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ABSTRACT  
Industrial chemicals in European Union produced or imported in volumes above 1 tonne 

annually, necessitate a registration within REACH. A common problem, concerning 

these chemicals, is deficient information and lack of data for assessing the hazards posed 

to human health and the environment. Animal studies for the type of toxicological 

information needed are both expensive and time consuming, and to that an ethical aspect 

is added. Alternative methods to animal testing are thereby requested. REACH have 

called for an increased use of in silico tools for non-testing data as structure-activity 

relationships (SARs), quantitative structure-activity relationships (QSARs), and read-

across. The main objective of the studies underlying this thesis is related to explore and 

refine the use of in silico tools in a risk assessment context of industrial chemicals. In 

particular, try to relate properties of the molecular structure to the toxic effect of the 

chemical substance, by using principles and methods of computational chemistry. The 

initial study was a survey of all industrial chemicals; the Industrial chemical map was 

created. A part of this map was identified including chemicals of potential concern. 

Secondly, the environmental pollutants, polychlorinated biphenyls (PCBs) were 

examined and in particular the non-dioxin-like PCBs (NDL-PCBs). A set of 20 NDL-

PCBs was selected to represent the 178 PCB congeners with three to seven chlorine 

substituents. The selection procedure was a combined process including statistical 

molecular design for a representative selection and expert judgements to be able to 

include congeners of specific interest. The 20 selected congeners were tested in vitro in 

as much as 17 different assays. The data from the screening process was turned into 

interpretable toxicity profiles with multivariate methods, used for investigation of 

potential classes of NDL-PCBs. It was shown that NDL-PCBs cannot be treated as one 

group of substances with similar mechanisms of action. Two groups of congeners were 

identified. A group including in general lower chlorinated congeners with a higher 

degree of ortho substitution showed a higher potency in more assays (including all 

neurotoxic assays). A second group included abundant congeners with a similar toxic 

profile that might contribute to a common toxic burden. To investigate the structure-

activity pattern of PCBs effect on DAT in rat striatal synaptosomes, ten additional 

congeners were selected and tested in vitro. NDL-PCBs were shown to be potent 

inhibitors of DAT binding. The congeners with highest DAT inhibiting potency were 

tetra- and penta-chlorinated with 2-3 chlorine atoms in ortho-position. The model was 

not able to distinguish the congeners with activities in the lower µM range, which could 

be explained by a relatively unspecific response for the lower ortho chlorinated PCBs. 
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SAMMANFATTNING 

Den europeiska kemikalielagstiftningen REACH har fastställt att kemikalier 

som produceras eller importeras i en mängd över 1 ton per år, måste registreras 

och riskbedömmas. En uppskattad siffra är att detta gäller för 30 000 kemikalier. 

Problemet är dock att data och information ofta är otillräcklig för en 

riskbedömning. Till stor del har djurförsök använts för effektdata, men 

djurförsök är både kostsamt och tidskrävande, dessutom kommer den etiska 

aspekten in. REACH har därför efterfrågat en undersökning av möjligheten att 

använda in silico verktyg för att bidra med efterfrågad data och information. In 

silico har en ungefärlig betydelse av i datorn, och innebär beräkningsmodeller 

och metoder som används för att få information om kemikaliers egenskaper och 

toxicitet. Avhandlingens syfte är att utforska möjligheten och förfina 

användningen av in silico verktyg för att skapa information för riskbedömning 

av industrikemikalier. Avhandlingen beskriver kvantitativa modeller framtagna 

med kemometriska metoder för att prediktera, dvs förutsäga specifika 

kemikaliers toxiska effekt.  

 

I den första studien (I) undersöktes 56 072 organiska industrikemikalier. Med 

multivariata metoder skapades en karta över industrikemikalierna som beskrev 

dess kemiska och fysikaliska egenskaper. Kartan användes för jämförelser med 

kända och potentiella miljöfarliga kemikalier. De mest kända 

miljöföroreningarna visade sig ha liknande principal egenskaper och grupperade 

i kartan. Genom att specialstudera den delen av kartan skulle man kunna 

identifiera fler potentiellt farliga kemiska substanser. I studie två till fyra (II-IV) 

specialstuderades miljögiftet PCB. Tjugo PCBs valdes ut så att de strukturellt 

och fysiokemiskt representerade de 178 PCB kongenerna med tre till sju 

klorsubstituenter. Den toxikologiska effekten hos dessa 20 PCBs undersöktes i 

17 olika in vitro assays. De toxikologiska profilerna för de 20 testade 

kongenerna fastställdes, dvs vilka som har liknande skadliga effekter och vilka 

som skiljer sig åt. De toxicologiska profilerna användes för klassificering av 

PCBs. Kvantitativa modeller utvecklades för prediktioner, dvs att 

förutbestämma effekter hos ännu icke testade PCBs, och för att få ytterligare 

kunskap om strukturella egenskaper som ger icke önskvärda effekter i människa 

och natur. Information som kan användas vid en framtida riskbedömning av 

icke-dioxinlika PCBs. Den sista studien (IV) är en struktur-aktivitets studie som 

undersöker de icke-dioxinlika PCBernas hämmande effekt av signalsubstansen 

dopamin i hjärnan.   
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1. INTRODUCTION 

People are exposed to a wide variety of chemicals in their everyday lives, some 

of which may have harmful effects. The work underlying this thesis focuses on 

in silico methods to aid in assessing the impact of chemicals on human health 

and the environment. The work is very much related to data analysis, to filter 

useful information from large amounts of data. 

 

The European Community’s regulations on chemicals deal with registration, 

evaluation, authorisation, and restriction of chemical substances (REACH). 

REACH was first implemented in 2007 with the aim of increasing knowledge of 

the properties, and use of individual chemical substances. Data for assessing the 

hazards posed to human health and the environment is lacking for many 

chemicals. Animal testing has been used to provide toxicological information, 

but in addition to the ethical consideration, it is both expensive and time 

consuming. Alternatives to animal data, i.e., non-testing data is therefore 

desirable and is highlighted in one of four main aims of REACH: to promote 

alternative methods for the assessment of hazards of substances 

(http://guidance.echa.europa.eu/about_reach_en.htm). Non-testing data (or could 

be expressed as non-animal-testing data) includes, for example, in vitro data but 

can also be generated using in silico tools. In silico means within computer, and 

the term ‘in silico tools’ is collectively used to refer to methods as structure-

activity relationships (SARs), quantitative structure-activity relationships 

(QSARs), and read-across via analogue or category approaches (Puzyn et al., 

2010). This thesis also involves the in silico tools chemical mapping and 

statistical molecular design (SMD) for selection of subsets of chemicals. The 

scientific foundation of in silico tools is the similarity principle, which assumes 

that the biological activity of a chemical is linked to its structure; hence, similar 

compounds should have similar biological activities (Rouvray, 1990). Chemicals 

may be considered similar based on similar functional groups, structural 

similarities after being metabolised, or aliphatic substances with different chain 

lengths (Caley et al., 2007). 

 

In the work described in this thesis, two datasets of industrial chemicals were 

studied; the European inventory of existing commercial chemical substances 

(EINECS), a very large data set including around 100 000 diverse industrial 

chemicals, and secondly, the polychlorinated biphenyls (PCBs).  

 

http://guidance.echa.europa.eu/about_reach_en.htm
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1.1 EINECS 

EINECS includes the industrial chemicals that were on the European community 

market between 1971 and 1981. EINECS contains 100 204 substances according 

to the European Commission, Joint Research Centre (EINECS, 2002). New 

chemicals introduced after 1981 and an annually production volume above 10 

kg had testing requirements, but no corresponding requirements were set on the 

EINECS chemicals. Limited available information made it therefore in general 

difficult to assess and control the “existing” chemicals (van Leeuwen and 

Vermeire, 2007). In Paper I, the 100 204 entries in EINECS were used as a 

basis for representing European industrial chemicals. 

 

Chemicals with potential environmental concern include some chemical features 

(e.g. halogens, highly branched, multiple rings) that make them more resistant to 

degradation and more likely to bioaccumulate. Chemical substances are said to 

bioaccumulate when taken up and stored in living organisms at higher rate than 

metabolized and excreted, and thereby accumulate in the organism. Even low 

environmental levels of a chemical can thereby, by bioaccumulation be 

poisonous in an organism. Secondly, chemicals with potential environmental 

concern are often capable of being transported long distances atmospherically or 

via ocean currents. 

1.2 Polychlorinated biphenyls  

PCBs include 209 congeners with the structural formula C12H10-nCln, where n = 

1-10. The congeners thus differ in the number and pattern of the chlorine 

substituents (Figure 1). The numbering system for the 209 PCB congeners used 

in this work was according to Ballschmiter and Zell, and with the minor changes 

according to Schulte and Malisch (Ballschmiter and Zell, 1980; Schulte and 

Malisch, 1983) (see Table 1 and Figure 1). PCBs include ten different homolog 

groups defined by the degree of chlorination, from mono- (one) to deca- (ten) 

chloro biphenyls. Congeners in a homolog group have the same number of 

chlorines but the individual isomers have different substitution patterns. The ten 

possible substitution positions of the biphenyl are named ortho positions, meta 

positions and para positions (Figure 1).  

 
Figure 1. General molecular structure of PCBs 
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The production of PCBs began in the late 1920s and continued until the 1990s. 

Russia was the last country to phase out PCB production between the years 1987 

and 1993 (AMAP, 2000). PCBs were mainly used as insulating fluids in 

electronic devices, such as transformers and capacitors, and also as ingredients 

in, e.g., PVC plastics, paint, glue, cutting and lubricating oils, and carbonless 

copy paper (Jensen, 1972; Erickson, 1997). Leakage of PCBs may occur from, 

e.g., waste deposits as well as electrical equipment and hydraulic systems in 

current use. PCBs are distributed globally by e.g., atmospheric transport (EFSA, 

2005). 

 

Twelve of the PCB congeners bind to the aryl hydrocarbon receptor (AhR) and 

cause similar toxic responses as 2,3,7,8-tetrachlorodibenzo-p-dioxin. These PCB 

congeners are referred to as the dioxin-like PCBs (DL-PCBs) and have been 

assigned toxic equivalent factors (TEFs) (Van den Berg et al., 2006). TEFs 

estimate the relative potency of individual DL-PCBs, polychlorinated 

dibenzodioxins and dibenzofurans based on their common mechanism of action 

mediated through AhR. The DL-PCBs lack substituents in ortho positions (PCB 

77, 81, 126, 169) or are mono-ortho substituted (PCB 105, 114, 118, 123, 156, 

157, 167, and 189). The DL-PCBs have been thoroughly investigated and in 

2002 the European Commission prescribed a list of actions to reduce the 

presence of dioxins and dioxin-like PCBs in food and feed and subsequently 

introduced regular monitoring programmes for the member states (EFSA, 2010).  

 

PCBs are today divided into two groups i.e., the DL-PCBs and the non-dioxin-

like PCBs (NDL-PCBs). NDL-PCBs have been identified in food and human 

samples but the risk related to the NDL-PCBs has not been thoroughly assessed. 

The NDL-PCBs have shown adverse effects in animal studies on thyroid, liver, 

brain, immune system, oestrous cycling, reproduction, and neurodevelopment 

(EFSA, 2005). Moreover, data from earlier NDL-PCBs studies may not be 

suitable for risk assessment because of the use of non-purified PCB standards. 

Possible contamination from dioxins and dioxin-like substances could thereby 

severely affect the testing results. For particular endpoints, it could not be 

concluded whether the observed effect was a response from the tested NDL-

PCBs or from the traces of the more potent DL-PCBs. Toxicity profiles together 

with additional and more comprehensive structure-activity information 

concerning NDL-PCBs are requested (Hansen, 1999).  
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Table 1. Numbering system and chlorine substitution pattern of the PCBs (Ballschmiter 

and Zell, 1980; Schulte and Malisch, 1983) 

PCB Pattern PCB Pattern  PCB Pattern  PCB Pattern  PCB Pattern  

1 2 43 22'35 85 22'344' 127 33'455' 169 33'44'55' 

2 3 44 22'35' 86 22'345 128 22'33'44' 170 22'33'44'5 

3 4 45 22'36 87 22'345' 129 22'33'45 171 22'33'44'6 

4 22' 46 22'36' 88 22'346 130 22'33'45' 172 22'33'455' 

5 23 47 22'44' 89 22'346' 131 22'33'46 173 22'33'456 

6 23' 48 22'45 90 22'34'5 132 22'33'46' 174 22'33'456' 

7 24 49 22'45' 91 22'34'6 133 22'33'55' 175 22'33'45'6 

8 24' 50 22'46 92 22'355' 134 22'33'56 176 22'33'466' 

9 25 51 22'46' 93 22'356 135 22'33'56' 177 22'33'4'56 

10 26 52 22'55' 94 22'356' 136 22'33'66' 178 22'33'55'6 

11 33' 53 22'56' 95 22'35'6 137 22'344'5 179 22'33'566' 

12 34 54 22'66' 96 22'366' 138 22'344'5' 180 22'344'55' 

13 34' 55 233'4 97 22'3'45 139 22'344'6 181 22'344'56 

14 35 56 233'4' 98 22'3'46 140 22'344'6' 182 22'344'56' 

15 44' 57 233'5 99 22'44'5 141 22'3455' 183 22'344'5'6 

16 22'3 58 233'5' 100 22'44'6 142 22'3456 184 22'344'66' 

17 22'4 59 233'6 101 22'455' 143 22'3456' 185 22'3455'6 

18 22'5 60 2344' 102 22'456' 144 22'345'6 186 22'34566' 

19 22'6 61 2345 103 22'45'6 145 22'3466' 187 22'34'55'6 

20 233' 62 2346 104 22'466' 146 22'34'55' 188 22'34'566' 

21 234 63 234'5 105 233'44' 147 22'34'56 189 233'44'55' 

22 234' 64 234'6 106 233'45 148 22'34'56' 190 233'44'56 

23 235 65 2356 107 233'4'5 149 22'34'5'6 191 233'44'5'6 

24 236 66 23'44' 108 233'45' 150 22'34'66' 192 233'455'6 

25 23'4 67 23'45 109 233'46 151 22'355'6 193 233'4'55'6 

26 23'5 68 23'45' 110 233'4'6 152 22'3566' 194 22'33'44'55' 

27 23'6 69 23'46 111 233'55' 153 22'44'55' 195 22'33'44'56 

28 244' 70 23'4'5 112 233'56 154 22'44'56' 196 22'33'44'56' 

29 245 71 23'4'6 113 233'5'6 155 22'44'66' 197 22'33'44'66' 

30 246 72 23'55' 114 2344'5 156 233'44'5 198 22'33'455'6 

31 24'5 73 23'5'6 115 23'44'6 157 233'44'5' 199 22'33'4566' 

32 24'6 74 244'5 116 23456 158 233'44'6 200 22'33'45'66' 

33 2'34 75 244'6 117 234'56 159 233'455' 201 22'33'455'6' 

34 2'35 76 2'345 118 23'44'5 160 233'456 202 22'33'55'66' 

35 33'4 77 33'44' 119 23'44'6 161 233'45'6 203 22'344'55'6 

36 33'5 78 33'45 120 23'455' 162 233'4'55' 204 22'344'566' 

37 344' 79 33'45' 121 23'45'6 163 233'4'56 205 233'44'55'6 

38 345 80 33'55' 122 2'33'45 164 233'4'5'6 206 22'33'44'55'6 

39 34'5 81 344'5 123 2'344'5 165 233'55'6 207 22'33'44'566' 

40 22'33' 82 22'33'4 124 2'3455' 166 2344'56 208 22'33'455'66' 

41 22'34 83 22'33'5 125 2'3456' 167 23'44'55' 209 22'33'44'55'66' 

42 22'34' 84 22'33'6 126 33'44'5 168 23'44'5'6     
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2. AIM AND SCOPE  

In silico tools, risk assessment and non-dioxin-like PCBs, three central 

keywords for describing the aim of the thesis. The aim was to explore, apply and 

try to refine the use of in silico tools to generate information and data. 

Information as structure-activity relationships and data as effect values, aimed to 

be used in future risk assessment procedures of NDL-PCBs.  

 

In Paper I, the chemical variation of the large dataset of organic industrial 

chemicals from EINECS was investigated. The aim was to create the industrial 

chemical map, i.e., a map including close to all organic industrial chemicals for 

an overview of their properties. The chemical variation of smaller sets of 

chemicals known to be persistent, bioaccumulative and/or toxic was investigated 

in the industrial chemical map. The aim was to investigate if these chemicals 

form groups in the large dataset and if the calculated principal properties could 

be used to identify chemicals of potential concern.  

 

Paper II-IV focused on PCBs. The aim of the work described in Paper II was 

to select a representative subset containing 20 PCBs for testing purposes. The 

selection procedure was a combined process using both statistical molecular 

design (SMD) and expert knowledge. SMD was used for a representative 

selection. Expert knowledge was used to include environmentally abundant 

NDL-PCBs and congeners with known toxic or other undesired effects. In 

Paper III, toxicity profiles of the 20 subset PCBs were created based on data 

from an intensive in vitro screening covering 17 assays yielding 23 different 

responses. The toxicity profiles were investigated with the aim of classifying the 

NDL-PCBs based on differences in their profiles. QSAR models for single 

responses were also developed to aid classification and SAR analysis. In the 

work described in Paper IV, ten additional NDL-PCBs were selected and tested 

in vitro for their potency to inhibit dopamine uptake in brain. The aim of this 

work was to provide SAR information describing NDL-PCBs binding to the 

dopamine-active transporter (DAT).   

 

The work in Papers II-IV was connected to a project entitled Assessing the 

toxicity and hazard of non-dioxin-like PCBs present in food (ATHON). 

ATHON was an EU project funded by the sixth framework programme between 

2006 and 2010. The overall objectives of ATHON was to provide missing 

critical information for hazard characterisation of NDL-PCBs, to clarify 

biological mechanisms underlying the various types of toxicity of NDL-PCBs 

and to evaluate these data from a regulatory toxicology standpoint.  
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3. BACKGROUND 

In this chapter, information concerning the European chemical legislation 

REACH, risk assessment (RA) and the in silico tools QSAR and read-across 

was introduced. Information about molecular descriptors and the chemometrical 

tools i.e., principal component analysis (PCA), partial least squares (PLS) 

regression and statistical molecular design (SMD) finalizes the chapter. 

3.1 REACH  

REACH was first implemented in 2007 with the aim to increase the knowledge 

of the properties and use of individual chemical substances in the European 

Union. The responsibility to manage the risks (which chemicals may pose to 

health and the environment) was passed from the users, to the manufacturers and 

importers of the chemical substances. This shift of responsibility aimed to 

increase the speed and efficiency of the risk management process. 

 

Industrial chemicals, as defined by REACH, consist of all substances except for 

radioactive substances, substances used in medicinal products, polymers, waste, 

together with chemical used for “product and process orientated research and 

development” in volumes under 1 tonne per year (REACH, 2007). Around 

100 000 industrial chemicals are on the European market today. Approximately 

30 000 of these are annually produced or imported in quantities above 1 tonne, 

the threshold value for a registration within REACH (van Leeuwen and 

Vermeire, 2007; Schaafsma et al., 2009).  

 

The annual produced or imported quantity of a chemical governs the 

information requirement. The information  requirements are divided into four 

different tonnage levels i.e., ≥ 1 tonne per year, ≥ 10 tonne per year, ≥ 100 tonne 

per year and ≥ 1000 tonne per year (REACH, 2007). Quantities of 1 to 10 tonnes 

per year require registration and a technical dossier including information on the 

physicochemical, health and environmental properties of the substances together 

with information on how these substances can be used safely. More than 10 

tonnes per year also requires a chemical safety report (CSR) containing an 

assessment of whether the substance is persistent, bioaccumulative and toxic 

(PBT) or very persistent and very bioaccumulative (vPvB). If the manufacturer 

or importer concludes that a substance has PBT or vPvB properties, the CSR 

must include exposure assessment and risk characterizations of exposure 

scenarios. The testing requirements then increase gradually for chemicals above 

100 and 1000 tonne per year, such as toxicological and ecotoxicological 

information from long-term toxicity investigations (REACH, 2007). 
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3.2 Risk Assessment 

Figure 2 illustrates the RA and risk management process. RA evaluates the risk 

situation. In risk management, largely a political process, the risk is weighed up 

against the benefit of using the chemical. The risk management process 

determines the degree of political actions required. 

 

 
 
Figure 2. The overall concepts of risk assessment and risk management. The risk 

assessment process evaluates the risk situation. The risk management process uses the 

outcome from the risk assessment and decides what steps/measures to take to reduce the 

risk. The risk management process leads to policy decisions and actions. 

 

The RA process, i.e., the evaluation of the risk related to a particular situation, 

involves four steps: hazard identification, exposure assessment, effect 
assessment and risk characterization (van Leeuwen and Vermeire, 2007). 

Hazard identification is concerned with investigating a chemical substance’s 

capacity to cause an adverse effect and the exposure conditions. This first step 

estimates if the chemical pose a risk and if it is necessary to continue the risk 

assessment process. Exposure assessment involves estimation of the emissions 

and pathways of a substance and its transformation or degradation in order to 

obtain exposure doses, often by using multimedia exposure models. Effect 

assessment is the estimation of comparable effect concentrations and is the step 

in the RA where in silico tools can be used. Finally, the risk characterization 
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step aims to define the significance of the risk by using information from the 

exposure and effect assessment (together with available testing and non-testing 

data, including data derived using in silico tools). The significance of the risk is 

often expressed as exposure/effect ratios. These ratios can then be used in a 

relative risk ranking processes to identify and eliminate the use of the chemicals 

with the highest ranked risk and find possible alternatives.  

3.3 In silico tools 

The in silico tools considered in this thesis are SAR and QSAR, two out of four 

tools recommended by REACH to be used for development of non-testing data. 

The other two were read-across and expert systems. Read-across have been 

touched upon, while expert system is outside the scope of this thesis. The 

chemometrical tools used for the studies in this thesis were PCA, PLS, and 

SMD. PCA was used to project data matrices into a few latent variables, 

allowing datasets to be summarised and visualised. PLS was used for linear 

regression, while SMD was used to select datasets for training and validating 

models.   

3.3.1 SAR and QSAR 

A possible aim of a SAR analysis can be identification of chemical properties or 

specific fragments of the molecular structure involved in an observed or 

measured effect. A QSAR model approximates the relationship between the 

molecular structure and a biological activity in a quantitative manner (Eriksson, 

et al., 2003). The QSAR model can be used for determine a SAR. Prior to a 

quantitative correlation, the biological or toxic activity as well as the chemical 

and structural properties are defined with numerical values. In this thesis, 

biochemical and toxic effects of particular substances were measured in in vitro 

assays. The chemical structures were defined with calculated and measured 

molecular descriptors.  
   

QSAR modelling begins with a set of chemical structures that are assumed to act 

by the same mechanism of action, and then follows a stepwise process as the 

general pathway illustrated in Figure 3 (Cronin and Schultz, 2003; Eriksson et 

al., 2003; Walker et al., 2003; Livingstone, 2004; Worth et al., 2004). The 

strategies and methods used can differ greatly between researchers and/or 

applications. For the work described in this thesis, the different steps involve; 

(1) characterisation of the molecular structures and physicochemical properties 

with measured and calculated molecular descriptors and secondly, a chemical 

mapping to investigate and illustrate the dataset (Paper I). 

(2) Selection of a representative set of substances for testing, in this thesis for in 

vitro testing (Paper II). 
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(3) Investigating the relationship between the chemical properties defined with 

the molecular descriptors and the in vitro responses using a mathematical 

regression method (Paper III and IV). 

(4) The predictive ability of a model is validated with internal or external 

methods.  

(5) A validated model with good predictive ability can be used for predictions of 

effects or properties of untested substances. The predictions should be done 

within the models applicability domain for more reliable predictions.  

 

 
Figure 3. An overview of the stepwise QSAR/ in silico approach presented and explored 

in this thesis. The sequence of steps shows an overview of the work and papers 

discussed. The in vitro testing step (shown in blue) is not an in silico tool, but the 

subsequent analysis of the data is. 

 

QSAR models can be used for other applications than only predictions of 

physicochemical properties or toxic/biochemical effects (ECHA, 2008), such as: 

 to help in prioritise testing of chemicals, i.e., so that chemicals of higher 

concern are tested before chemicals of lower concern.  

 provide information about mechanisms of action. 

 group chemicals into categories based of their similarities, so that the 

category can be assessed as a whole, without the need to test every 

category member for every regulatory endpoint.  

 fill gaps in data needed for classification, labelling or risk assessment  
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In order to enhance the regulatory acceptability and use of QSAR, the 

organisation for economic co-operation and development (OECD) outlined 

principles for QSAR validation (OECD, 2007). According to these principles, a 

QSAR model should be associated with 1) a defined endpoint, 2) an 

unambiguous algorithm, 3) a defined domain of applicability, 4) appropriate 

measures of goodness-of-fit, robustness and predictivity, and if possible, 5) a 
mechanistic interpretation. The defined endpoint refers to a measureable effect, 

such as a biological, toxicological, environmental or physicochemical effect. An 

unambiguous algorithm refers to a clear and defined algorithm for the modelling 

purpose. Applicability domain have been defined as; “The applicability domain 

of a QSAR is the response and chemical structure space in which the model 

makes predictions with a given reliability” (OECD, 2007). A defined domain of 

applicability is important to enable extrapolations to be distinguished from 

interpolations. In general, extrapolated predictions are not as reliable as 

interpolations. Appropriate measures of goodness-of-fit, robustness and 

predictivity concerns the internal performance of the model (goodness-of-fit and 
robustness) as well as the external performance (predictivity), which is 

preferably tested with an external test set. The last principle states that if 

possible, a mechanistic interpretation should be given. Since this is not always 

possible, the aim of this principle is to ensure that selection of the chemical 

descriptors is well considered in relation to the endpoint of the investigation, and 

that any association found between the chemical descriptors and the endpoint is 

documented (OECD, 2007).   

3.3.2 Read-across 

Read-across attempts to fill gaps in the data for a specific chemical, using 

information from one or more source chemicals (van Leeuwen and Vermeire, 

2007). One chemical (in the analogue approach) or a group of chemicals 

(category approach) with a known property of interest, such as biological 

activity, environmental fate or physicochemical property is used to predict the 

same property of a similar chemical. A chemical category is a group of 

chemicals whose chemical, toxicological properties and/or environmental fate 

properties are likely to be similar based on structural similarities.  

3.4 Chemical structure representation 

The chemical structures (Figure 4a) can be represented in the computer in 

various ways. Two common ways of representing a molecule are a SMILES 

string (SMILES stands for Simplified Molecular Input Line Entry Specification) 

(Figure 4b) (Anderson et al., 1987; Weininger, 1988) or a connection table 

(Figure 4c) (Dalby et al., 1992). The two dimensional (2D) molecular structure 

can give information about the elements, formal charges and bonds in a 

molecule, whereas some steric and electronic properties of a molecule are 

dependent on the three dimensional (3D) shape, the molecular conformation.  
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Figure 4. Three ways of representing a molecule, here shown in 2D a) a molecular 

structure b) a SMILES string c) a hydrogen suppressed connection table. 

 

Molecular descriptors are calculated or measured numerical values, describing 

properties such as size, steric properties, e.g., shape and flexibility, solubility, 

and electrostatic properties. There are numerous molecular descriptors to choose 

from including different software and analytical testing methods. A challenge is 

to select a set of descriptors that are appropriate for the considered set of 
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molecules and purpose of the investigation. For QSAR modelling including 

biological activities, it is desirable to select descriptors related to biological 

activities. That is descriptors describing properties as for example 

hydrophobicity, steric and electronic properties, molecular weight, and pKa 

(Eriksson et al., 2003). Secondly, the molecular descriptor should be (reversible) 

interpretable, i.e., it must be possible to convert model information into 

understandable chemical properties (Eriksson et al 2003; Todeschini and 

Consonni, 2009). 
 

The complexity of the molecular descriptors increases with increased 

dimensionality. The 2D molecular descriptors are not dependent on the 

conformation of the molecule (Labute, 2000). 2D descriptors include for 

example counts describing properties as number of atoms and bonds, number of 

specific atom-types and so called fingerprint descriptors as counts of functional 

groups and substructures as well as the molecular weight. But also descriptors 

that take the whole molecular structure into count with descriptors from 

graphical representation of the molecule as connectivity indices and distance 

matrices as well as partial charge descriptors. The higher descriptor level 

considers the 3D conformation of the molecular structure describing surface 

area, volume, shape, quantum-chemical descriptors as ab initio and semi-

empirical descriptors and conformation dependent charge descriptors (Labute, 

2000; Lin 2011) as well as 3D energy contour surfaces generated by GRID 

(Goodford, 1985) and comparative molecular field analysis (CoMFA) (Marshall 

and Cramer III, 1988). 

3.5 Chemometrics  

Chemometric tools, PCA and PLS, aim to compress and extract important 

information from the molecular descriptors that might be both collinear and may 

include redundant information. The data is often initially pre-treated. Pre-

treatment of the data is employed to make data variables more comparable and 

involves scaling the data, mean-centring and transformation. Data are scaled in 

advance of modelling to correct for their often substantial differences in 

numerical ranges. Scaling to unit variance (UV) i.e., the same length of the 

variable axis, is commonly used when working with descriptor data. The UV 

scaled variables are also usually mean-centred by calculating the average value 

of each variable and then subtracting this value from the data, so that each 

scaled variable has a mean value of zero. Transformation of the data is often 

carried out to generate variables that are close to a normal distribution. A 

logarithm or negative logarithm transformation is a commonly used 

transformation method to adjust skewed data to a more normal distribution 

(Davies and Goldsmith, 1986; Massart et al., 1988). 
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3.5.1 PCA 

PCA simplifies the interpretation of data by extracting the main variation from a 

multivariate dataset and compressing it to a few latent variables, typically two to 

five (Pearson, 1901; Wold et al., 1987; Jackson, 1991). The latent variables are 

then used to visualise and interpret the observations (molecules), variables 

(molecular descriptors) and the correlation between them by plotting scores and 

loadings. PCA gives an overview of the dataset that can reveal groups, trends 

and outliers. The main aim of PCA is often concerned with finding relationships 

between the observations, e.g., for classification or outlier detection. In chemical 

applications, the observations are usually different chemical substances, 

functional groups, central fragments or genes. A mathematical description of 

PCA begins with equation (1): 

 

X = T P´ + E = t1 p1´ + t2 p2´  + … + ta pa´  + E  (1) 

   

where X is the UV scaled and mean-centred descriptor matrix, T is the score 

vector matrix, P´ is the transposed loading vector matrix, E is the residual 

matrix, t is a score vector, p´ is a loading vector and a is the number of latent 

variables formed. As illustrated in Figure 5, the first latent variable (principal 

component 1 (PC 1)) describing a principal property, lies in the direction of the 

point swarm with the greatest variation and is defined by minimizing the 

residual variation using least square analysis.  

 

 
 
Figure 5. Graphical representation of the first latent variable in PCA, where X [x1 – x3]. 

The principal component (PC1) is the eigenvector describing the largest variation in the 

dataset, and is obtained by minimising the variation of the residuals using least squares 

analysis. 
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The t value is the distance from the orthogonal projection of the data point on 

the principal component to the origin of coordinates (Figure 6). The p values 

indicate the contribution of the original variables to the PCs and are calculated 

from the values of the angle α1 between an original variable and a PC (Figure 6).  

 

 
Figure 6. The loading value is calculated from the cosine of the angle (here α1) and 

describes the direction of the PC in relation to the original variable (here x1). The score 

value (here ti) is the distance from the orthogonal projection point on the PC to the origin 

of the coordinates. 

3.5.2 Regression with PLS 

Regression methods can be used to identify relationships between a dataset (X), 

such as molecular descriptors and one (y) or multiple response variables (Y), 

e.g., biological or toxicological responses. Partial least-squares (PLS) (or 

sometimes referred to as Partial least-squares projections to latent structures) is a 

linear regression method. PLS can be viewed as an extension of PCA (Wold et 

al., 1984; Wold et al., 2001). In addition to maximize the variance in X, PLS 

also detects relationships between X and Y by maximize the covariance, 

between both X and Y. The latent variables, the score vectors then both reflects 

the information in X and is of relevance for modelling and predicting the 

response, Y. PLS can handle multiple datasets that may be correlated, noisy and 

have missing values. PLS can also handle multiple correlated Y matrices (Wold 

et al., 1984; Wold et al., 2001). 

3.5.3 Statistical molecular design 

Statistical molecular design (SMD) has been defined as “the selection of sets of 

molecules based on statistical experimental design where chemical features 

(both structural and physicochemical) are used as design factors” (Box et al., 

1978; Linusson et al., 2010). SMD uses the principal components as design 

factors. A future collinearity between variables is minimized using SMD since 

the selection procedure spans as much as possible of the chemical space (Cronin 
and Schultz, 2003). A subset selected with SMD, covering the entire chemical 

space also theoretically cover as much as possible of the biological variation 

(Rouvray, 1990) (follows with the similarity principle) as well as the chemical 

variation, and is thereby well suited for development of QSAR models (Cronin 

PC 1
x1

x2Score 
value ti

α1
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and Schultz, 2003; Eriksson et al., 2003; Veith, 2004; Dearden et al., 2009; 

Scior et al., 2009). 

 

In the work described in Papers I, II, and IV, factorial design was used to sort 

the chemicals into different design groups. Design groups representing different 

features depending on the values of their principal properties. In the factorial 

design, the principal components were used as factors, and were investigated at 

two levels, high (positive score values) and low (negative score values). That 

gave 2
K
 design groups, for K factors. A full factorial design would involve the 

same number of test compounds as the number of design groups. In addition, 

one to three molecules with intermediate values, so called centre points, should 

also be selected to enable non-linearity in the data to be detected (Box et al., 

1978). 

3.5.4 Validation of PCA and PLS models 

According to the definition by OECD, validation is an assessment of the 

reliability and the relevance of the model; reliability, whether the model can be 

reproduced according to the used protocol, and relevance, whether the model 

actually predicts the described effect (OECD, 2007). Validation procedures may 

vary widely between applications, but can on the whole be described as either 

internal or external. External validation is an accurate way of validating a model 

(ECHA, 2008). An external dataset, not used for training the model is predicted 

into the model. The predictive power of the model is thereby validated. The 

predictive power is assessed by calculating the root-mean-square of the 

differences between the predicted and measured values, i.e., root-mean-square 

error of prediction (RMSEP). However, external validation of a model is not 

always possible. The dataset can be too small to be split into training and 

validation sets and/or that for some reason additional testing is non-feasible. The 

model can instead may be internal validated with e.g., cross-validation (CV) 

(Eriksson et al., 2003). CV is commonly used by stepwise omitting parts of the 

subset for use as a test set and calculating the predicted error sum of squares 

(PRESS). Internal validation is then performed by investigating the explained 

variation (R
2
X) and the predicted variation (Q

2
). Generally, for a PLS model, a 

Q
2
 value above 0.5 is regarded as good and above 0.9 as excellent, and the 

difference between R
2
X and Q

2
 should not exceed 0.2-0.3 (Eriksson et al., 

2003). In the work described in this thesis, the eigenvalue was used to determine 

the number of significant components in the PCA models, i.e., a principal 

component was regarded as significant if the eigenvalue was greater than two 

(Jöreskog et al., 1976) whereas in PLS, a principal component was regarded as 

significant if Q
2 

was greater than 0.05 (Simca P+, 2011).  
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4. Chemical mapping (Paper I) 

Many industrial chemicals lack available information on physicochemical 

properties, fate, and toxicological effect values. Since in vivo testing is 

expensive and time consuming, REACH requests exploration of alternative 

strategies for hazard identification. Different read-across strategies for hazard 

identification have been discussed in recent publications (Schultz et al., 2009; 

Vink et al., 2011; Williams, 2011). Read across is based on the similarity 

principle, but how should similarity be defined, with specific functional groups, 

physicochemical properties or molecular structure? The question is complex and 

the answer may vary from case to case. In Paper I, an attempt was made using 

principal properties to describe chemical similarity (and dissimilarity) of all 

industrial chemicals.  

 

The chemical variation of the large set of organic chemicals from EINECS was 

mapped and investigated using PCA and a range of selected calculated chemical 

descriptors. Score and loading plots were used to provide an overview of the 

dataset, revealing trends and groupings among the substances and allowing 

characteristic factors of the groupings to be determined. The resulting plots of 

mapped industrial chemicals were termed the industrial chemical map. 

Compared to a traditional map, cities are in the industrial chemical map, unique 

chemicals while countries or regions correspond to clusters or groups of 

chemically related compounds. It is possible to navigate in the map to identify 

chemicals with molecular similarities, like neighbouring villages or regions with 

certain features.  

 

The principal properties of the industrial chemicals were subsequently compared 

to five smaller sets of chemicals, including chemicals known as persistent (P), 

bioaccumulative (B) and/or toxic (T). The aim was to investigate if chemicals 

defined as environmental pollutants belong to distinct groups in the industrial 

chemical map and determine whether calculated principal properties could be 

used to identify chemicals of potential concern. 

4.1 The industrial chemical map   

The chemical entries for the 100 204 EINECS substances were collected from 

the European chemical substance information system (ESIS) (ECB, 2006). 

EINECS contains not only a large numbers of discrete chemicals, but also 
mixtures, natural products, and chemicals for which structural information is not 

available (so-called chemicals of unknown or variable composition and 

biologicals). The objective of this work was to construct an industrial chemical 
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map that contained only organic chemicals. Therefore, the database was filtered 

in three steps; removing entries without chemical structure, removing inorganic 

substances, polymers and salts, and finally, removing chemicals with elements 

and atom types lacking parameterization.  

 

It was desirable for the industrial chemical map to include as many industrial 

chemicals as possible. Therefore, the work was based on EINECS since it is a 

comprehensive list of industrial chemicals on the European market. However, 

EINECS contains the commercially available substances from 1971 to 1981, and 

hence may not necessary include all the industrial chemicals on the market 

today. The principal properties of EINECS substances were therefore compared 

to the principal properties of the organic substances registered in the European 

high-production volume chemicals (HPVC) database. HPVC is a continuously 

updated database of chemicals with a yearly production volume above 1000 

tonnes. In addition, the patterns in principal properties of chemicals in five lists 

of potential environmental pollutants were studied. The five lists were as 

follows:  

1. OSPAR (The Oslo Paris commission for the protection of the marine 

environment of the north-east Atlantic) - OSPAR list of chemicals for 

priority action comprised 353 substances (as of year 2000), including PBT 

chemicals, selected based on criteria established by OSPAR (OSPAR, 

2000; Knekta et al., 2004).  

2. Muir LRAT including 28 substances with long-range atmospheric transport 

(LRAT) potential (Muir and Howard, 2006). 

3. Muir P&B  including 30 persistent (P) and bio-accumulative (B) substances 

(Muir and Howard, 2006). 

4. REACH PBTs - PBT substances, as defined in the REACH regulation, were 

identified from the European HPVC data base (REACH, 2007).  

5. UNEP (United Nations Environment Program) POPs (persistent organic 

pollutants) - twelve substances, including eight organochlorine pesticides, 

two industrial chemicals, and two industrial chemical by-products (UNEP, 

2001). 

 

Chemical descriptors were calculated using MOE software (Moe, 2008). A 

search was performed for descriptors with a normal distribution and good 

chemical interpretability. 

4.2 Results 

After filtering the EINECS database, 56 072 organic chemicals remained. The 

organic substances in EINECS contained a total of 70 different elements; 60% 

of the elements in the periodic table. The mean value of the calculated 

octanol/water partitioning coefficient (log P) value was 3.22, the median was 

2.75, and 97% of the structures had a log P value between -3 and 12. The 

molecular weights of the substances ranged from 16 to 2208 g/mol (mean = 294 
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g/mol, median = 238 g/mol). 23% of the organic substances contained halogens 

(Cl 13%; F 5%; Br 4%; and I 1%) (Stenberg et al., 2009). 

 

A PCA of the 56 072 EINECS substances and 68 selected chemical descriptors 

gave five significant principal components, mainly reflecting size, 

hydrophobicity, flexibility, halogenations and electronic properties. A total of 

1165 organic HPVCs were predicted to the industrial chemical map. The 

principal properties of EINECS and HPVC substances agreed, with HPVCs 

covering large parts of the industrial chemical map. However, the largest and 

most hydrophobic substances were notably absent from the HPVC set. The 

agreement between the two data sets indicates that although some substances 

listed in the EINECS database may no longer be in commercial use, the organic 

entries in EINECS are a good basis for representing the chemical variation of 

currently used industrial chemicals.  

 

The five sets of environmental pollutants were then mapped on the industrial 

chemical map using PCA and illustrated with score and loading plots. Four of 

the five sets showed similar patterns and a rather wide principle property spread 

(Figure 7). While the fifth set, the UNEP POPs, grouped in the Industrial 

chemical map (Figure 7). This grouping was interpreted as having identified a 

part of the map that seemed to include a larger share of priority chemicals. This 

grouping was secondly investigated using a factorial design strategy, whereas 

the chemicals were divided into 32 groups based on their five principal 

properties values. Identified were two adjacent design groups including all 

UNEP POPs and 5 of the 15 PBT REACH substances and 15 of the 32 LRAT 

substances (Table 1 in Paper 1, not shown here). Exploring this part of the map 

in detail could reveal additional potential harmful substances. 

 

The result from the mapping can be put into a context of screening, i.e. 
searching through a database of chemical structures with the aim of scoring, 

ranking or filtering the chemicals (Leach and Gillet, 2005). Screening based on 

QSAR or QSPR models often involves size-, halogenation- or hydrophobicity-

related variables (Gramatica et al., 2001; Gramatica and Di Guardo, 2002; 

Öberg, 2006; Gramatica and Papa, 2007). However, as shown in Figure 8, many 

of the listed priority chemicals (with P, B, T and LRAT properties) had diverse 

principal properties. They spread the map with differences in size, 

hydrophobicity, flexibility, halogenations and electronic properties. A virtual 

screening based on similar properties could thereby render in a selection 

including false positives. A tiered approach could possible improve the 

significance of a screening and narrow down the required testing. A tiered 

approach could involve consideration of chemical properties based on molecular 

structure together with second screening criteria, as for example PBT or LRAT 

properties. 
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4.3 Summary of Paper I  

The principal properties of organic HPVC substances showed good agreement 

with the principal properties of EINECS, the industrial chemical map. EINECS 

thereby reflected the entire chemical variation of industrial chemicals and was a 

good basis for creating the industrial chemical map. The principal properties of 

five sets of substances of potential concern (OSPAR, Muir LRAT, Muir P and 

B, REACH PBT and UNEP POPs) were compared. The substances of potential 

concern were shown to be rather diverse concerning their principal properties as 

they a rather wide spread in the industrial chemical map. The UNEP POP 

substances on the other hand, formed a group in the industrial chemical map. 

This grouping indicated that these twelve environmental pollutants have similar 

principal properties.  

 

From an environmental chemistry perspective, an interesting part of the 

industrial chemical map was identified using a factorial design strategy. The 

specific part included all UNEP POP substances as well as 5 of the 15 PBT 

REACH substances and 15 of the 32 LRAT substances. This part also includes 

117 high production volume chemicals with an annual production level above 

1000 tonne. A total of 3473 industrial chemicals are included in this specific 

part, and a more detailed investigation could reveal additional chemicals of 

environmental concern.    

 

In this study, principal properties were used to compare and describe similarity 

among chemicals. The results indicated that this approach is a concept for 

identifying chemicals of potential environmental concern. Suggested is the use 

of tiered screening approach using both molecular properties and screening 

criteria as, for example, PBT or LRAT properties. It would probably improve 

the screening results further.  
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Figure 7. The five principle components illustrated in three sets of score plots, PC1 vs. 

PC2, PC2 vs. PC3 and PC4 vs. PC5. The black dots represent the 56 072 industrial 

chemicals filtered from the EINECS database, while the grey dots represent the 

chemicals in the five lists of priority chemicals. 
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5. Selection of representative PCBs (Paper II) 

From the investigation of industrial chemicals in general in Paper I, Paper II 

focused on one class of substances, the PCBs. The aim in Paper II was to select 

a representative subset of NDL-PCBs i.e. a subset with large variation in 

molecular structures that cover as much as possible of the NDL-PCB chemical 

space.  

 

The subset of NDL-PCBs was selected for the purpose of an in vitro screening 

in the ATHON project. In vitro screening is in line with the requirements from 

REACH, i.e. increased use of non-testing data. The received in vitro data will 

subsequently be used to assess NDL-PCBs effect on human health. However to 

receive as much information as possible from the screening, a representative 

selection is important. The representative subset covers a large variation of the 

chemical properties which makes it likely to associate the tested substances with 

a large range of biological activities.  
 

The second requirement in the selection procedure was to include abundant 

congeners found in food and human samples, as well as congeners with 

measured undesired biochemical effects in in vitro and/or in vivo studies. This 

second task was in line with the aims of the ATHON project, to investigate and 

assess health risks of NDL-PCBs found in food. The selection was made using 

the in silico tools chemical mapping and statistical molecular design (SMD). 

5.1 The selection procedure 

The suitable size for the subset was judged to be 20 PCB congeners, based on 

considerations of time, cost and the amount of information provided by the 

screening process. The subset was selected from five of the ten PCB homologue 

groups, the tri- to hepta-CBs (three to seven chlorine substituents on the 

biphenyl). Tri- to hepta-CBs account for a large proportion of the congeners 

found in human and environmental matrices i.e., around 95% of the total amount 

of PCBs found in human blood samples (Wingfors et al., 2000), human adipose 

tissue (Kiviranta et al., 2002), human milk (Safe et al., 1985), and fish 

(Kostyniak et al., 2005) are tri- to hepta-CBs. 

 

The first part of the selection procedure involved mapping the dataset, i.e., 

characterisation with chemical descriptors and creation of NDL-PCB chemical 
space. A total of 44 measured and calculated descriptors were used, e.g., PCB 

absorbance of UV light (Andersson et al., 1996), relative retention times of 

PCBs recorded for five diverse gas chromatography columns (Harju, 2003), 
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physicochemical properties from literature, and a number of calculated 

topological and semi-empirical descriptors. Secondly, PCA was used and the 

principal components were visualized in score and loading plots and used in 

SMD. The selection procedure involved a combination of SMD and expert 

judgments to achieve a representative subset which also included congeners of 

specific interest, i.e., congeners found to be abundant in food and environmental 

matrices and congeners with known effects in vitro and/or in vivo.  

5.2 Results 

The PCA model for the 178 PCBs and 44 molecular descriptors gave four 

significant principal components (R
2
 = 0.8), describing molecular size, number 

of ortho chlorines, electronic properties and dipole moment. These score 

variables were used as factors in the SMD procedure. A full factorial design was 

applied at two levels, i.e., a 2
4 

design yielding 16 design groups. The selection 

procedure was then performed manually, selecting congeners from all sixteen 

design groups so that the ranges of principal properties were represented. Thus, 

a representative set of substances was generated, which spanned the whole 

NDL-PCB chemical space. Figure 8 shows the molecular structure of the 20 

selected congeners, i.e. PCB 19, 28, 47, 51, 52, 53, 74, 95, 100, 101, 104, 118, 

122, 128, 136, 138, 153, 170, 180, and 190, together with PCB 126, which was 

included as a reference structure for dioxin-like activity.  

 

The congeners of the subset have been identified in human matrices or food 

samples and/or have measured undesired biochemical effects in in vitro and/or 

in vivo studies. The aim was thereby to generate as much information as possible 

concerning NDL-PCBs impact on human health. The abundant PCBs included 

in the subset, were the indicator PCBs (PCB 28, 52, 101, 118, 138, 153 and 180) 

and PCB 74, 128, and 170, which have been found in human adipose tissue 

(Falandysz et al., 1994; van Bavel et al., 1995; Mariottini et al., 2000; Covaci et 

al., 2002; Kiviranta et al., 2005) and fish (Sapozhnikova et al., 2004; Kostyniak 

et al., 2005). Several of the subset congeners, PCB 47, 51, 74, 95, 104, 122, 136, 

and 190, have been identified as having potential toxic effect in various studies. 

PCB 51, 104, and 190 have for example been identified as inhibitors of 

dopamine uptake in synaptic vesicles (Mariussen et al., 2001)). PCB 47, 74, 95, 

and 136 have been observed to inhibit gap junctional intercellular 

communication (GJIC) (Machala et al., 2003).  

 

As described, the selection procedure involved SMD to ensure structural 

representation and expert judgement to include congeners of specific interest. 

This type of combined selection procedure has not been used often to date. The 

use of SMD to select a subset for QSAR modelling has been described 

previously (Tysklind et al., 1995; Knekta et al., 2004) as well as studies 

employing a subset selected on the basis of environmental relevance (Hemming 

et al., 1991; Machala et al., 2003). One case of a similar combined selection 
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procedure was identified, involving selection of a subset based on occurrence in 

technical products and the environment as well as D-optimal design to cover the 

remaining parts of the chemical domain (Harju et al., 2007). The advantage of 

using a combined selection strategy is it allows substances of specific interest to 

be included, while at the same time ensuring structural representation. 

5.3 Summary of Paper II 

Twenty representative NDL-PCBs were selected to be screened in vitro. The 

screening data was aimed to aid in future risk assessment of NDL-PCBs i.e., 
how NDL-PCBs affect human health. An aim of the in vitro screening was to 

improve mechanistic understanding of NDL-PCBs, but was also to be able to 

identify new potent PCBs.  

 

A good structural representation is important for getting as much information as 

possible from the testing, despite relatively few tested congeners. However, 

available knowledge of NDL-PCBs was also used to direct the selection. The 

selection procedure thereby combined structural molecular design (SMD) and 

expert judgement to be able to receive both structural representation and to use 

available knowledge. 

 

The 20 selected PCBs were all of interest for reasons relating to human health 

and the environment. For example, the subset included the seven abundant 

indicator PCBs found in fatty foods, such as fish and dairy products. 
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Figure 8. The molecular structures of the subset congeners. 
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6. Toxicity profiles of NDL-PCBs (Paper III)  

A human health risk assessment based on the toxic equivalency concept has been 

conducted for the DL-PCBs and accepted by the European Commission. The 

toxic equivalency concept is based on the aryl hydrocarbon receptor (AhR)–

mediated toxicity (van den Berg et al., 2006). The NDL-PCBs cannot adopt the 

coplanar structure required for AhR activation because of the constraining ortho 

chlorination. The NDL-PCBs are incompletely toxicologically characterized and 

consequently lack a human health risk assessment (EFSA, 2005). The expert 

panel of the European Food Safety Authority (EFSA) has concluded that it is 

necessary to improve the understanding of the environmental and human health 

risks associated with NDL-PCBs, because of their abundance in food 

and human tissues (EFSA, 2005).  

 

The 20 selected, representative PCBs from Paper II were screened in vitro in 17 

assays related to neurotoxicity, endocrine disruption and tumour promotion. The 

17 assays were selected since they were known as sensitive, recognized as 

targets for NDL-PCB toxicity in literature and essential as endpoints for proper 

cell and organ function (Stenberg et al., 2011).  

 

In Paper III, the toxicity profiles of 20 PCB congeners were created from the in 
vitro screening response data. The toxicity profiles were used for investigation 

of possible classes of NDL-PCBs. Can NDL-PCBs be treated as one class of 

substances? Can information from the created toxicity profiles be used for 

defining new NDL-PCB classes? Answers to these questions would be useful in 

a RA of NDL-PCBs. QSAR models for individual responses were created and 

used for SAR information and for prediction of untested congeners. 

 

PCBs can be contaminated with DL-PCBs during synthesis, which can severely 

affect testing results. Therefore, it was important for this work, involved as part 

of the ATHON project, to test pure congeners. The congeners used in the study 

in Paper III were purified to levels less than 1 pg dioxin and/or other DL 

substances per gram tested PCB. The purification process was done at the 

Chemistry Department, Umeå University (Danielsson et al., 2008). The pure 

congeners were then delivered in pure DMSO to the laboratories where the in 

vitro screening was performed.  

  



   

30 
 

6.1 Toxicity effects of NDL-PCBs 

6.1.1 Neurotoxic effects 

Studies of humans exposed to mixtures of PCBs have shown that PCBs affect 

the development of the nervous system and impair cognitive function (Hsu et al., 

1985; Jacobson et al., 1990; Schantz, 1996; Seegal, 1996; Tilson et al., 1998), 

which has also been confirmed by animal studies (Tilson et al., 1990; Schantz et 

al., 1995). It is generally believed that it is primarily the nonplanar ortho-

chlorinated PCBs that have a neurotoxic effect (Tilson et al., 1990; Seegal, 

1996; Giesy and Kannan, 1998; Mariussen and Fonnum, 2006). 

 

The 20 selected NDL-PCBs were tested in seven in vitro assays related to 

neurotoxicity (Stenberg et al., 2011). In the GABAA potentiation assay, partial 

agonists activate the gamma-aminobutyric acid (GABAA) receptor, which 

conducts Cl- into the cell and as a consequence inhibit neurotransmission 

(Antunes-Fernandes et al., 2010).  

 

Dopamine active transporter (DAT) and vesicular monamine transporter 2 

(VMAT2) is two membrane associated proteins involved in transport of 

dopamine. The DAT assay measures inhibited uptake of dopamine caused by 

PCBs. Inhibited uptake of dopamine results in neurotransmitter remaining in the 

synaptic cleft, and thus the signal is not terminated (Mariussen and Fonnum, 

2001). Inhibited uptake of dopamine by DAT was measured in both whole brain 

and in striatum. VMAT2 transport synthesised dopamine into presynaptic 

vesicles that subsequently releases dopamine into the synaptic cleft (Mariussen 

et al., 2001). Inhibition of VMAT inhibits dopamine release into the synaptic 

cleft and thereby the signal. Measurements were also made of the inhibited 

uptake of the neurotransmitters GABA and glutamate into synaptosomes, and 

the production of reactive oxygen species (ROS). 

6.1.2 Endocrine disrupting effects  

The endocrine system is complex and can be affected in many ways by 

chemicals, e.g., by disrupting receptors, various metabolic steps, and the 

synthesis or release of hormones (Mathews et al., 2000). NDL-PCBs and 

hydroxylated (OH)-PCBs have been shown to have several endocrine disrupting 

effects. They have been shown to exhibit both estrogenic and anti-estrogenic 

activity (Connor et al., 1997), act as a competitive binder with testosterone at the 

androgen receptor (AR) (Schrader and Cooke, 2003), and interfere with the 

thyroid hormone receptor, and inhibiting the binding of the thyroid hormone 

thyroxine (T4) to the transport protein transthyretin (TTR) (Chauhan et al., 

2000).  

 

The subset was tested in six in vitro assays related to endocrine disruption 

(Hamers et al, 2011). The ability of PCBs to interact with the estrogen receptor 
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(ER), androgen receptor (AR), and the arylhydrocarbon receptor (AhR), to bind 

to transthyretin (TTR), and inhibit sulfonation of estradiol (E2) by estradiol-

sulfotransferase (E2SULT) were investigated. 

6.1.3 Tumour promoting effects 

PCB mixtures and individual congeners have been shown to promote the 

development of tumours in some organs, such as the liver and lungs, in rats and 

mice (Silberhorn et al., 1990; Knerr and Schrenk, 2006). The mechanism of 

tumour promotion is not fully understood, but evidence points towards several 

possible mechanisms. The Ah receptor has been shown to be involved in tumour 

promotion (Knerr and Schrenk, 2006) as well as inhibition of gap junctional 

intercellular communication (GJIC) (Machala et al., 2003). Downregulation of 

GJIC is one of three nongenotoxic event in the promotional stage of cancer 

(Ruch and Trosko, 2001; Yamasaki, 1996).   

 

The subset was tested in four nongenotoxic tumour promoting assays (Stenberg 

et al., 2011) whereas one assay was assessing GJIC. In addition, the capacity of 

different PCBs to induce phosphorylation of murine double minute 2 (Mdm2) at 

the same phosphorylation site as tetrachlorodibenzo-dioxin (TCDD) was 

investigated by using an antibody against Mdm2 (phosphorylated at residue 

Ser166) (Pääjärvi et al., 2005). The effects on the PI3K and MAPK pathways 

were studied by using antibodies against pAkt (phosphorylated at residue 

Ser473) and pErk (phosphorylated at residue Tyr204) (Al-Anati et al., 2009, 

2010). 

6.2 Toxicity profile and QSAR models 

The extensive in vitro screening of 20 PCB congeners resulted in a lot of a data. 

The information covered in this data is here called the toxicity profile and 

describes similarities and differences in the response data for the tested NDL-

PCBs. PCA was used to uncover this information, render a more easy 

interpretation of the data and to visualise the toxicity profile. The toxicity profile 

was used for investigation of classes of NDL-PCBs.  

 

Many of the responses were reported as EC50 or IC50 values. The neurotoxic 

responses, the inhibited uptake were reported as a percentage of the uptake in 

comparison to a control (GABAA potentiation was reported as an EC50 value). 

The pEC50 and pIC50 values were used for the toxicity profile and the QSAR 

models. For the values reported in percentage, the logarithm or negative 

logarithm was used so that a high response value corresponded to a high effect 

in the assay.  

 

For the QSAR models and the PCA model including tri- to hepta-CBs, the 

chemical variation of the congeners was described with 67 chemical descriptors. 
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In Paper II, 39 of these descriptors were used (Andersson et al., 1996; Stenberg 

and Andersson, 2008) and in Paper III, 28 additional descriptors were 

calculated. The electrostatic potential has been shown to reflect the specific 

properties of the substitution pattern of chlorinated biphenyls (Chana et al., 

2002). Therefore, partial atomic charges were added for all 22 atoms in the PCB 

structure determined from ab initio calculations of the electrostatic potentials 

using density functional theory computed at the B3LYP/6-31G** level 

(JAGUAR, 2010). Six further descriptors relating to size and substitution 

pattern, i.e., molecular weight, the total number of chlorine substituents and the 

number of chlorine substituents in ortho, ortho+para, ortho+meta and 

meta+para positions were also included. 

6.3 Results  

6.3.1 The NDL-PCB toxicity profile  

The in vitro screening included 17 different assays. Some of the assays gave 

several responses since they were tested at different concentrations. Four 

responses were removed based on low activity, i.e., low or undetectable effect 

for a majority of the tested congeners despite a relatively high concentration 

tested. The AhR agonist assay (and PCB126) was also excluded since it 

represents an effect mostly correlated to dioxin-like activity. In Paper III, non-

dioxin like PCB activity was investigated.  

 

The NDL-PCB toxicity profiles were investigated and compared using PCA. 

The PCA model (with 23 responses as X) had two significant principal 

components (t1 and t2) explaining 51 % of the variation in the in vitro screening 

data (t1 = 37 % and t2 = 14 %). The first component described measured 

activity, separating congeners with effect in many responses from congeners 

without effect or with effect in few responses (Figure 9). Investigating loadings 

(Figure 10) revealed the neurotoxic responses (marked in red) on the right side 

of the plot, the endocrine related assays (in blue) were spread over a large part of 

the plot, with exception for the lower right quadrant, and the responses 

corresponding to the tumour-promoting assays (in green) were found to the right 

and close to the middle of the plot. The neurotoxic responses seemed to be 

closest to a similar SAR. All neurotoxic responses have positive p1 values, as 

well as three out of four tumour and two endocrine disrupting assays.  

 

 

 

 



   

33 
 

 
Figure 9. The score plot of t1 versus t2 for the 20 subset congeners.  

 

Scores and loadings from the PCA showed that the NDL-PCBs cannot be treated 

as one class of substances with similar mechanisms of action based on 

differences in their toxicity profiles. The toxicity profiles also revealed a 

separation into two groups based on level of activity; a group of congeners 

including PCB 28, 47, 51, 52, 53, 95, 100, 101, 104 and 136 to the right in 

scores (Figure 9) with in general higher effect in 18 of the 23 responses 

(including all neurotoxic assays). PCB 95, 101, and 136 formed a group in the 

down-right corner and were shown to have highest effect of the tested congeners 

in many of the tested assays. The second group of congeners PCB 19, 74, 118, 

122, 128, 138, 153, 170, 180 and 190 had negative t1 values and lower activity 

in many of the assays except for TTR, anti-AhR and anti-ER. This group 

included abundant congeners, the congeners most frequently found in food, 

human and environmental samples. Because of higher concentrations of these 

congeners, they can together contribute a larger share of the total toxic burden 

than less abundant congeners. Therefore, even though congeners such as PCB 

138, 153 and 180 (as well as PCB 170 and 190 with similar toxic profile) have 

relatively low toxicity in many assays, their high abundance makes them 

important to investigate from a human health perspective.  
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Figure 10. Loading plot for 23 responses, red squares corresponds to responses defined 

as reflecting neurotoxicity, blue squares as endocrine-related responses and green dots as 

tumour-promoting responses. 

 

A PCA was constructed for all 178 tri- to hepta-CBs with the aim to identify 

SARs for these two groups. The same chemical descriptors as in the QSAR 

models were used and the resulting PCA had four significant components 

explaining 85% of the chemical variation. In general, the first component 

described size, the second component described the number of ortho chlorines, 

and the third and fourth components were associated with differences in dipole 

moments. Investigating the SAR of the two groups showed a lower 

chlorinated, ortho-substituted SAR for the group with higher effect in more 

assays (PCB 28, 47, 51, 52, 53, 95, 100, 101, 104 and 136). The group with 

effect only in a few assays had instead in general a higher degree of total 

chlorination and few ortho substituents (PCB 19, 74, 118, 122, 128, 138, 153, 

170, 180 and 190). PCB 19 seemed to be a special case and did not agree upon 

that SAR, having only three ortho chlorines. Investigating the third and fourth 

component, the two groups were not preserved showing that the dipole moments 

were not separated between the two groups.  

6.3.2 QSAR modelling 

QSAR models were searched for all responses. Two models (GJIC and ROS) 

had a Q
2
 value > 0.5 i.e., the criterion used for judging whether a PLS model 

was valid. The main requirements for a good QSAR model are normally 

distributed data together with a large activity range, usually of a few orders of 

magnitude (Harju et al., 2007). The activity range of the response data in the 

present study was rather low, around one order of magnitude, which may be 

why only two valid models were obtained. QSAR modelling of PCBs can also 
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be demanding based on the proportionally small differences in the PCB structure 

that give differences in activity and that can be difficult to capture with 

descriptors. 

 

The QSAR model for the GJIC assay had two significant components (R2X = 

0.74, R2Y = 0.81 and Q2 = 0.69). Chemical properties important for inhibition 

of GJIC were a small molecular size, the substitution in ortho and ortho+meta 

position, but a low total chlorination in meta+para position. The congeners 

showing highest activity contained three or four ortho chlorines (PCB 136, 19, 

53, 51, 104, 95, and 100), whereas the congeners with the lowest activity had 

only one or two ortho chlorines (PCB 180, 170, 190, 122, 118, 74, 153, 138, 

128, 28, 101, 47, 52). PCB 54 was predicted to be the most active congener, in 

agreement with a previous study where PCB 54 and 95 were shown to be the 

most active congeners out of 34 congeners tested in a scrape loading/dye 

transfer assay investigating intercellular communication (Hemming et al., 1991). 

Other congeners that were predicted to be active by the QSAR model (EC50 

value around 6-7 μM) were PCB 45, 46, 50, 96 and 152, which all have three or 

four ortho chlorines and one or two meta or para substituents. PCB 45 has been 

reportedly found in eight walleye fish taken from the Fox River, Wisconsin, 

USA (Kostyniak et al., 2005).  

 

The QSAR model for ROS (measured at 50 μM) had one significant component 

(R
2
X = 0.57, R

2
Y = 0.64 and Q

2
 = 0.53). The descriptors that correlated with 

enhanced formation of ROS were similar to those found for GJIC. An important 

factor seemed to be molecular size, as described by number of substituents and 

total surface area. A size trend was also seen among the ten most potent 

congeners, which had three to five chlorine substituents. The six PCBs without 

ROS formatting potency had six to seven chlorines. The most potent congener 

tested; PCB 28, had one ortho chlorine (and two para chlorines) and the next 

four, PCB 104, 100, 51 and 47, had between two and four ortho chlorines and 

one to two para chlorines. Using the QSAR model, the most potent congeners 

were predicted to be PCB 16, 17, 18, 24, 25, 27, 30, 32 and 54, which are 

characterized by low chlorination and a large proportion of ortho chlorines. 

Although many low chlorinated congeners are easily metabolised, and therefore 

most probably not persist in the environment, two of these congeners (PCB 18 

and 25) have been discovered in fish (Kostyniak et al., 2005). 

6.4 Summary of Paper III 

To the best of our knowledge, the study presented in Paper III is the most 

extensive in vitro screening of NDL-PCBs performed. The screened congeners 

were purified in advance of testing to eliminate dioxin-like impurities that might 
affect the screening results. The toxicity profiles, the results from the in vitro 

screening of the 20 tested PCB, was used for investigation of classes of NDL-

PCBs. To facilitate the comparison of the 20 toxicity profiles, the multivariate 
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method, PCA was used. A spread in scores and loadings showed that different 

SARs were involved for different responses. NDL-PCBs can thereby not be 

treated as one class of substances in a RA.  

 

PCB 138, 153, 170, 180, and 190 clustered in the plot and thereby indicated a 

similar toxicity profile. Because of the abundance (the congeners most 

frequently found in food, human and environmental samples) these congeners 

contributed a larger share of the toxic burden than less abundant congeners. 

Therefore, even though congeners such as PCB 138, 153 and 180 showed 

relatively low potency in many assays, their high abundance makes them 

important to investigate from a human health perspective. 

 

Two groups of congeners with rather opposite effects were identified from the 

analysis of toxicity profiles. Two QSAR models were developed for the GJIC 

and ROS responses. The results from the toxicity profiles as well as the QSAR 

models put emphasis on congeners with relatively low number of total 

chlorination, together with a high proportion of ortho chlorines. Ortho 

chlorination and size are two important characteristics, identified in this study, 

affecting the potency of the congeners. The lower chlorinated, ortho-substituted 

SAR for congeners with potency in neurotoxic assays (among others) is in 

correspondence with previous findings (Shain et al., 1991; Seegal et al., 1996). 

A more specific SAR for a global neurotoxic model can be difficult to define. 

The SARs might differ between different biochemical and/or toxic effects. The 

specific SAR for two neurotoxic responses, DAT and VMAT2, were further 

investigated in Paper IV.     
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7. NDL-PCBs effect on DAT– a SAR study (Paper IV) 

NDL-PCBs have been demonstrated to inhibit uptake of dopamine into rat brain 

synaptosomes, an effect most likely mediated by inhibition of dopamine active 

transporter (DAT) (Mariussen et al., 2001; Mariussen and Fonnum 2001). In 

Paper IV, it was investigated whether NDL-PCBs act via DAT. The cocaine 

analogue [
3
H]WIN-35,428 binding assay and synaptosomes was used (Coulter et 

al., 1995). The first aim was to investigate the SAR of this effect.  

 

Thirty PCBs were investigated in Paper IV, twenty congeners from Paper II 

and ten additional congeners selected in this study to validate the structure-

activity pattern of neurotoxic PCBs identified in Paper III. Previous work has 

demonstrated that NDL-PCBs can inhibit the vesicular monoamine transporter 2 

(VMAT2) (Mariussen et al., 2001). The second aim of this study was to 

investigate whether some PCB congeners favour an effect on VMAT2 and 

others on DAT. 

7.1 Selection of ten NDL-PCBs  

In Paper III it was shown that the neurotoxic assays were mediated with a 

similar SAR. Ten of the twenty tested congeners in Paper III had in general 

higher neurotoxic effect and ten congeners had in general lower. In Paper IV, 

ten additional congeners were selected using discriminant analysis (DA) and 

SMD. A PLS-DA model was created, separating congeners with higher and 

lower neurotoxic potency. All non-tested tri- to hepta-CBs were predicted into 

the PLS-DA model, and 93 congeners were predicted to belong to the more 

potent congeners. These 93 congeners constituted the base for a PCA model. 

The selection of the ten congeners was subsequently done to represent the 

chemical space of the 93 congeners with a predicted higher potency. So called 

mapping of the principal toxicity region (Eriksson et al., 2002). The molecular 

structure of the ten selected NDL-PCBs can be seen in Figure 11.  
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Figure 11. The molecular structures of the ten selected NDL-PCBs 

7.2 Results 

The effect of the 30 PCBs was tested. Seventeen of the 20 PCB congeners 

selected in Paper II inhibited [
3
H]WIN-35,428 binding, while PCB 122, 126 and 

170 showed no effect even at the highest tested concentration of 20 µM. (The 

inactive congeners PCB 122, 126 and 170 were assigned a value of 100 µM in 

the models.) 

 

The ten PCB congeners selected in Paper IV had an inhibiting potency as 

predicted. They inhibited [
3
H]WIN-35,428 binding in a concentration-dependent 

manner at relatively high inhibitory potency with IC50 values between 0.2 µM 

and 3.8 µM. PCB 110 showed the highest inhibitory potency among all tested 

PCBs with IC50 = 0.2 µM. The high potency of these 10 congeners supported the 

basis for the selection of the validation set, i.e., the definition of the chemical 

domain of NDL-PCBs with neurotoxic effect, as described in Paper III. 

Overall, this indicated a generality in the SAR for neurotoxic activities of PCBs. 

See Table 2 for results from in vitro testing.  
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Table 2. The effect of PCBs against [
3
H]WIN-35,428 binding at DAT in rat striatal 

synaptosomes. The ten PCBs selected in Paper IV are shown in grey and the twenty 

PCBs selected in Paper II in white.  

PCB IC50 (μM)   PCB IC50 (μM) 

17 1.6 
 

100 2.8 

19 3.2 
 

101 0.7 

25 3.8 
 

103 1.4 

28 2.0 
 

104 2.4 

41 12.4 
 

110 0.2 

45 3.4 
 

118 10.0 

47 2.8 
 

122 100 

48 0.8 
 

126 100 

50 2.5 
 

128 27.1 

51 2.8 
 

136 3.1 

52 8.8 
 

138 9.5 

74 41.2 
 

153 19.3 

89 2.1 
 

170 100 

95 1.3 
 

180 45.9 

99 3.2   190 11.0 

7.2.1 SAR analysis 

A PCA model was created with 57 chemical descriptors and the 30 tested 

congeners. The model had four significant components and 81% of the variation 

in the chemical descriptors could be described by the model. The first 

component described molecular size (43%), the second described number of 

ortho chlorines (24%), whereas the third generally reflected variation in partial 

atomic charges (8%) and the fourth variation in dipole moments (6%).  

 

The least potent congeners were characterized by a large molecular size. The 

most potent congeners in the assays were smaller and shared a high degree of 

ortho chlorination, whereas the less potent congeners have only one or totally 

lack chlorine atoms in ortho position. PCB congeners without measured effect 

were para-para substituted whereas the more potent congeners had one para 

chlorine. Totally lacking para (or can be para- or meta-) chlorines also seemed 

to be a structural binding constraint. Shown by comparing the more potent PCB 

101 (IC50 = 0.7 μM) with less potent PCB 52 (IC50 = 8.8 μM), which differ only 

in that PCB 101 has one para chlorine and PCB 52 lacks para substituent. In 

summary, the congeners with a measured inhibiting effect had three to five 

chlorines in total, two to three ortho chlorines, and most often one para and not 

more than three para and meta chlorines in total.  
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7.2.2 QSAR 

A QSAR was created with PLS to correlate the information from the chemical 

descriptors to the IC50 values describing PCBs inhibiting effect of [
3
H]WIN-

35,428 binding. A model with the 20 congeners (selected in Paper II) showed a 

cross-validated explained variance of 0.53. Generally a Q
2
 value above 0.5 is 

regarded as good for QSAR models and above 0.9 as excellent (Eriksson et al., 
2003). The model had one significant component. A total of 46% of the 

chemical variation in the chemical descriptors was used to describe 63% of the 

variation in the response. The predictive ability of the model was externally 

validated by predicting the ten extra congeners into the model. The uncertainty 

in the model measured as the mean difference between the measured and 

predicted values for the ten extra congeners was 4.5 (µM). The model was not 

able to describe the variation in the group of congeners with activities in the 

lower µM range. This could be explained by a relatively unspecific response for 

the lower chlorinated ortho-substituted PCBs. Alternatively, the model lack the 

proper information to describe critical structural elements for the competitive 

DAT binding. Various descriptors aimed at describing specific substitution 

pattern related properties have also been assessed, but without receiving 

additional SAR information.  

7.2.3 Comparing SARs for DAT and VMAT2 

Investigating the loading plot for SAR information showed that important 

variables for describing the NDL-PCBs inhibiting effect at DAT were e.g., 
absolute hardness and internal barrier of rotation (both correlated to number of 

ortho chlorines) and size related data as the GC retention times, log P, and 

Henry’s law constant. As well as the meta+para descriptor; a low total value of 

meta and para substitution for a higher effect at DAT.  

 

Comparing the SAR of PCBs effect at DAT with a previous SAR describing 

PCBs effect at VMAT2 (Mariussen et al., 2001) revealed a similar SAR with 

regard to several  descriptors i.e., absolute hardness, Henry’s law constant and 

octanol-water partition coefficient, correlated to number of ortho chlorines and 

the size of the molecule (Mariussen et al., 2001). A difference between the 

SARs was the size. The congeners with highest VMAT2 inhibiting effect were 

penta to hexa chlorinated, while the congeners with highest DAT inhibiting 

effect were tetra and penta chlorinated. The tri chlorinated congeners PCB 17 

and 28 also showed high inhibitory effect in the [
3
H]WIN-35,428 binding assay.  

 

The potencies of 13 congeners tested both in present study and in a previous 

study of VMAT2 (Mariussen et al., 2001) were compared. The comparison 

revealed a lower IC50 (a higher measured inhibiting effect) for eight of the tested 

congeners (IC50 ≤ 3.2 μM ).  For the five congeners with a weaker inhibiting 

effect at DAT, the IC50 values were rather similar. The lower IC50 indicated that 

NDL-PCBs can have somewhat higher binding affinity for DAT than for 
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VMAT2. The testing conditions were not identic and a comparison can be 

misleading. However, in vivo studies on mice have shown similar results; a 

relatively smaller reduction in VMAT2 expression compared to the reduction in 

striatal DAT expression (Caudle et al., 2006). 
  

 
Figure 12. Inhibition of DAT and VMAT2 by PCB congeners, comparison of IC50 

values. PCB 126 was tested in both assays but showed no inhibiting activity. 

7.3 Summary of Paper IV 

Thirty PCBs were tested in a [
3
H]WIN-35,428 in vitro binding assay to 

investigate the structure-activity pattern of PCBs effect on DAT in rat striatal 

synaptosomes. NDL-PCBs were shown to be potent inhibitors of DAT binding. 

The congeners with highest DAT inhibiting effect were tetra- and penta-

chlorinated with 2-3 chlorine atoms in ortho-position.  

 

PCB 110, 101 and 48 were able to inhibit [
3
H]WIN-35,428 binding with IC50 

values of 0.2 µM, 0.7 µM and 0.8 µM, respectively. These results demonstrate 

that certain PCB congeners can inhibit DAT binding with potencies that are 

comparable to the well-known DAT inhibitor cocaine.  
 

The ten PCB congeners selected in Paper IV had all inhibiting effect as 

predicted. The high potency of these ten congeners proved the basis for the 
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selection correct i.e., the definition of the chemical domain of neurotoxic active 

NDL-PCBs, as described in Paper III.  

 

The general SAR of the response was captured with a QSAR model, including 

the dependence on molecular size and ortho substitution. Potential DAT ligands 

can thereby be predicted as well as predict congeners that would not interact 

with DAT. However, the modelling also revealed that the fine variation in DAT 

activity among the most potent congeners was not possible to model, a similar 

outcome of the QSAR modelling as when modelling inhibition of VMAT2 

(Mariussen et al. 2001). This indicates that certain converging structural 

constraints exist for the effects induced by PCBs at different types of dopamine 

transport in brain tissues but with a rather low specificity. 

  

The findings further demonstrated potent [
3
H]WIN-35,428 binding inhibition by 

PCBs 48, 95, 101 and 110, which together constitute 5-20% of PCB congeners 

in the Aroclors 1242, 1254 and 1260 (Schulz et al., 1989). This indicates that 

these four PCBs may play an important role during an acute phase of exposure 

to a high concentration of Aroclor.  
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8. CONCLUSIONS  

The REACH regulations have called for alternative strategies for the assessment 

of hazards to complement in vivo studies. The work underlying this thesis is a 

response to that request. The potential of using different in silico methods for 

this purpose has been investigated and QSAR models have been developed. 

Information contained in two diverse datasets of industrial chemicals was 

searched with SAR and QSAR methods. The two datasets comprised organic 

substances from EINECS, and secondly, polychlorinated biphenyls (PCBs), 

particularly non-dioxin-like PCBs.  

 

Initially, an industrial chemical map was created. This map was used to 

investigate the principal properties of industrial chemicals, chemical diversity 

and extreme compounds. Five sets of chemicals with properties classed as 

persistence (P), bioaccumulation (B) and/or toxicity (T) were investigated in the 

industrial chemical map. The investigated PBT and LRAT chemicals were 

distributed throughout the map and showed somewhat diverse principal 

properties. However, one part of the map was distinct and included a large 

proportion of environmental pollutants, e.g., all UNEP POP substances as well 

as 5 of the 15 PBT REACH substances and 15 of the 32 chemicals defined as 

having long range atmospheric transport potential. Investigating this part of the 

map in more detail could possibly reveal additional harmful substances. The use 

of a tiered screening approach based on more than one screening criterion, e.g., 

certain principal properties together with PBT and/or LRAT properties, was 

proposed as a useful method when searching for potentially harmful substances. 

Such a tiered screening approach may help to improve screening results by 

reducing the occurrence of false positives, and thereby narrow down the number 

of compounds required to be tested.   

 

Secondly, NDL-PCBs were studied. Twenty PCB congeners were selected using 

a combined approach involving statistical molecular design (SMD) together 

with expert judgements. Thus, the 20 selected NDL-PCBs represented the 

chemical space of interest and at the same time included congeners that were 

important to investigate for environmental and human health reasons. The 

selected congeners were subsequently tested in 17 in vitro assays. The in vitro 

data was used to construct toxicological profiles through the use of multivariate 

methods. The toxicological profiles were employed for the classification of 

PCBs by ascertaining which congeners had similar/dissimilar toxic effects.   

 
Two QSAR models were developed for individual neurotoxic related responses, 

i.e., gap junctional intercellular communication (GJIC) and the formation of 

reactive oxygen species (ROS). The QSAR models were used to gain further 
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insights into the structural features that are responsible for undesirable effects in 

man and nature. This type of information is important for future risk 

assessments of non-dioxin-like PCBs. The SAR information obtained showed 

that congeners with the highest in vitro effect had a large proportion of ortho 

chlorines and rather few chlorine atoms. The QSAR models were used to make 

predictions about untested congeners. PCB 54 was predicted as active according 

to the GJIC QSAR model, as was, e.g., PCB 18 and 25 according to the ROS 

QSAR model. PCB 18 and 25 have previously been identified in fish samples 

and can thus enter the human food chain.  

 

The toxicity profiles revealed that the congeners could be separated into two 

groups corresponding to different types of hazards; one group included abundant 

congeners, which had a rather limited effect in the assays, whereas the other 

group included congeners that exhibited measurable effect in many of the assays 

and a common SAR. The former group included three of the indicator PCBs, 

PCB 138, 153 and 180, which were shown to be among the most potent 

congeners in three assays reflecting endocrine disrupting potential, i.e., TTR, 

anti-AhR and anti-ER. Abundant congeners may be regarded as contributing a 

larger share of the toxic burden than less abundant congeners because they are 

generally found in higher concentrations. The toxic burden of the group 

containing PCB 138, 153, and 180 was supplemented by PCB 170 and 190, 

which showed similar toxicity profiles. The second group, with potency in many 

of the assays, shared a low chlorinated, ortho-substituted SAR, i.e., a SAR 

which is typical for a large number of congeners. 

 

To reveal additional SAR information, ten additional congeners were tested in a 

dopamine active transporter (DAT) assay. The ten congeners were selected from 

the chemical space of untested tri- to hepta-chlorinated congeners with a 

predicted neurotoxic effect. The ten selected congeners as well as the original 

set of twenty congeners were tested. As predicted, the ten congeners showed an 

inhibiting effect in DAT. Many of the NDL-PCBs were shown to be potent 

inhibitors of DAT binding and they were all ortho-chlorinated PCBs. In 

particular, the most potent congeners in this assay were tetra- or penta-

chlorinated with 2-3 chlorine atoms in the ortho position. 

 

It would represent considerable progress if in silico tools could be used to 

predict effects of compounds or SAR information. In silico tools could then be 

used as an alternative to animal testing, reducing the number of animals 

required. However, the development of useful QSAR models, i.e., to describe 

biological systems perturbed by chemical substances with mathematical models, 

is challenging. It has been said that “QSAR modelling is half science and half 

philosophy”. For me, this implies that every step in QSAR modelling should be 

performed carefully and be well considered. Strategies and methods may also 

vary depending on the prerequisites of different studies and applications.  
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In the future, data and information obtained from QSAR models are likely to be 

used in combination with data from other sources, a method known as integrated 

testing strategies (ITS) (Blaauboer and Andersen, 2007; Ahlers et al., 2008). To 

contribute to the large information requirement that follows with REACH, it 

would have been interesting to investigate the possibilities with ITS strategies. 

In ITS, data from different sources can be combined such as mixture testing, 

testing of metabolites, in vivo and in vitro data, data from information 

technologies, including genomics, proteomics and metabolomics as well as data 

from epidemiologic studies. A flexible study protocol is developed in ITS, 

where different routes of testing is allowed and is managed by existing data as 

well as results from non-testing and testing data (Javorska et al., 2010). The 

integrated testing strategy can be improved by multidisciplinary collaborations 

for testing and interpretation of existing data. Statistical molecular design and 

multivariate data analysis can be used for optimization of the testing strategy, 

for overview of data and for creation of predictive models.  
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