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Abstract 

Chemicals offer a wide range of desired functions and are used in a variety of 
consumer goods and industrial sectors. The number of individual synthetic 
organic chemicals produced and the total global chemical production volume 
are increasing. The majority of these anthropogenic chemicals are not 
monitored in environmental matrices nor in the indoor environment even 
though some are associated with undesirable consequences and the range of 
possible chemical impacts is still far from being fully understood. Chemicals 
that remain in the environment for a long time and/or distribute over a large 
area have high exposure potential, and will present particularly acute 
challenges if a currently unknown undesirable effect is discovered. 

 

This thesis describes the development of a set of in silico methods to identify 
and prioritize chemicals with high exposure potential that are currently not 
subject to national or international restrictions. In brief, we i) compiled 
databases of contaminants of potential concern, ii) established models to 
predict key properties to fill data gaps in the absence of experimental data, and 
iii) developed and applied methods to screen chemicals to identify those that 
should be assigned high priority for future study. 

 

Paper I delivers screening-level models to predict partition ratios of organic 
chemicals between polymeric materials commonly found indoors, and both 
air and water. These models can be used in high-throughput exposure 
assessment studies, passive sampling experiments, and models of emissions, 
fate and transport of chemicals.  

 

Paper II presents a scoring method to prioritize 464 organic chemicals of 
emerging Arctic concern for their potential to fit a set of four exposure-based 
hazard profiles. These four profiles represent persistent organic pollutants 
(POPs) regulated under the Stockholm Convention, very persistent and very 
bioaccumulative substances (vPvBs) regulated under REACH and for two 
novel and unregulated profiles derived from the planetary boundary threats 
framework; airborne persistent contaminants (APCs) and waterborne 
persistent contaminants (WPCs). APCs and WPCs are chemicals that are 
mobile in air and water, respectively, and that contaminate the environment in 
a poorly reversible manner due to their persistence. The prioritization method 
is based on a reference set of 148 chemicals that is used to contextualize the 
scoring results. 
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Paper III describes the prioritization of 8,648 chemicals that were reportedly 
produced in five OECD countries. Paper III elucidates the relationship 
between the elemental composition of these chemicals and the exposure-based 
hazard scores, and presents a strategy to disentangle overlaps among the four 
exposure hazard profiles by categorizing chemicals according to the spatial 
coverage of profiles they best fit. 

 

Paper IV focuses on refining the prioritization method described in Papers 
II and III using a set of 5,600 hypothetical chemicals. The refined method is 
used to prioritize the chemicals from Papers II and III, and an additional 4,567 
chemicals from the REACH database. 

 

The in silico methods developed in this thesis can be applied to conduct 
screening-level exposure assessments using only chemical structures as a 
starting point. Substances prioritized as having high potential to be POPs, 
vPvB, APC, or WPC should be considered for more detailed study to 
unequivocally determine their identity and physicochemical properties. 

  



4 

 

List of Papers 
 

Paper I 

Reppas-Chrysovitsinos E, Sobek A, MacLeod M. Screening-level models to 
estimate partition ratios of organic chemicals between polymeric materials, air 
and water. Environmental Science: Processes & Impacts. 2016;18(6):667-76. 

 

Paper II 

Reppas-Chrysovitsinos E, Sobek A, MacLeod M. Screening-level exposure-
based prioritization to identify potential POPs, vPvBs and planetary boundary 
threats among Arctic contaminants. Emerging Contaminants. 2017 Jun 
1;3(2):85-94. 

 

Paper III 

Reppas-Chrysovitsinos E, Sobek A, MacLeod M. In silico screening-level 
prioritization of 8648 OECD chemicals to identify potential planetary 
boundary threats. Submitted to Bulletin of Environmental Contamination and 
Toxicology 

 

Paper IV 

Reppas-Chrysovitsinos E, Sobek A, MacLeod M. Exploring the chemical 
space occupied by non-ionizing organic chemicals with high environmental 
Exposure potential. Manuscript 

 

  



5 

 

Statement of contribution 

 

Paper I 

I was responsible for reviewing the literature, and extracting and evaluating 
the critical information, assembling and curating the database, applying 
QSAR methods to obtain physicochemical property estimations, developing 
the models and analyzing the results. I took the lead in writing the paper. 

 

Paper II 

I was responsible for compiling the physicochemical property database, 
developing and applying the in silico methods and analyzing the results. I took 
the lead in writing the paper. 

 

Paper III 

I was responsible for curating the physicochemical property database, 
applying the in silico methods and analyzing the results. I took the lead in 
writing the paper. 

 

Paper IV 

I was responsible for assembling and curating the physicochemical property 
database, applying the in silico methods and analyzing the results. I took the 
lead in writing the paper. 

 

  



6 

 

List of abbreviations 

A hydrogen bonding acidity 

AMAP Arctic Monitoring Assessment Programme 

APC airborne persistent contaminant 

A-TEAM Advanced tools for exposure assessment and biomonitoring 

B bioaccumulation 

B hydrogen bonding basicity 

BAF bioaccumulation factor 

CPROFILE cardinal value of the hazard score 

CTD characteristic travel distance 

CTDair characteristic travel distance in air for emissions in air 

CTDwater characteristic travel distance in water for emissions in water 

FDEC,i,A degradation mass flux in air 

FDEG,i,S degradation mass flux in soil 

FDEG,i,W degradation mass flux in water 

F'i,D mass flux deposited in a selected target compartment 

Fi,E emission mass flux entering the medium 

HPV high production volume 

KAW air-water partition ratio 

KMA material-air partition ratio 

KMW material-water partition ratio 

KOA octanol-air partition ratio 

KOW octanol-water partition ratio 



7 

 

L logarithm of hexadecane-air partition ratio 

LFER Linear Free Energy Relationship 

LRT long-range transport 

Mi,i mass in the mobile medium that receives emissions 

Mi,TOT total mass at steady state 

MLR Multiple linear regression 

OECD Organisation for Economic Co-operation and Development  

P persistence 

PBT persistent, bioaccumulative, and toxic 

POP persistent organic pollutant 

Pov overall persistence in the temporal remote state 

ppLFER poly-parameter linear free energy relationship 

QSAR Quantitative Structure-Activity Relationship 

REACH Registration, Evaluation Authorisation and restriction of 

Chemicals 

S polarity/polarizability 

SIN Substitute It Now 

SMILES Simplified molecular-input line-entry system 

SPIN Substances in Preparations in Nordic countries 

spLFER single-parameter linear free energy relationships 

SPROFILE score of the exposure hazard profile 

SPROFILE10 set of chemicals that scored below 10 in the exposure hazard 

profile 



8 

 

SPROFILE90 set of chemicals that scored over 90 in the exposure hazard 

profile 

T toxicity 

t1/2 degradation half-life 

TE transfer efficiency 

V McGowan characteristic molecular volume 

vi transport velocity in the transported medium 

vPvB very persistent and very bioaccumulative 

WPC waterborne persistent contaminant 

 

  



9 

 

Introduction 

The need for exposure-based hazard screening of chemicals 
 
Chemicals are used extensively in a wide variety of consumer goods and 
industrial sectors. The vast majority of chemicals are not monitored in 
environmental matrices nor in the indoor environment [1–3] while many of 
the chemicals included in monitoring programmes are already regulated 
and/or relatively well-studied [4–6]. Moreover, the number of individual 
synthetic chemicals being produced is known to be increasing exponentially 
[7] and the total global chemical production volume is also increasing [8,9]. 
Experience has shown that some chemicals pose  unacceptable hazard and/or 
risk to the environment and/or human health [10,11] and, therefore, national 
and supra-national regulatory efforts to identify and manage such chemicals 
have been deployed [12]. Two notable examples of such efforts are the 
Stockholm Convention on persistent organic pollutants (POPs) [13] and the 
European regulation for the registration, evaluation, authorization and 
restriction of chemicals (REACH) [14]. According to the Stockholm 
Convention, compounds that are persistent (P), bioaccumulative (B), capable 
of long-range transport (LRT) and toxic (T), and that pose potential risks in 
regions remote from use and release are characterized as POPs. REACH 
regulates chemicals that are found to be persistent, bioaccumulative and toxic 
(PBT), as well as very persistent and very bioaccumulative compounds 
(vPvBs).  According to the level at which they are found to pose a risk and 
their sociotechnological significance, POP, PBT, and vPvB substances are 
subjected to a series of actions determined by the relevant regulation that may 
vary from authorized use to total and complete bans. 
 
Determining whether a chemical is a POP, a PBT or vPvB substance requires 
establishing processes for chemical hazard and risk assessment. Chemical risk 
assessments are the convolution of two functions; exposure and toxicity 
hazard. Quantification of exposure requires information on chemical 
emissions and environmental fate, and quantification of toxicity hazard 
requires chemical-specific information on concentrations that cause toxic 
effects. Information on chemical emissions- when available- may be 
associated with several orders of magnitude of uncertainty [15]. However, 
with the use of in silico tools such as multimedia models and quantitative 
structure-activity relationships (QSARs), non-ionizing organic chemicals can 
be rapidly assessed for their important fate properties that determine their 
potential to cause exposure, i.e., their exposure hazard. The relevant exposure 
hazard properties include persistence, bioaccumulation potential and long-
range transport potential. Persistence, bioaccumulation and long-range 
transport potential have been shown to be quasi-intensive hazard properties 
that can be meaningfully employed to compare, rank, and prioritize chemicals 
for their exposure-based hazard [16,17]. Therefore, the wicked problem of 
predicting chemical risk can be approached by addressing the more well-
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defined- yet still highly challenging- problem of predicting chemical exposure 
potential to identify substances that warrant further study. High exposure 
potential chemicals are substances that remain in the environment for a long 
time and/or distribute over a large area. This approach, proposed in detail by 
Scheringer in 2001 [17], is most comprehensively reflected in the case of the 
vPvB profile, where only the exposure hazard properties persistence and 
bioaccumulation are considered. For the POP and PBT profiles it can help 
establish priorities for toxicity testing. 
 
Recently, a set of seven new chemical profiles that are not currently regulated 
was proposed to identify chemicals that are potential planetary boundary 
threats [18]. These profiles correspond to scenarios of chemical properties and 
uses that have the potential to cause a poorly reversible disruption of an Earth 
system process that remains unnoticed until it is of planetary scale. The seven 
profiles were derived from the planetary boundaries framework [19,20] which 
is based on the identification and quantification of boundaries that delimit a 
“safe operating space for humanity”. Chemical entities govern five out of the 
seven planetary boundaries (ozone depletion, climate change, ocean 
acidification, nitrogen-phosphorous cycles and chemical pollution) that were 
originally proposed. Additional- currently unidentified- chemically-driven 
planetary boundaries might exist [21,18]. 
 
The seven chemical planetary boundary threat profiles are distinct from, but 
complementary to the established POP, vPvB and PBT profiles [18]. 
Moreover, due to their focus on characteristics of possible, but unknown 
effects on Earth system processes, on use characteristics and environmental 
behavior of chemicals, verifying that a chemical fits many of these profiles 
would require the coordination of several multidisciplinary scientific projects. 
However, two of the seven planetary boundary threat profiles are highly 
dependent on the nature of environmental exposure to the chemicals. The first 
profile describes volatile chemicals that can cause poorly reversible planetary 
scale contamination. Such chemicals can rapidly reach a globally 
homogeneous distribution causing the emergence of a currently unknown 
planetary scale effect faster than the corresponding response time scale. The 
second profile describes water soluble chemicals that can cause poorly 
reversible planetary contamination. Such chemicals are distributed in the 
oceans and trigger a currently unknown planetary effect that either i) is only 
manifested at the global scale, or ii) occurs with a time delay which is 
comparable to the time required for global distribution of the chemical. 
Therefore, for these two profiles it is possible to transform the initial problem 
of identifying chemicals that can cause a poorly reversible disruption of an 
unknown Earth system process into the less complex problem of defining 
appropriate exposure-based hazard endpoints [22] and prioritizing chemicals 
according to their exposure potential- similarly to the approach presented 
earlier for POP and vPvB chemicals. 
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Computer-based (in silico) methods for chemical hazard assessment 
 
For nearly half a century, scientists and regulatory agencies have been 
addressing the question of identifying hazardous chemicals. During that time, 
the importance of purely in silico methods has increased as they have become 
more powerful. In 2001 [23], in “a move that should dramatically increase the 
availability of PBT screening”, the US EPA announced the publication of the 
PBT profiler [24], a screening-level tool for identifying potential PBT 
chemicals. In a 2002 study [25], Walker and Carlsen employed QSARs and 
partial order ranking to identify and prioritize chemicals with persistence and 
bioconcentration potential and compared their method to the PBT profiler 
method. Klasmeier et al [26] suggested in 2005 a multimedia model-based 
methodology to identify potential POPs based on a reference set and a set of 
hypothetical chemicals. Their results illustrated the added value of employing 
the overall persistence as a metric for P rather than the single media 
degradation half-lives which are currently used as regulatory criteria. In a 
2006 study [1], Muir and Howard, using screening methods, indicated that 
potentially hazardous chemicals can be identified from within datasets of 
commercial chemicals, challenging environmental scientists to start looking 
for new potentially hazardous compounds. Their study highlighted that 
persistent and bioaccumulative chemicals exist in commercial products and 
motivated researchers to look for such chemicals in near-field exposure 
studies. Later (2010-2013), Howard and Muir [27–29] published a series of 
three studies that aimed to identify persistent and bioaccumulative chemicals 
in commerce using in silico methods. 
 
In 2007, Juraske et al [30] proposed a scoring and ranking method to screen 
for pesticides of concern. In 2008, Brown and Wania [31] developed an 
approach to screen for potential POPs that investigated both physicochemical 
properties and structural similarity. In 2009, Scheringer et al [32] discussed 
models and metrics for P and LRT that can be used in chemical hazard 
assessments and stressed the significance and conceptual value of using 
overall persistence in the temporal remote state as a P metric. In a 2010 study, 
Papa and Gramatica [33] exemplified the use of QSARs as a tool to identify 
PBT chemicals from molecular structure to guide chemical production and, in 
2011, Rorije et al [34] presented a scoring method to identify potential POP 
and PBT substances. In 2012, Zarfl et al [35] highlighted the role of LRT in 
identifying substances of very high concern, Scheringer et al [36] attempted 
to quantify the number of POPs anticipated for future evaluation under the 
Stockholm Convention and suggested that several POPs are expected to be 
identified in the future, Strempel et al [37] used a scoring method to screen for 
PBT chemicals among the “new” chemicals in the EU and showed that known 
hazardous chemicals are substituted by chemicals with similar properties, and 
Öberg and Iqbal [38] explored the chemical and environmental property space 
of REACH chemicals, further showcasing the applicability of in silico tools 
in the identification of potentially hazardous chemicals. In 2013, Zarfl and 
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Matthies [39] suggested that chemicals that are estimated to be borderline 
cases of PBTs under REACH can be substances of concern when T is 
substituted with LRT and, Nendza et al [40] compared the in silico methods 
to identify potentially hazardous chemicals under REACH and identified a 
need for consensus modeling. 
 
Models and physicochemical property estimation methods are in the heart of 
in silico exposure potential assessments and therefore it is necessary to explore 
their applicability and understand their limitations. EPI Suite [41] has been 
used to estimate physicochemical properties of chemicals from structure in 
many of the studies listed above. However, in 2004, Gouin et al [42] identified 
that the default algorithm in EPI Suite tends to underestimate the degradation 
half-lives of highly persistent chemicals that are used as input to mass balance 
model calculations. As a result, Arnot et al [43] in 2005 and Fenner et al [44] 
in 2006 proposed alternative methods to estimate degradation half-lives from 
the BIOWIN models included in EPI Suite. Fenner et al [44] suggested that 
while EPI Suite tends to underestimate degradation half-lives, the method of 
Arnot et al [43] probably tends to overestimate them. Later, Fenner et al [45] 
in 2005 employed a set of hypothetical chemicals to compare P and LRT 
estimates among different multimedia models and made recommendations for 
future modeling practices. In 2009, Wegmann et al [46] presented the OECD 
tool, a multimedia consensus model, for screening chemicals for P and LRT 
metrics. The same year, Bennett et al [47] assessed the predicting capabilities 
of several physicochemical property estimation tools and identified 10 orders 
of magnitude uncertainty in the modeled values and, Clausen et al [48] 
performed a sensitivity analysis of various QSAR models. In 2010, Zhang et 
al [49] examined four partitioning property estimation tools and showed that 
chemical screening outcomes may vary according to the tool employed. Goss 
et al [50] in 2013 proposed elimination half-life as an alternative metric to 
assess the bioaccumulation potential of chemicals that accounts for a wide set 
of environmental and biological processes including magnification in a food 
web. Finally, in 2014 Mamy et al [51] published a comprehensive review of 
the tools predicting the fate of organic compounds in the environment.  
 
Databases to support in silico assessment of chemicals  
 
The physicochemical property data and use information submitted in the 
process of chemical registration has been criticized, and even characterized as 
having “limited utility” [52] due to missing data, and low data quality. 
Nonetheless, apart from models and physicochemical property prediction 
methods, in silico approaches to identify high exposure potential chemicals 
have greatly benefitted from the efforts to compile and update chemical 
inventories and databases such as the Substances in Preparations In Nordic 
countries (SPIN) database, the OECD high production volume (HPV) list, the 
REACH database, the Substitute It Now (SIN) database of the International 
Chemical Secretariat, and the ExpoCastDB from the US EPA [52–61]. 
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Moreover, the design of information retrieval and data mining tools for 
chemistry [62] have greatly accelerated this time-consuming process. Of 
special importance are chemical databases like PubChem [63] and 
ChemSpider [64] that support research in numerous fields such as life 
sciences, engineering, chemistry, and earth and environmental sciences. Such 
databases are broad and grow rapidly, as they provide a platform for experts 
from various disciplines to fill data gaps and, therefore, enhance the 
interdisciplinary work needed to confront scientific challenges. 
 
Background and motivation for this thesis 
 
Exposure to chemicals can be near-field (direct sources) and/or far-field 
(indirect sources). Due to their physicochemical properties [65,66] POPs are 
mostly relevant for far-field exposure, and therefore exposure in the Arctic 
region is particularly interesting as a regulatory driver, and the Arctic has been 
a place of interest for environmental chemistry studies for many years [67]. 
However, a recent Arctic Monitoring Assessment Programme (AMAP) report 
[68] highlighted that the occurrence of chemicals in the Arctic is not only a 
result of LRT but also of local sources that are associated with the increasing 
socio-economic activity and population in the Arctic region. Thus, chemicals 
that are not persistent might be present in the Arctic due to their continuous 
emissions in the Arctic region [69]. Identifying chemicals that are neither P 
nor LRT but are continuously present in the Arctic is part of the goals of in 
silico exposure potential assessment.  Moreover, the report notes that several 
of the “emerging” POP-like contaminants found in the Arctic have been in 
consumer products for years, sometimes as substitutes for regulated POPs.  
 
The Advanced Tools for Exposure Assessment and biomonitoring (A-TEAM) 
project, is a Marie Curie Initial Training Network that was funded by the 
European Union in 2013. As an overall goal, A-TEAM aimed to identify and 
develop approaches to use chemicals in consumer goods and materials in ways 
that minimize adverse health impacts.  The project addressed the following 
challenges; i) early identification of high exposure potential chemicals, ii) 
biologically-relevant monitoring of external exposure, iii) elucidation of the 
relative contribution of the various exposure pathways, and iv) connecting 
external exposure to internal exposure. The long-term global research 
objectives that corresponded to these aims were to enhance our understanding 
of i) chemical migration from goods into the indoor and outdoor environment, 
ii) the connection between far-field and near-field exposure, iii) the connection 
between external exposure and internal exposure, and iv) the health effects of 
the presence of chemicals. 
 
The research described in this thesis was a component of the A-TEAM project.  
The broad goals were to deliver in silico methods to identify and assess high 
exposure potential chemicals, and to contribute to our understanding of 
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chemical migration from consumer products and other technical applications 
to the environment.  
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Objectives 

 
This thesis describes the development and application of novel in silico 
screening-level methods to prioritize chemicals for high exposure potential in 
a data-poor environment. The following research questions are addressed: 
 

1. How can we screen for chemicals that are more likely to be emitted 
from materials present indoors in Europe? Which materials are more 
likely to function as repositories of chemicals in their life cycle? 
(Paper I) 

2. How can we identify chemicals that warrant exposure monitoring? 
(Papers II- IV) 

3. Which chemical profiles are more relevant for near-field exposure and 
which for far-field exposure? (Papers III and IV) 

4. How does the elemental composition of chemicals correlate with their 
exposure potential? (Paper III) 

5. How can potential planetary boundary threats be identified among 
known environmental contaminants or chemicals known to be in 
commerce? (Papers II-IV) 

6. Can we map the chemical space that defines high exposure potential 
chemicals? (Paper IV) 

 
Paper I aims to develop screening-level models to estimate material-air and 
material-water partition ratios for material-chemical combinations for which 
experimental data is not available.  
 
Paper II has three aims. The first aim is to propose exposure-based hazard 
profiles that correspond to the planetary boundary threat profiles for i) poorly 
reversible contamination combined with rapid evolution of a globally 
homogeneous distribution, and ii) poorly reversible contamination combined 
with a time delay in the observation of effects that is approximately equivalent 
to the time required for the global distribution of the contaminant. The second 
aim is to develop a ranking method to prioritize chemicals for their potential 
to fit the persistent organic pollutant (POP) profile which is regulated under 
the Stockholm Convention, the very persistent and very bioaccumulative 
substances profile (vPvB) which is regulated under REACH, and the two 
novel exposure hazard profiles of planetary boundary threats. The third aim is 
to use our ranking method and the exposure-hazard profiles to prioritize the 
chemicals included in a recent Arctic Monitoring Assessment Programme 
(AMAP) report of contaminants of emerging Arctic concern. 
 
Paper III aims to use the method and profiles developed in Paper II to 
prioritize a set of chemicals reportedly produced within the OECD countries, 
explore the influence of the elemental composition of chemicals on their 
potential to fit each of the POP, vPvB, and planetary boundary exposure 
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profiles, and to propose a scoring scheme to disentangle the potential overlap 
among the profiles based on the spatial coverage of the exposure potential. 
 
Paper IV aims to investigate the limitations of the method developed in 
Papers II and III and to improve it, and map the chemical space for the set of 
physicochemical property characteristics that are consistent with high 
exposure potential. 
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I. Data mining tools 
 
Chemical structure is the only input required for the chemical assessments 
described in this thesis. The most common form of machine-readable 
molecular representation is the simplified molecular-input line-entry system 
(SMILES). Even though there are two main chemical databases rich in 
SMILES; PubChem [63] and ChemSpider [64], there are cases of chemicals 
for which SMILES is not available online. To mine these databases and obtain 
SMILES from chemical names or Chemical Abstracts Service (CAS) 
numbers, we used two Python application programming interface (API) 
wrappers; PubChemPy [70] and ChemSpiPy [71], respectively. In absence of 
SMILES, we searched for other molecular file formats, such as .mol files or 
InChI codes. To convert these formats to SMILES, we used OpenBabel [72], 
a software designed to read, write and convert over 110 chemical file formats. 
Overall, using these tools we obtained all the SMILES necessary to assemble 
and/ or curate the five chemical databases that are used in different parts of 
the thesis. 
 

II. Physicochemical property estimation tools 
 
The following properties appearing in this thesis were calculated using EPI 
Suite: molecular weight, octanol–air partition ratio (KOA), octanol–water 
partition ratio (KOW), dimensionless Henry's law constant (KAW), vapor 
pressure (P, Pa), subcooled liquid vapor pressure (PL, Pa), bioaccumulation 
factor (BAF), degradation half-lives in air (t1/2air), water (t1/2water) and soil 
(t1/2soil), and BIOWIN estimates from the Primary Survey Model B4 (PSM-
B4). 
 
For the models developed in Paper I, we also employed the ACD Labs/ 
ABSOLV software to estimate Abraham solvation parameters for hydrogen 
donor acidity (A), hydrogen donor basicity (B), molar volume (V), 
hexadecane-air partition ratio (L), and polarity/polarizability (S) that we used 
to build the ppLFER models (see below). 
 

III. Chemicals not assessed in this thesis 
  
This thesis does not assess any organometallic compounds because they fall 
outside the applicability domain of the EPI Suite QSARs. Chemicals that are 
likely to be ionized within an environmentally relevant pH range were also 
removed from all databases for the reasons described below. For the 
identification of such chemicals, we calculated the acid (pKa) and base (pKb) 
dissociation constants using the ACD Labs/ Percepta PhysChem Profiler. In 
Paper I, we removed any compounds with pKa lower than five to avoid 
measurements that were likely influenced by partially dissociated acids. In 
Papers II, III and IV we removed any compounds with estimated pKa lower 
than five and pKb greater than eight to avoid uncertainty propagation from the 
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EPI Suite estimated partition ratios and BAF to the OECD Tool (see below) 
and to the prioritization method. 
 

IV. Multimedia modeling tools 
 
Modeling chemical- environment interactions is necessary for the estimation 
of properties such environmental persistence, bioaccumulation and long-range 
transport potential.  
 
In this thesis, our multimedia model of choice is the OECD Tool [46], which 
is a consensus model that was developed after a series of expert workshops 
and model inter-comparison exercises held in the early 2000’s. The Tool is a 
fugacity-based steady-state multimedia mass-balance fate and transport model 
that describes scenarios of chemical emissions in three compartments of a 
representative global-scale “unit-world”; air, oceans, and soil. The 
environmental fate and transport is described with the help of two LRT 
metrics, characteristic travel distance (CTD, km) and transfer efficiency (TE, 
%), and overall persistence in the temporal remote state (Pov, days) which is a 
metric for P. 
 
We used the Tool in Papers II, III and IV to estimate a Pov, TE, and 
characteristic travel distance in air for emissions in air (CTDair) and 
characteristic travel distance in water for emissions in water (CTDwater). Tool’s 
unit-world fate model is presented in Figure 2. 
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Figure 2. The unit-world of the OECD Tool [46] 

 
V. Chemical databases 

 
For the purposes of this thesis, we assembled and/or curated five chemical 
databases; i) the polymer-air and polymer-water partition ratios database 
(Paper I) ii) the chemicals of emerging Arctic concern database [73] (Paper 
II and IV), iii) the OECD chemicals database [15,74] from the Screen-POP 
project [15] (Paper III and IV), iv) the database of chemicals registered under 
REACH [59] (Paper IV), and v) the reference chemicals set (Paper II, III 
and IV). Apart from these databases, we further constructed a hypothetical 
chemicals dataset (Paper IV). More specifically, we assembled the first 
database to develop linear free energy relationships to estimate partitioning 
between polymeric materials and both air and water, and the other five 
databases to develop a method to prioritize chemicals for high exposure 
potential, screen for potentially hazardous compounds and explore and 
improve our prioritization method. 
 
Establishing models to predict physicochemical properties and enhance our 
understanding of chemical migration from consumer products 
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a. Polymer-air and polymer-water partition ratios database (Paper I) 
 
Generally, there are at least three ways to obtain material-air (KMA) and 
material-water (KMW) partition ratios for a given combination of material and 
chemical compound: i) determine the value experimentally, ii) apply in silico/ 
computational methods based on quantum mechanical and statistical 
mechanical models such as Cosmo-RS [75,76], or iii) apply semi-empirical 
linear free energy relationship (LFER) models that are based on theoretical 
simplifications and existing measurements for fitting purposes.  
 
Measuring partition ratios for all the combinations of chemicals and matrices 
of possible interest in high throughput screening assessments such as 
ExpoCast [77] is not feasible; however, the experimental procedure remains 
the most reliable option. The purely in silico approaches require both a) well 
characterized chemicals and matrices and b) high computational resources. 
Semi-empirical LFER models can deliver reliable estimations, although a) 
they require invoking typically strong theoretical assumptions and b) they 
introduce qualitative and quantitative data-related limitations such as the 
propagation of error and/or uncertainty from the experimental procedure, 
insufficient number of measurements in the dataset or a dataset not 
representative enough to reliably fit the model. These theoretical and data-
related limitations render the process of defining an applicability domain for 
semi-empirical models quite challenging, but the domain of applicability of a 
LFER model is determined to a great extent by the combination of database 
characteristics and the nature of the theoretical assumptions employed. 
 
We compiled a database of 363 material-air (KMA) and 910 material-water 
(KMW) partition ratios that were measured for 446 individual compounds in 29 
individual studies. Nearly 40 individual polymers and biopolymers play the 
role of “material” in our database. To obtain a complete set of 1273 ratios we 
first adjusted the measured KMA and KMW values to a standard reference 
temperature of 298 K using the Van’t Hoff equation and then we employed an 
empirical correlation based on Trouton's rule to calculate the internal energy 
of phase change between air and polymeric materials. Then, we used a 
thermodynamic triangle with Henry's law constant to calculate 910 KMA and 
363 KMW values. We used the octanol–air (KOA) and the octanol–water (KOW) 
partition ratio to develop single parameter free energy relationships (spLFER) 
for KMA and KMW, respectively.  
 
More specifically, we derived the spLFER models using simple linear 
regression and the ppLFER models using multiple linear regression. In the 
case of spLFER models we forced the slope to 1 to derive generic, screening-
level models where the intercept can be conceptually interpreted as a material-
octanol partition ratio (KMO) which represents the fraction of the polymeric 
material available for sorptive processes that behaves like octanol. 
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We used the monomer 2D chemical structure of each polymeric material in 
the database to group similar materials among the 40 polymers together. This 
way, we gathered a total of six polymeric materials. We also developed a set 
of LFER models for a generic, “bulk material” which is the combination of all 
KMA or KMW measurements without considering the sorptive capacities of the 
different materials. In total, we developed a family of 28 screening-level 
models and for each of them we identified outliers that we used to evaluate 
the applicability of our method and we also employed the correlation 
coefficient (R2) and the root mean squared error (RMSE) to assess model 
performance. 
 
Chemical databases and screening methods to prioritize high exposure 
potential chemicals 
 
b. Chemicals of emerging Arctic concern database (Paper II and IV) 
 
Among the Arctic Monitoring Assessment Programme (AMAP) reports 
published in 2017, one was focused on reviewing the occurrence of chemicals 
of emerging Arctic concern [68]. These chemicals are either not currently 
regulated as POPs or became regulated as POPs after 2009 when the previous 
AMAP report was published, and new studies on their presence in the Arctic 
have appeared since 2010. The final dataset contained 464 AMAP chemicals 
for which we further estimated Pov, CTDair, CTDwater and TE using the Tool. 
 
In Paper IV we revisited the database used in Paper III to apply our modified 
prioritization method. The modifications of the method are partly associated 
with new t1/2water and t1/2soil estimated and modified EPI Suite estimated log 
KOW and log KAW values. More specifically, we estimated new t1/2soil values 
using a regression proposed by Arnot et al [43] which is based on BIOWIN 
PSM-4 estimates for degradation, and we assumed a 2:1 ratio for t1/2soil and 
t1/2water. We used this regression to obtain new t1/2water and t1/2soil estimates 
because the ones estimated from EPI Suite (calculated by a level-III fugacity 
model) are quantized, generic estimates. 
 
In the case of the EPI Suite estimated log KOW and log KAW values, estimates 
exceeding the respective extrema of the measured partition ratios used in EPI 
Suite’s training set were converted to these extrema. This way, the modified 
EPI Suite estimated log KOW range became (-1.45, 9) from (-1.45, 13.64) and 
the corresponding log KAW range became (-12, 3) from (-35.63, 4.10). The 
other estimates included in the database remained the same as in Paper II. 
 
c. Chemicals in the OECD countries database (Paper III and IV) 
 
A database of 12 619 substances reportedly produced within the OECD 
countries was assembled for the purposes of the Screen-POP project [15]. In 
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Paper III we employed EPI Suite to estimate log BAF, and t1/2air, t1/2water 
and t1/2soil. The database included EPI Suite estimated log KOW and log KAW 
values modified so that the estimated extrema of the respective ranges do not 
exceed the corresponding measured extrema of the log KOW and log KAW 
ranges of the chemicals used as training set for the KOWWIN and 
HENRYWIN QSARs. This way, the EPI Suite estimated log KOW range was 
(-4, 9) and the corresponding log KAW range was (-12, 3). For the 8,648 non-
ionizing chemicals of the database we employed the Tool to estimate Pov, 
CTDair, CTDwater and TE. 
 
We revisited this database in Paper IV to apply our modified prioritization 
method. In this case, we calculated the new t1/2water and t1/2soil values using 
a regression established by Arnot et al (see above). In this case, we estimated 
the new Pov, CTDair, CTDwater and TE values from the Tool. 
 
d. The REACH chemical database (Paper IV) 
 
We downloaded the database of REACH registered substances (last updated 
30 June 2017) which contained 15 965 unique substances. After removing 
potentially ionizing chemicals and organometallics, a total of 4657 chemicals 
remained in the database. For these chemicals, we used EPI Suite to obtain 
molar mass, log KOW, log KAW, log BAF, t1/2air, and PSM-4BIOWIN that we used 
to estimate t1/2water and t1/2soil from a regression established by Arnot et al 
[43] (see above). 
 
For the purposes of Paper IV we merged the REACH database with the 
Screen-POP database (Paper III) and the AMAP database (Paper II). It is 
therefore likely that there is more than one entry for the same chemical in the 
merged database. However, the absence of a common unique identifier 
rendered the identification of duplicates impractical. Moreover, there are 
chemicals for which differences in SMILES can lead to differences in 
estimations for any of the EPI Suite QSARs employed. Since our goal was to 
develop an in silico screening-level prioritization method, we decided to treat 
these cases as different chemicals, rather than duplicates, and focus on the high 
priority chemicals. 
 
e. The reference set (Papers II, III and IV) 
 
Our in silico screening-level prioritization method, developed and applied in 
Papers II, III and IV, is based on benchmarking the case study chemicals 
against a reference set for added context. The reference set introduced in 
Paper II and used in Paper III consists of 148 chemicals from the 
physicochemical properties handbooks published by Mackay et al [78]. These 
148 compounds are known environmental pollutants with which there have 
been several years of experience. Substances in the reference set database 
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include POPs, PAHs, pesticides, halocarbons, and hydrocarbons. All these 
148 chemicals meet our definition of non-ionizing in that they have estimated 
pKa greater than five and pKb lower than eight. 
 
Similarly to the datasets presented above, the reference set consists of 
estimated physicochemical properties (molecular weight, log KOW, log KAW, 
log BAF, and t1/2air, t1/2water and t1/2soil) and properties estimated from the 
Tool (Pov, CTDair, CTDwater and TE). In Paper IV, we employed a regression 
established by Arnot et al (see above) to estimate new t1/2water and t1/2soil 
values (and, correspondingly, new Tool outputs). 
 
f. The hypothetical chemicals dataset (Paper IV) 
 
In Paper IV, we focused on exploring the methodological aspects of our in 
silico prioritization method. To that end, we constructed a set of hypothetical 
chemicals. This set consists of 5 600 individual combinations of log KAW, log 
KOW, t1/2air and t1/2water values. In more detail, there are 16 log KAW values 
and 14 log KOW values- one for each integer in the (-12, 3) and the (-4, 9) 
range, respectively. There are five t1/2air values (4, 24, 168, 1000, 8760 hours) 
for each of the 224 individual partition ratio combinations and five t1/2water 
values (24, 48, 168, 1000, 8760, 87600 hours) for each of the 1120 individual 
partition ratio-t1/2air combinations. We used the Tool to calculate Pov, CTDair, 
CTDwater and TE for all 5,600 chemicals and an established relationship for 
BAF and KOW [79,80] to assign a BAF value to each of the chemicals. 
 

VI. In silico screening-level exposure-based hazard prioritization (Papers 
II-IV) 

 
Our prioritization method has three components; the exposure-based hazard 
profiles, the exposure-based hazard metrics, and the scoring and ranking 
method. 
 
a. Exposure-based hazard profiles 
 
We defined a total of four exposure-based hazard profiles as combinations of 
exposure hazard metrics (see below). Our exposure-based hazard profile for 
POPs accounts for persistent, bioaccumulative and mobile chemicals and our 
vPvB profile accounts for very persistent and very bioaccumulative 
compounds. We further defined two exposure hazard profiles to account for 
chemical profiles identified within the planetary boundary threats concept; the 
airborne persistent contaminants (APC) profile and the waterborne persistent 
contaminants (WPC) profile. These profiles are respectively expected to be 
consistent with i) poorly reversible contaminants that reach globally 
homogeneous distribution rapidly and ii) poorly reversible contaminants that 
reach global distribution with a time delay equivalent to the time required for 
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receives emissions ( ) divided by the total mass at steady-state for the given 
emission scenario ( ). 
 
2.  
 
TE is a target- oriented LRT metric that quantifies transport and deposition to 
a remote region as the mass flux deposited in a selected target compartment 
(  divided by the emission mass flux ( ) entering the medium. 
 
3.  

 
 
c. Scoring system 
 
 
We defined four scores to estimate a chemical’s potential to fit each of the 
four profiles (SPROFILE). The scores, ranging from 0 (minimum hazard) to 100 
(maximum hazard) are defined as the percentile ranks of product of the 
aforementioned hazard metrics that correspond to each profile. For SPOP we 
used Pov, BAF and TE, for SvPvB we used Pov and BAF, for SAPC the metrics 
were Pov and CTDair, and for SWPC we used Pov and CTDwater. We translated the 
legislative “and” (e.g. “persistence and bioaccumulation”) as a logical AND 
operator and therefore we used multiplication to combine the metrics. Our 
metric for LRT for the POP profile is TE because it accounts for both transport 
and deposition in remote regions and deposition is a prerequisite for exposure- 
and therefore for bioaccumulation- to aquatic organisms. 
 
Assuming a set of exposure hazard metrics M of metrics that can only take 
real positive numbers as values, we calculated the cardinal value of the hazard 
score (CPROFILE) as the product of all the relevant mi elements of the M set.  
 
CPROFILE = m1 × m2 × … × mn 
 
We defined a percentile rank function R(x) that assigns to the cardinal 
elements of a set x their ordinal values as percentiles in an ascending order. 
For example, R([2, 3, 8, 5]) = [25, 50, 100, 75]. 
 
We then used R(x) to derive the ordinal numbers that constitute the exposure 
hazard profile scores (SPROFILE) from the CPROFILE values. 
  
d. Benchmarking method 
 
We used the reference set (Papers II-IV) to bin each of the case study 
chemical sets. The number of bins equals the number of elements in the 
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reference set plus one bin; a reference set with n chemicals (c1, c2, cn) has n-1 
bins for each of the n-1 pairs (c1, c2), …, (cn-1, cn) and two bins marked by the 
lower and upper reference set chemical; (c0 , c1) and (cn, cn+1). Our reference 
set contains 148 chemicals and consequently there is a total of 149 possible 
bins. 
 
We merged the reference set chemicals with the case study chemicals and used 
the CPROFILE values to sort the chemicals in a descending order. Then we 
assigned to the each of the case study chemicals the SPROFILE value of the 
reference set chemical that marks the bin in which they fall. The 147 bins 
defined for the ordered reference set pairs were marked by the lower reference 
set chemical of the bin. For the other two bins, chemicals with CPROFILE values 
higher than the highest CPROFILE value of the reference set or lower than the 
lowest CPROFILE value were, respectively, assigned the highest possible 
SPROFILE value (100) or the lowest possible SPROFILE value (0). 
 
If we consider the set used in the example above [2, 3, 8, 5]  as the CPROFILE 
values of our reference set and another set of CPROFILE values [3, 4.99, 9, 1, 7, 
2.33] as an example for a case study set. Then, following the steps described 
above, we can fill Table 1 below to obtain the SPROFILE values of this example 
case study set; [50, 50, 100, 0, 75, 25]. The cardinality of the reference set and 
the distribution of its CPROFILE values determine the SPROFILE values of the case 
study set chemicals. Therefore, the SPROFILE values cannot have any regulatory 
interpretation; they can only be used to contextualize the prioritization of the 
case study chemicals with the reference set chemicals. 
 

Table 1. An illustrative example of the scoring method using benchmarking 
against a reference set of chemicals. 

Set CPROFILE SPROFILE 
Case study 1 0 
Reference set 2 25 
Case study 2.33 25 
Reference set 3 50 
Case study 3 50 
Case study 4.99 50 
Reference set 5 75 
Case study 7 75 
Reference set 8 100 
Case study 9 100 

 
In Paper IV, where we explored our scoring method, we ranked the reference 
set chemicals against the hypothetical chemicals to obtain calibrated SPROFILE 
values for the reference set. The CPROFILE values of the hypothetical chemicals 
are equidistributed and therefore they can be used to better reflect the distance 
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in SPROFILE values between two consecutive reference set chemicals. We then 
compared used the calibrated reference set to assign SPROFILE values to the case 
study chemicals examined in Paper IV  compared the results to the ones 
obtained for ranking the case study chemicals against the reference set, and 
the hypothetical chemicals set.  
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Results and Discussion 
 
I. Screening-level LFER partitioning models 
 
One of the main goals of this thesis was to advance our understanding of 
chemical migration from consumer products. In Paper I we delivered a set of 
28 screening-level LFER models to estimate partition ratios between 
polymeric materials, and air and water. These models elucidated the sorptive 
behavior of a wide range of polymeric materials, either by describing them as 
“octanol equivalents” (spLFER models) or by investigating the role of various 
physicochemical phenomena on the partitioning process using a set of 
appropriate descriptors (ppLFER models). More specifically, we generated 
models for a generic, bulk material (Figure 2, Paper I) which is based on 
treating all different materials as one polymer, and for six distinctive 
polymeric materials (Figures 2 and 3, Paper I); polyethylene, polyurethane, 
polydimethylsiloxane, carbohydrates, polyoxymethylene, and nylon.  
 
Our bulk material spLFER models indicated that polymeric materials can be 
modeled as consisting of 6% octanol- or, equivalently, consisting entirely of 
octanol, 6% of which is available for sorptive processes- within an uncertainty 
range of a factor of 15. The performance of the corresponding ppLFER models 
for the bulk material were comparable to the spLFERs and thus we 
recommended the convenience of the spLFER models for screening-level 
applications where the information on the modeled material is poor. In the 
case of the polymer-specific materials ppLFERs performed slightly better, in 
general. Therefore we suggested the use of the ppLFERs for exercises that 
model well-defined materials. 
 
In principle, ppLFERs are preferable to spLFERs since they account for a 
wider range of physicochemical phenomena. Moreover, from a mathematical 
perspective ppLFERs have more degrees of freedom and should thus yield 
more reliable estimations. However, the ppLFER models developed in Paper 
I did not outperform the corresponding spLFERs. This finding indicated the 
presence of potential errors, biases, model variabilities and uncertainties. Our 
models were based on physicochemical properties estimated from EPI Suite 
and ABSOLV and thus, errors and potential biases of these software packages 
likely influenced the general performance of the LFER models presented in 
this thesis. 
 
In principle, orthogonality of Abraham solvation parameters is a prerequisite 
for optimal ppLFER models. However, as presented in Figure 5, the ABSOLV 
estimated A, B, L, S, and V are not all orthogonal to each other. More 
specifically, L, S, and V were highly correlated for the chemicals investigated 
in Paper I. 
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II. Screening-level prioritization methods to identify POPs, vPvBs, 
and planetary boundary threats 

 
In Papers II-IV we established a methodology to identify potential POP, 
vPvB, APC and WPC chemicals. The results showed that these profiles, 
represented by their respective scores, are distinct and complementary to each 
other (Figure 3, Paper II). However, since it is possible for chemicals to fit 
more than one profile, we suggested a method to further prioritize chemicals 
for the spatial coverage of the profile they best fulfill (Papers III and IV) 
based on their hazard scores. 
 
More specifically, the vPvB profile prioritizes chemicals without considering 
their long-range transport potential and is thus more suitable for assessing 
near-field exposure potential. The POP profile accounts for persistent 
chemicals that are transferred, deposited and bioaccumulated in remote 
regions. Therefore, chemicals that are more likely to be POPs than vPvBs are 
more relevant for far-field exposure potential assessments- even though near-
field exposure pathways should not be disregarded. Similarly, chemicals that 
are more likely to be APCs or WPCs rather than POPs would be more relevant 
for monitoring their global distribution trends. 
 
We investigated the relationship between the partitioning properties of the 
chemicals and SPROFILE (Figure 2, Paper III), the relationship between the 
partitioning properties and each of the five hazard metrics (Figure 3, Paper 
III), as well as the relationship between the elemental composition of the 
chemicals and their hazard scores (Figure 4, Paper III). 
 
Figure 7 illustrates the relationship between the presence of an element in the 
chemical structure, represented by the average number of atoms of this 
element per structure, and the SPROFILE values in the case of the REACH 
chemicals. In general, the presence of halogens, nitrogen and phosphorus was 
associated with higher SPROFILE values, while a generally negative correlation 
between the number of oxygen atoms and the scores can be observed. A slight 
exception to this trend was found in the case of SWPC where the average 
number of oxygen atoms per structure was associated with higher scores. The 
average number of silicon atoms per structure was positively correlated with 
higher SvPvB. Not enough chemicals contained boron and thus a similar 
conclusion could not be discerned in this case. 
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Overall, our method can be used to prioritize non-ionizing organic chemicals 
that are likely to be POP, vPvB, APC, and WPC substances. However, the 
identification of any chemical as “high priority” should not be perceived as a 
proxy for “high risk”. Instead, it should lead to a series of measurements to 
unequivocally determine its physicochemical properties and emissions. 
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Concluding remarks 
 
An increasing number of studies have delivered in silico tools to identify and 
prioritize synthetic organic chemicals for their exposure potential. Several of 
these studies focused on defining suitable metrics to assess hazard criteria. 
Others focused on elucidating the relevance of the various exposure pathways 
and on investigating the near-field/far-field exposure relationship, as well as 
the internal/external exposure relationship. Quantifying the extent to which 
polymeric materials found indoors function as chemical repositories and 
understanding the mechanisms driving chemical partitioning between 
materials and both air and water is essential for prospectively identifying 
chemicals with high near-field exposure potential, linking human to indoor 
concentrations, and evaluating the risks associated with the occurrence of 
chemicals both indoors and outdoors. Furthermore, prioritizing chemicals for 
their potential to fit exposure-based hazard profiles, exploring the structural 
characteristics that best fulfill these profiles and hierarchizing the profile 
combinations to derive the chemical spatial coverage of exposure is necessary 
to inform monitoring campaigns and risk assessments. 
 
In brief, the most important contributions of this thesis are: 
 

I. The bulk material spLFER models delivered in Paper I according to 
which, in screening-level applications, materials can be modeled as 
consisting 6% of octanol. Generally, the spLFERs delivered in Paper 
I provide a conceptually convenient understanding of partitioning to 
different polymeric materials as “octanol equivalents”. Furthermore, 
the ppLFER models delivered can be used to elucidate the dominant 
mechanisms (hydrogen bonding, Van der Waals interactions, polarity, 
and cavity formation) that govern sorption to different polymeric 
materials. Overall, these LFERs can be used to fill data gaps where 
experimental data is scarce and in in silico high-throughput screening 
studies to assess the role of materials as repositories of chemicals 
throughout their life cycle. 

II. The APC and WPC exposure-based hazard profiles proposed in 
Paper II for identifying chemicals that are potential planetary 
boundary threats. These profiles are tools that can be employed to 
prioritize chemicals and research needs for future studies. Also, the 
POP and vPvB exposure-based hazard profiles can be used to guide 
risk assessment studies in the context of the Stockholm Convention 
and REACH. The other main finding of Paper II is the scoring and 
prioritization method that is based on defining a reference set against 
which chemicals are scored as percentile ranks of the reference set 
scores. This method can be used to surpass arbitrary “bright line” 
criteria while it contextualizes the chemical ranking. 

III. The prioritization of chemicals based on the spatial coverage of the 
exposure hazard profile they best fit presented in Paper III. This 
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method can be employed to guide regulatory actions to reduce 
exposure. Furthermore, the influence of the elemental composition of 
chemicals on their exposure hazard potential can inform chemical 
synthesis studies investigating substitutes for regulated substances. 

IV. The partitioning property cut-off values for identifying chemicals that 
could qualify as planetary boundary threats but would not be regarded 
as potential POP or vPvB substances delivered in Paper IV. 
Furthermore, the calibrated reference set improves the prioritizing 
method explored in Papers II-IV. 

 
Overall, these in silico methods can be used to rapidly assess the exposure 
potential of vast chemical databases having as a starting point molecular 
structures only. 
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Future perspectives 
 
The knowledge gained in the research presented in this thesis regarding the 
characteristics of high exposure potential chemicals and the means to identify 
and prioritize them widens the perspective of future research directions. 
 
In the near future, to guide future research on planetary boundary threats we 
could seek to evaluate the APC and the WPC profiles. For WPCs, for example, 
a starting point could include a combination of non-target and targeted 
screening of the water column in the proximity of active benthic communities 
for synthetic high SWPC chemicals. Then, we could estimate the production 
volumes of these chemicals and their possible toxicological effects to the 
benthic communities and further hypothesize for the potential global effects 
associated with the oceanic occurrence of these chemicals. Similarly, for 
APCs, a form of evaluation would be the determination of the ozone depletion 
potential of high SAPC substances. 
 
A problem of in silico exposure potential assessments is that, at the moment, 
the majority of chemical inventories are mostly focused on registered 
chemicals and disregard naturally occurring chemicals and degradation 
products which, for example, can be equally or more persistent [82]. Another 
source of ignorance is associated with the “streetlight effect”; QSAR models 
are trained to find chemicals similar to well-characterized existing substances 
that constitute the QSAR training set. 
 
As a possible direction to address the first challenge, we could seek to explore 
the chemical space of thermodynamically valid chemicals. Recently, a 
database enumerated with 166.4 billion chemical structures of up to 17 atoms 
of C, N, O, S, and halogens was made available for the identification of 
potentially therapeutic substances [83,84]. It is probable that the design and 
production of the next generation of pharmaceuticals and personal care 
products would be guided from this database or a similar one. In this context, 
environmental scientists should also screen such databases to proactively 
identify chemicals of concern. 
 
As regards the currently “known” chemicals we could use the PubChem 
similarity workbench to discover compounds structurally similar to the 
potential vPvB, POP, APC, and WPC chemicals that are not currently listed 
in chemical inventories. 
 
Another future point to consider is that the nature of chemical production itself 
is also changing. It is expected that the range of chemicals and materials 
produced biologically would be wider and more diverse [85–87]. 
Biomanufacturing chemicals could lead to new challenges for environmental 
scientists as these novel methods might further accelerate and diversify 
chemical production. 
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Overall, in silico exposure assessment has to address the problem of data 
quality and availability. This is a “missing element” kind of problem that, up 
to a point, could even be addressed within a regulatory context for the existing 
chemicals. The “streetlight effect” problem is mainly a “missing tool” 
problem; we do not yet have an in silico tool that could reliably substitute the 
experimental determination of physicochemical properties. These problems 
are by their nature more complex than the “missing element” ones. Addressing 
the “streetlight effect” problem requires theoretical advancements in 
chemistry and familiarization with the modern computer techniques. Finally, 
the planetary boundary threats problem is a “missing researcher” problem as 
we currently lack the researchers and the scientific teams that could ultimately 
confront our ignorance on the matter. 
 
A proactive exposure hazard strategy combined with the precautionary 
principle could assist managing the chemical exposure problem while guiding 
our efforts to confront chemical-related threats until we have the means to 
effectively address them.  
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Executive Summary 

 
Since the Industrial Revolution, the production rate and the diversity of 
synthetic chemicals flowing throughout the technosphere and into the 
atmosphere, hydrosphere, lithosphere and biosphere has been increasing. It 
has been clearly documented for more than half a century that- beyond their 
desired function- environmental exposure to some of these chemicals is 
associated with undesirable changes. To identify and regulate the chemicals 
that cause unacceptable impacts, a series of national and international 
regulatory efforts and monitoring programmes have been deployed, several 
databases have been assembled, and a number of experimental and 
computational approaches have been developed. However, the entire range of 
consequences of the ongoing process of introducing anthropogenic chemicals 
into the environment is still far from being fully understood. Chemicals that 
remain in the environment for a long time and/or distribute over a large area 
have high exposure potential, and will present particularly acute challenges if 
a currently unknown undesirable effect is discovered. 

 
This thesis describes the development of a toolbox of in silico methods to 
identify and prioritize chemicals with high exposure potential that are 
currently not subject to national or international restrictions. More 
specifically, we i) compiled databases of contaminants of potential concern, 
ii) established relationships and models to estimate key properties to fill data 
gaps on emerging contaminants for which experimental data is scarce, and iii) 
developed and applied methods to screen chemicals to identify those that 
should be assigned high priority for future study. 
 
The thesis is structured as a series of four papers. 
 
Paper I focuses on the development of new models to describe partition ratios 
of organic chemicals between polymeric materials commonly found indoors, 
and both air and water. We performed a literature analysis to compile a 
database of measured material-air and material-water partition ratios and we 
then developed a suite of screening-level models to predict the partition ratios 
from physical-chemical properties of the chemicals. These models can be used 
to inform the design of high-throughput exposure assessment studies and 
passive sampling experiments, and to support the development of models of 
emissions, fate and transport of chemicals in the indoor environment. 
 
In Paper II we assembled a database of 464 Arctic contaminants of emerging 
concern found in an Arctic Monitoring Assessment Programme (AMAP) 
report and we developed a screening-level method to prioritize these 
contaminants for their exposure potential. More specifically, our method- 
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based on hazard metrics estimated from QSARs and multimedia fate models- 
prioritizes chemicals for their potential to be very persistent and very 
bioaccumulative (vPvB) and/or to be persistent organic pollutants (POPs). 
Furthermore, we introduced two novel exposure-based hazard profiles of 
chemicals that are potential planetary boundary threats; airborne persistent 
contaminants (APCs) and waterborne persistent contaminants (WPCs) that 
prioritize chemicals that are mobile in air and water, respectively, and that 
contaminate the environment in a poorly reversible manner due to their 
persistence. We further assembled a reference set of approximately 150 well-
known chemicals that was used to provide context to our prioritization of the 
AMAP chemicals. From a methodological perspective, Paper II focuses on 
exploring the orthogonality of the metrics we employed and the independence 
of the four exposure-based hazard profiles. 
 
In Paper III we applied the prioritization method from Paper II to a database 
of 8,648 chemicals that were reportedly produced in five OECD countries. We 
explored the relationship between the elemental composition of these 
chemicals and our calculated hazard metrics and exposure-based hazard 
scores, and proposed a strategy to disentangle the overlap among the four 
exposure hazard profiles by categorizing the chemicals according to the spatial 
coverage of the profiles they best fit. 
 
Paper IV focuses on refining the method presented and applied in Paper II 
and Paper III. To this end, we constructed a set of 5,600 hypothetical 
chemicals to explore the methodological limits of our approach and to 
understand the role of the reference set in the scoring process. As a case study 
chemical set we used the 464 AMAP chemicals from Paper II, the 8,648 
OECD chemicals from Paper III, and we considered an additional 4,567 
chemicals from the REACH database. 
 
Extending the prioritization to evaluate risks proved unfeasible because the 
uncertainties and data gaps associated with information on production 
volumes and emissions were too large to overcome. Other key-uncertainties 
and limitations identified in this thesis are associated with the assessment of 
the applicability domain of the QSARs used to estimate physicochemical 
properties and, especially, degradation half-lives. Despite these limitations 
and uncertainties, the in silico methods developed in this thesis can be applied 
to conduct screening-level exposure assessments using only chemical 
structures as a starting point.  Substances prioritized as having high potential 
to be POPs, vPvB or planetary boundary threats should be considered for more 
detailed study to unequivocally determine their identity, structure and 
physicochemical properties.  
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Sammanfattning 

Sedan den industriella revolutionen har produktionen av syntetiska kemikalier 
ökat både i mängd och diversitet. Dessa kemikalier flödar in i teknosfären och 
kan därifrån transporteras till atmosfären, hydrosfären, litosfären och 
biosfären. I mer än ett halv sekel har det funnits väldokumenterad information 
om att, utöver deras önskade funktion, kan miljöexponering för en del av dessa 
kemikalier orsaka oönskade förändringar och effekter. För att kunna 
identifiera och reglera de kemikalier som får oacceptabla miljökonsekvenser, 
har en mängd nationella och internationella regulatoriska åtgärder och 
övervakningsprogram utvecklats; flertalet databaser har sammanställts, och ett 
antal experimentella och databaserade sätt att hantera och bedöma kemikalier 
har utvecklats. Trots detta, har vi långt ifrån förstått den fulla spännvidden av 
de möjliga konsekvenser som utsläpp av antropogent framställda kemikalier 
kan orsaka.   
 
Den här avhandlingen beskriver utvecklingen av en ’verktygslåda’ med in 
silico-metoder för att identifiera och prioritera kemikalier med hög potential 
att exponera människa och miljö, och som ännu inte har några kända negativa 
konsekvenser för miljön och inte heller är inkluderade i övervakningsprogram. 
Vi i) sammanställde databaser med kemikalier som kan visa sig vara 
problematiska, ii) etablerade samband och modeller för att uppskatta 
nyckelegenskaper hos dessa kemikalier för vilka det finns begränsat med 
experimentell data, för att fylla tidigare dataluckor, och, iii) utvecklade och 
tillämpade metoder för att screena kemikalier för att identifiera dem som 
skulle tillskrivas hög prioritet i framtida studier.  
 
Papper I fokuserar på utvecklingen av nya modeller för att beskriva 
fördelningskvoter av organiska kemikalier mellan polymermaterial, som 
vanligen finns i inomhusmiljö, och både vatten och luft. Vi utförde en 
litteraturstudie för att sammanställa en databas med uppmätta 
fördelningskvoter mellan material och luft samt för material och vatten. Vi 
utvecklade sedan en serie screeningmodeller för att förutsäga 
fördelningskvoter utifrån kemikaliers fysikokemiska egenskaper. Dessa 
modeller kan användas vid utveckling och förbättring av bedömningar av 
exponering. Modellerna kan också användas för att underlätta och förbättra 
experiment som bygger på användning av passiva provtagare, liksom för 
utveckling av modeller för att uppskatta emissioner och transport av 
kemikalier i inomhusmiljö.  
 
I Papper II, sammanställde vi en databas med 464 kemikalier som observerats 
i Arktis, och som anses kunna utgöra nya problematiska miljöföroreningar 
(contaminants of emerging concern). Dessa kemikalier rapporterades det om 
i en Arctic Monitoring and Assessment Programme (AMAP)-rapport. Vi 
utvecklade en metod för screening av dessa kemikalier med syfte att prioritera 
dem med avseende på exponeringspotential. Vår metod, som är baserad på 
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kriterier för att bedöma inneboende fara (hazard) från QSAR-modeller och 
multimediabaserade fatemodeller, prioriterar kemikalier för dess potential att 
vara mycket persistenta och mycket bioackumulerbara (vPvB), och/eller som 
är persistenta organiska föroreningar (POPs).  Därutöver introducerade vi två 
nya exponeringsbaserade faroprofiler för kemikalier som är potentiella hot 
mot jordens planetära gränser (planetary boundaries). Dessa två profiler är 
luftburna persistenta kemikalier (APCer) och vattenburna persistenta 
kemikalier (WPCer), och prioriterar kemikalier som är mobila i luft och 
vatten, och som förorenar miljön på ett sätt som är nästintill irreversibelt på 
grund av kemikaliens persistens. Vi sammanställde också en referensdatabas 
med 150 välkända kemikalier som användes för att ge perspektiv på vår 
prioritering av AMAP-kemikalierna. Utifrån ett metodologiskt perspektiv 
fokuserar Paper II på möjligheten att upptäcka ortogonaliteten i de kriterier 
vi använde och det oberoendet sambandet mellan de fyra exponeringsbaserade 
faroprofilerna.  
 
I Papper III, tillämpade vi prioriteringsmetoden från Papper II på en databas 
med 8648 kemikalier vilka produceras inom OECD-länderna. Vi studerade 
sambandet mellan kemikaliernas element-sammansättning och våra 
beräknade farokriteria och exponeringsbaserade faropoäng. Utifrån detta 
föreslog vi en strategi för att reda ut överlapp mellan de fyra 
exponeringsbasearde faroprofilerna genom att kategorisera kemikalier utifrån 
hur de i en ’chemical space plot’ överlappar med de profiler de bäst passar in 
på.     
 
Papper IV fokuserar på att förbättra den metod som presenterades och 
utvecklades i Papper II och Papper III. För detta konstruerade vi en grupp 
med 5600 hypotetiska kemikalier, som vi använde för att utvärdera 
begränsningar av vår metodik och tillvägagångssätt, samt för att förstå 
referenskemikaliernas roll för poängsättningen inom prioriteringsverktyget. 
Som fallstudie använde vi de 464 AMAP-kemikalierna från Papper II, de 
8648 OECD-kemikalierna från Papper III, och därutöver använde vi 
ytterligare 4567 kemikalier från REACH-databasen.  
 
Det var inte möjligt att utöka prioriteringsverktyget för att också utvärdera 
risk, eftersom osäkerher och brist på data vad gäller produktionsvolymer och 
emissioner var för stora. Andra centrala osäkerheter och begränsningar som 
identifierades i den här avhandlingen är kopplade till vilka fysikokemiska 
egenskaper QSAR-modellerna kan tillämpas på, och, specifikt, dess QSAR-
modellernas möjlighet att prediktera halveringstider. Trots dessa begränsingar 
och osäkerheter, kan de in silico-metoder som utvecklades i den här 
avhandlinegn, tillämpas för att på en screeningnivå göra 
exponeringsbedömningar utifrpn enbart kemisk struktur. Kemikalier som 
prioriteras på grund av hög potential att vara POPs, vPvB eller hot mot de 
planetära gränserna borde utvärderas ytterligare för att entydigt bestämma 
dess identitet, struktur och fysikokemiska egenskaper. 
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