150]

115-32-2 dicofol Chan et al. [29]
120-78-5 di(benzothiazol-2-yl) disulphide He et al. [52]
25059-80-7 ethyl 4-chloro-2-oxo- 2H-benzothia-

zole-3-acetate
NCBI [150]

3896-11-5 bumetrizole Fent et al. [43], Nagayoshi et al. [78]
50471-44-8 vinclozolin de Oca et al. [33]
5495-84-1 2-isopropylthioxanthone Peijnenburg et al. [88], NCBI [150]
97-32-5 4-methoxy-3-nitro-N-phenylbenzamide NCBI [150]

tested (Table 6). In particular, we suggest testing of the three untested compounds,
which all three methods identified as potential AhR ligands, be tested. In Table 6,
these compounds are given a rank of 1, and the remaining 25 compounds are given
a rank of 2.

7.3 Applicability, future adjustments, and remarks on the developed virtual
screening protocol

The virtual screening protocol was developed to identify potential AhR ligands
among a specific set of industrial chemicals. However, the protocol is not dependent
on the tested data set and can thus be applied to other data sets. In this study, we
used rat and mouse in vitro data to create the initial filter and to identify the
known AhR ligands for the ligand-based steps in the protocol. Also, we used a
rat homology model for the structure-based step. We focused on rodents because
binding energies estimated by this particular rat homology model have been shown
to correlate well with experimentally derived competitive binding affinities for
PCDDs [77]. Moreover, there is, to our knowledge, very little ligand binding
information based on human cell studies reported in the literature compared to
rat and mouse data. In Chapter 6, we identified differences in potency (i.e. in
REPs) between DLCs depending on whether the experimental data were based
on measured in vitro responses in human or in rodent cells. Also, not all PCBs
were active in the measured in vitro responses in human cells (Paper III). However,
there were representatives from all three studied chemical classes (PCDDs, PCDFs,
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Table 6: The resulting priority list of 28 industrial chemicals from the virtual screening.
Chemicals identified by all three enrichments in the virtual screening are given rank 1.
Chemicals identified by two, but not all three, enrichment methods are given rank 2.
SL stands for combining a ligand-based and structure-based method, and L stands for
combining just the ligand-based methods.

CAS number Chemical name Rank
31399-83-4 3-(2-chloro-4-nitrophenyl)-5-(1,1-dimethylethyl)-1,3,4-

-oxadiazol-2(3H)-one
1

42074-68-0 2-chlorotrityl chloride 1
86-72-6 3-p-hydroxyanilino-carbazole 1

1041-00-5 2,2’-vinylenebis[5-methylbenzoxazole] 2SL
1047-16-1 5,12-dihydroquino[2,3-b]acridine-7,14-dione 2SL
132-68-3 3-hydroxy-N-1-naphthyl-2-naphthamide 2SL
2392-48-5 4-chloro-1-(2,4-dichlorophenoxy)2-nitrobenzene 2SL
2475-46-9 1-methylamino-4-ethanolaminoanthraquinone 2SL
2832-40-8 N-[4-[(2-hydroxy-5-methylphenyl)azo] phenyl]acetamide 2SL
2879-15-4 8-benzyl-3,7-dihydro-1,3-dimethyl- 1H-purine-2,6-dione 2SL
56966-52-0 5-chloro-2-(2,4-dichlorophenoxy)aniline 2SL
58979-46-7 N-[5-(diethylamino)-2-[(3,5-dinitro-2-thienyl)azo]phenyl]-

acetamide
2SL

76-83-5 chlorotriphenylmethane 2SL
7643-08-5 2-methylthiophenothiazine 2SL
81-98-1 3,9-dibromo-7H-benz[de]anthracen-7-one 2SL
94279-09-1 2-hydroxy-3-[[(4-methylphenyl)sulphonyl]oxy]propyl-

tert-decanoate
2SL

94279-10-4 3-hydroxy-2-[[(4-methylphenyl)sulphonyl]oxy]propyl-
tert-decanoate

2SL

15307-93-4 2,6-dichloro-N-phenylaniline 2L
1775-95-7 2-amino-5-nitrobenzophenone 2L
24112-48-9 N-[5-(diethylamino)-2-[(2,4-dinitro-phenyl)azo]phenyl]

acetamide
2L

26140-60-3 terphenyl 2L
2866-43-5 2,2’-thiophene-2,5-diylbis(benzoxazole) 2L
38982-12-6 3-(9-anthryl)acrylaldehyde 2L
41604-19-7 4-bromo-2-fluoro-1,1’-biphenyl 2L
41642-51-7 N-[2-[(2,6-dicyano-4-nitrophenyl)azo]-5-(diethylamino)-

phenyl]acetamide
2L

59383-11-8 2-chloroethyl 3-nitro-p-toluate 2L
603-35-0 triphenylphosphine 2L
81-37-8 2,8-dimethylnaphtho[3,2,1-kl]xanthene 2L
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and PCBs) that were active in evoking both human and rodent in vitro responses.
If this trend were to also apply to other chemical classes, this would suggest that
using rodent-based data yields an overly cautious outcome and might provide false
positives regarding compounds that are hazardous to human health.

The National Center for Biotechnology Information (NCBI) [150] has reported
high-throughput screening results for approximately 10,000 chemicals regarding
activation of AhR in human cells. Their work covered approximately one fourth of
the 429 chemicals that we screened in our parallel steps. To minimize the influence
of impurities, we only included chemicals that had the highest purity rate (>90%),
and where the compounds consistently have been stated as active or inactive. This
resulted in 38 active chemicals and 56 inactive chemicals. Notably, 14 of the 38
compounds reported as active by the NCBI [150] were not identified as potential
AhR ligands by any of our parallel steps, despite being screened in those steps.
However, AhR activation might not always be dependent on binding [34, 79].
Compounds that activate AhR by, for instance, cross-talking to other nuclear
receptors as suggested by Denison et al. [35], might therefore be hard to locate
in a virtual screening based on AhR. Another possibility is that the unidentified
active chemicals might bind to the human AhR but not to the rat AhR, which was
used in our screening. Another 15 compounds of the 38 were only identified as
potential AhR ligands by the molecular docking method. Hence, by delimiting the
final selection of potential AhR ligands to those identified by at least two of the
methods, fewer of these 38 compounds were identified. To take a more cautious
approach, one might want to also include compounds that are only identified by
one of the individual steps.

The three parallel steps in the virtual screening protocol include approaches that
provide different aspects of ligand identification. The structural fingerprints and
nearest neighbor analysis both focus on the ligands; the former addresses the
specific functional groups present in the structures, while the latter is based on the
chemical, physical, and structural properties of the ligands. The molecular docking
differs from the other two methods because it takes the protein properties and the
binding pocket into account. By ranking the compounds based on their occurrences
in the enrichment from each method, we believe that we have identified the most
probable AhR ligands. However, our screening did not discriminate between AhR
activators and suppressors. From a health perspective, it might be interesting to
keep track of AhR suppressors because they might substantially decrease the effect
of AhR activators [11].
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8. Concluding summary

In this thesis, we have developed computational approaches to further interpret
and use information from in vitro studies on human and rodent cells. To study con-
generic and species-specific differences among DLCs, we developed an alternative
method—the consensus toxicity factor (CTF) approach—to analyze continuous
data. At the last TEF reevaluation meeting [123], the available toxicological data
mainly consisted of information from rodent studies. This meeting resulted in the
currently used weights referred to as the WHO-TEFs. Our analysis of 17 in vitro re-
sponses for 18 DLCs (Paper III) shows clear differences in the responses for human
cells compared to rat, mouse, and guinea pig cells. Applying the CTF approach,
yielded clear differences for several DLCs in human CTFs compared to rat CTFs
and WHO-TEFs.

In our studies, the human CTF for 23478-PeCDF is as high as the CTF of 2378-
TCDD. This means that 23478-PeCDF is estimated to have the same potency
as 2378-TCDD. Moreover, specific hexa- and hepta-chlorinated DDs and DFs
have more than ten times higher human CTFs than the corresponding WHO-
TEFs. In particular, 123478-HxCDF and 1234789-HpCDF have very high CTFs (1
and 0.3, respectively) compared to the corresponding WHO-TEFs (0.1 and 0.01,
respectively). To investigate what impact the human CTFs might have if they were
to be used to estimate the risk of DLCs in food, a case study based on fish from
the Baltic Sea region was performed. Overall, our analysis of using CTFs of DLCs
in salmonid fish indicated that the risk estimate expressed in TEQ would be in
the same range as if using the WHO-TEFs. The decreased impact of PCBs in the
CTF-based calculations was balanced by the increased impact of other congeners,
in particular 23478-PeCDF.

The work included in this thesis shows that it is possible to design atom-specific de-
scriptors that convey electronic properties in an unadorned manner, even though
the compounds belong to different chemical classes of DLCs. The developed
descriptors estimate MO densities or partial charges at the lateral carbon posi-
tions of the DLCs. As another approach to identify common electronic features
among DLCs, the UV spectra of the DLCs were measured. Due to class-specific
peaks for the DLCs, we concluded that only the lower range of the UV spectrum
(200–250 nm) is class independent. Electronic descriptors, including some of the
above-mentioned atom-specific descriptors and parts of the UV-spectra, were used
to establish QSARs for AhR-mediated effects. The used atom-specific descriptors
indicate that the lateral positions play an important role in explaining the con-
generic differences in the potency of DLCs. Furthermore, the lower part of the UV
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range, which reflects the resonance over the benzene rings, indicates that 𝜋-bond
interactions might be important for the DLCs’ interaction with AhR.

The DLCs are believed to primarily exert their toxicity by interacting with AhR [92,
123], and in this thesis we have focused on identifying AhR ligands among 6,445
industrial chemicals. For the analysis, we developed a virtual screening procedure,
in which ligand-based and structure-based steps are run in parallel. By ranking
the compounds based on their occurrences in the enrichment from each paral-
lel method, we believe that we have identified the most probable AhR ligands.
Approximately one fourth of the compounds that were screened in the parallel
steps had previously been tested in a high-throughput screening for AhR-mediated
effects in human cells [150]. Based on the reported identification of active and
inactive chemicals in that screening, our virtual screening protocol correctly clas-
sified approximately 60 % of the chemicals. Notably, 15 of the reported active
chemicals [150] were only identified as potential AhR ligands by the parallel step
consisting of molecular docking. This implies that if one wants to take a more
cautious approach, one should also include compounds only identified by one
of the parallel steps. Moreover, our study shows that it is difficult to separate
AhR-activating and AhR-suppressing chemicals by virtual screening. 11 of the
41 chemicals that we identified as potential AhR ligand chemicals have, in earlier
studies, been reported as AhR activators or AhR suppressors. However, most of
remaining chemicals (among the 41), have to our knowledge, not been tested for
AhR-mediated effects, which make them prime candidates for future testing.

In the future, it would be useful to apply the above-mentioned atom-specific de-
scriptors to other chemical classes of small halogenated aromatic compounds with
many congeners. Prime candidates would be PBDDs and PBDFs because con-
geners of these chemical classes have recently been recommended to be included
in the TEF concept [124]. PCNs would also be of interest because they contain
specific congeners that have been shown to activate AhR and have previously
been considered for inclusion in the TEF concept [41]. In the future, the CTF
approach could be applied to in vitro data regarding these three chemical classes,
as well as for the DLCs analyzed in this study. For future in vitro testing regard-
ing AhR-mediated effects, it would be interesting to investigate the outcome of
the industrial chemicals reported in this thesis as potential AhR ligands. In the
virtual screening, we ranked the industrial chemicals based on their performance
in three parallel steps—structural fingerprints, nearest neighbor analysis based
on 2D descriptors, and molecular docking. It would also be interesting to test
representatives of the structurally diverse compounds ranked high solely by the
molecular docking because such compounds might identify new AhR ligands that
are structurally different compared to today’s known ligands.
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10. Vetenskaplig översikt och sammanfattning

Det finns idagmångamiljörelaterade frågor att ta sig an, såsom ökande koldioxidut-
släpp, växande öknar, försurning av naturen och dalande biologisk mångfald. En
viktig miljörelaterad fråga berör det ökande antalet kemikalier som gemene man
utsätts för, antingen frivilligt eller ofrivilligt. Vissa kemikalier är tänkta (och ibland
inte så väl genomtänkta) tillägg i vardagsprodukter såsom bilsäten och kosmetika,
medan andra är oönskade biprodukter vid förbränning av förbrukade material. Till
de senare hör en grupp föreningar kallade dioxiner, vilkas egenskaper och effekter
har tydligare undersökts i denna avhandling.

Ett antal dioxiner tillsammans med utvalda närbesläktade föreningar (polyklor-
erade dibenzofuraner och bifenyler) är kända för att ge samma toxiska effekter i
animala celler. Dessa föreningar binder till en och samma receptor i cellens cyto-
plasma, den så kallade arylkolvätereceptorn, eller enklare bara ”dioxinreceptorn”.
Vi exponeras alla för dessa ämnen, först via modersmjölken och senare via födan.
Troligtvis kommer vi alltid att vara exponerade för dessa ämnen, men frågan är i
vilken utsträckning det är behövligt och var gränserna går till att vara skadligt.

Jämfört med tidigare decennier så har utsläppen av dioxiner och de dioxinlika
föreningarna minskat till idag men fortfarande finns det geografiska områden
som är högt kontaminerade. På grund av dessa föreningars förmåga att anrikas i
näringskedjorna tar det tid att märka effekter av våra miljöinsatser. Sammantaget
blir det viktigt att se till att riskbedömningen av dessa föreningar är så korrekt
som möjligt. För att kunna göra detta krävs en större insikt i vad som gör dessa
föreningar skadliga för levande organismer, och hur organismerna reagerar på
exponeringen. Det är också viktigt att se framåt och tänka på framtida hot, så att
nya problem ses innan de växer sig för stora. I denna avhandling beskrivs de mest
kända dioxinerna och dioxinlika föreningarna utifrån sina elektroniska egenskaper
för att ge en djupare förståelse för mekanismen bakom deras biologiska verkan.
Artskillnader studeras på cellnivå och det undersöks huruvida det finns föreningar
(kemikalier) bland de mest producerade i Europa som liknar dioxiner vad gäller
kemisk struktur, kemiska och fysikaliska egenskaper samt förmåga att binda till
dioxinreceptorn.

Studierna i denna avhandling visar på att det finns stora artskillnader mellan
människor och djur beträffande hur känsliga deras celler är för dessa dioxiner och
dioxinlika föreningar. För riskbedömning av dessa föreningar i mat, så används
inom EU relativa riskfaktorer för att beskriva föreningarnas totala skaderisk. Dessa
riskfaktorer kan ses som vikter för att beskriva hur verksam en dioxin eller dioxinlik
förening är jämfört med den mest kända och betraktat mest farliga dioxinen, ofta
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förkortad TCDD. Våra studier visar att en del dioxiner och polyklorerade furaner
är mer verksamma i mänskliga celler än vad som anges i de riskfaktorer som
används idag. Samtidigt visar våra studier att dioxinlika polyklorerade bifenyler
(PCBer) är mindre verksamma än vad som anges i dagens riskfaktorer. För att
göra en helhetsbedömning av vad som skulle hända med den totala skaderisken
undersöktes halter av dioxiner och dioxinlika föreningar i fisk. Beräkningar på
lax från olika delar av Östersjö-regionen visade att den totala risken i lax skulle
bli i samma storleksordning som tidigare, om vi applicerade vårt data. En stor
skillnad är dock att bidraget till den totala risken skulle till cirka 98% vara bidrag
från dioxiner och polyklorerade furaner. Baserat på de gällande riskfaktorerna så
bidrar dioxinlika PCBer, i synnerhet en som kallas PCB 126, med uppemot 50 % av
den totala beräknade skaderisken för dessa lax-prov. Även om koncentrationen av
PCBer skulle minska i lax, vilket den förhoppningsvis gör i och med den förbjudna
användningen av PCBer, så kommer den totala risken i lax att vara hög enligt våra
studier.

För att få insikt i varför dioxiner och dioxinlika föreningar är olika verksamma
skapades modeller baserade på egenskaper som härstammar från föreningarnas
kemiska struktur. Det som visade sig mest gynnsamt för att beskriva humana
cellers respons för dessa föreningar var deras elektroniska egenskaper lokaliserade
på yttre delar av molekylerna. Närmare bestämt undersöktes de kolatomer som
sitter ytterst på föreningarnas aromatiska ringar och som alltid är bundna till
kloratomer. Dessa kloratomer kan ha stor betydelse för hur dioxiner och dioxinlika
föreningar interagerar med dioxinreceptorn.

Dioxinreceptorn i sig är i stora drag sett fortfarande en gåta; den har ingen klart
definerad bindare i organismen utan dess bästa aktivator är just en dioxin, en totalt
organismfrämmande förening. Att det fortfarande är oklart hur receptorns 3D-
struktur ser ut bidrar också till problematiken. Aktivering av receptorn påverkar
bildandet av olika celler och har även visat sig negativt påverka effekten av vac-
cinering. Denna avhandlings undersökningar—med hjälp av en virtuell version av
dioxinreceptorn—visar att väldigt strukturellt olika molekyler kan potentiellt binda
till dioxinreceptorn, men att interaktionen då kan tänkas se olika ut. Screeningen
av industrikemikalier visade på att det finns kemikalier som både är strukturellt
lika kända bindare, delar kemiska och fysikaliska egenskaper med dessa, samt
virtuellt sett kan binda till receptorn. En del av dessa kemikalier har visat sig kunna
aktivera eller hämma proteinets framfart, men de allra flesta är ännu oskrivna kort
vad gäller deras förmåga att påverka dioxinreceptorn.
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