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The figure on the front cover is a model representation of phthalates (DnBP) in equilibria in bulk
and surface aqueous solution. The partition of phthalates between a liquid phthalate phase and the

bulk water phase system is described by the equilibrium, Pe P aq), and, further, the partition of
phthalates between the bulk water phase and the surface, Py € Pypice.
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Abstract

Environmental Risk assessment (ERA) of the more than 100,000 chemical compounds on the
European Inventory of Existing Chemicals (EINECS List) is a tasks beyond human, technical and
economical resources. An important tool to overcome this hurdle is to use Quantitative Structure-
Activity Relationships (QSAR). QSARs are models that quantify endpoints, e.g. physico-chemical
properties as well as fixed toxicity parameters, as a function of inherent molecular property
descriptors. As such, these are multi-pollutant models that may be used for supplying data of
identified hazardous pollutants, where experimental measurements are missing. In this way QSARs
may be the link to overcome the backlog with respects to the number of chemicals, which are to be
assessed by the EU member states.

In this dissertation, the limitations in the use of QSARs for predicting endpoints, such as
partitioning coefficients between different natural occurring phases and fixed toxicity endpoints, for
use in ERA is investigated. Furthermore, the potential of multivariate SAR and QSAR for
increasing the knowledge of significant structural and electronic intrinsic molecular properties
explaining the variations in endpoint values is investigated.

To overcome the limitations in the application of QSARs for supplying datafor ERA, as well as for
gaining knowledge concerning mechanisms and significant parameters determining the potential
hazards of environmental pollutants, an elucidation of uncertainties and unknown parameters which
affect the measured endpoint is needed. Simple endpoints such as the aqueous solubility and
octanol-water partition coefficients show significant variations between experimental standard
methods and specific experimental conditions in the measured system. In this respects, quality
assurance, or preprocessing, of the data used for calibrating QSARs, as well as process
understanding with respect to the measured system, are shown be crucial for the predictive power of
QSARs.

In this dissertation different aspects with respect to the development of scientific valid QSAR are
identified: 1) The informational content of the empirical versus the non-empirica and quantum-
chemical descriptors has been evaluated, 2) The performance of QSARs based on simple linear
regression (LR) and partial least square regression (PLS) have been investigated, and 3) The
importance of the quality of data, as well as understanding of experimental/environmental measured
systems, to be modelled have been elucidated.

The present ERA concept, as well as the paradigm of QSARSs, are based on substance specific
properties only and do not include any effects from variations in the nature and characteristics of the
natural phases, e.g. soil, sediment and water, in which the pollutants occur. This dissertation focuses
on inconsistency and uncertainties in measured endpoints, which result in additional unknown
parameters included in the calibration of QSARs. Through investigations of the additional non-
quantified uncertainties, or known but not included background data, the quality of data used in the
development of QSARs is shown to be critical for the robustness and validity of QSARs. Main
aspects are shown to explain the variability in endpoint data found in the literature. These are 1)
significant influences of background data, i.e., environmental or experimental parameters such as
pH and temperature, 2) the presence of dissolved organic matter (DOM), and 3) the thermodynamic
equilibrium description of the pollutant and phases of one and multi-phase systems, when
guantifying physico-chemical properties of organic hydrophobic substances.



Through the use of classical statistics as well as multivariate data analysis, the quality of data,
interpretations of informational content and model performances of QSARS have been evaluated.
Furthermore, the influence of environmental parameters, e.g. pH, temperature, solutions vs.

mixtures, and dissolved organic matter (DOM), on the model performance of QSARS have been
analysed.

The most critical aspects with respect to the development of scientific valid QSARS seems not to be
the model concepts, but high uncertainties and inconsistency in the data used for calibrating
QSARSs. Concepts of how to overcome the critical aspects and thus make substantial improvements
in the applicability of QSARS are proposed.
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Resumé

En miljeriskovurdering (MRV) af de mere end 100,000 kemiske stoffer pa den europadske
opgarelse over eksisterende stoffer (EINECS listen) raskker ud over de tilradighedvaarende
menneskelige, tekniske og gkonomiske ressourcer. Et vigtigt supplerende redskab til brug i
miljeriskovurderingen af de mange kemiske stoffer er derfor kvantitative struktur-aktivitets
relationer (QSAR). QSAR er modeller der kvantificerer sdkaldte endpoints, f.eks. fysisk-kemiske
egenskaber og toksicitets parametre, som en funktion af kvantitative variable, der beskriver
molekylagre elektroniske og strukturelle egenskaber. QSARs kan sdledes beskrives som vagrende
multi-stof specifikke modeller, som med fordel kan anvendes til at levere data for identificerede
miljgproblematiske stoffer, hvor der er mangler i det eksperimentelle datagrundlag. Pa denne made
kan QSAR blive ngglen til at fa bugt med puklen af risikovurderinger af de mange stoffer, som EU-
landede har forpligtet sig til at vurdere miljarisikoen af.

Denne afhandling indeholder en undersagelse af de begramsninger, der ligger i brugen af QSAR til
at estimere endpoints, som f.eks. ligevamgtsfordelingskoefficienter mellem forskellige naturligt
forekommende faser sdvel som toksiske egenskaber til brug i miljarisikovurderingsprocessen.
Endvidere behandles potentialet i at anvende SAR og QSARS baseret pa kemometriske data-
analyseteknikker til en maksimal ekstraktion af information, og dermed viden omkring betydningen
de individuelle elektroniske og strukturelle beskrivende variable i kvantificeringen af endpoints.

En undersggelse af usikkerheder og ukendte parametre forbundet med de eksperimentelle data er
nagdvendig, for at overkomme de begraamsninger, der er i anvendelsen af QSARs. Estimering af
usikkerheder er sdledes afgarende for at saake stgjniveauet i QSARs. Hermed gges signifikansen af
den ekstraherede information og viden omkring bagvedliggende mekanismer, der forklarer de
modellerede potentielle endpoints til identifikation af risikoen af miljgproblematiske stoffer.
Variansen pa eksperimentelle data, bestemt ved forskellige metoder og eksperimentelle system
parametre, som f.eks. vandoplgseligheder og fordelingskoefficienter er hgj. Derfor er kvalitets
sikring, eller statistisk behandling af radata, med henblik pa udeladelse af ekstreme data vigtig.
Ligeledes udvedgelse af konsistente data mht. eksperimentelle system parametre helt central fer
data anvendestil kalibrering af QSARSs.

| afhandlingen belyses forskellige aspekter, der er centrale for udviklingen af videnskabeligt
pdlidelige QSARs: 1) Informationsindholdet i QSARs baseret pa empiriske henholdsvis non-
empiriske og kvantekemiske deskriptorere, 2) modelpreestationer af QSARS baseret pa simple
lineaar regression samt PL S-regression, og 3) vigtigheden af kvaliteten af data, sdvel som forstaelse
af eksperimentelle samt miljgparametrei de malte systemer.

Nuvagende MRV koncepter, savel som QSAR paradigmet, er baseret pa stofspecifikke egenskaber
aene. Disse inkluderer ikke variationer i baggrundsdata, sdsom betydningen af variationer i
naturlige systemers iboende egenskaber og karakteristika pa det malte endpoint. Baggrundsdata er
typisk variationer i jord og sediment karakteristika, samt pH og indholdet af oplgst organisk
materiale i vandige systemer. Usikkerheder samt inkonsistens i eksperimentelt bestemte data
resulterer i, at additionelle ukendte parametre bliver inkluderet i kalibreringen af QSARs.
Undersggelse af de additionelle parametre, dvs. usikkerheder pa data, og herunder baggrundsdata,
viser at disse er kritiske for robustheden samt prediktionsevnen af QSARS.

Hovedforklaringen pa de hgje usikkerheder pa eksperimentelt bestemte data fundet i litteraturen er:
1) Observerede signifikante variationer i baggrundsdata som pH og temperatur, 2) tilstedevaael se af



oplgst organisk materidle samt 3) den thermodynamiske beskrivelse af de organiske
miljgproblematiske stoffer samt den valgte fasebeskrivelse af multi-komponent systemer i relation
til kvantificeringen af stoffers fysisk-kemiske egenskaber, milja parametre og toksicitet.

Kvaliteten af data, tolkninger af informationsindholdet i modellerne, og praestationsevnen af QSAR
modeller evalueres via brug af klassisk statistik og kemometriske metodikker. Ligeledes analyseres
eksperimentelle system parametres indflydel se pa model robusthed og prediktionsevne.

De mest kritiske aspekter i relation til udviklingen af prediktive, robuste QSARs er ikke de
statistiske model koncepter, € heller et spargsmd om valget af empiriske eller ikke empiriske
beskrivende variable, men derimod inkonsistens og usikkerheder pa de eksperimentelt bestemte
data som QSAR-kalibreringen baseres pa. | afhandlingen introduceres metoder til at kvantificere og
overkomme datakvalitetsproblemet i forbindelse med kalibreringsprocessen af QSARS, hvilket er
grundlaget for en forggelse af anvendeligheden af QSAR i miljariskovurderingen af kemiske
stoffer.
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Roskilde University was substituted by Senior Scientist, Ph.D., Peter Borgen Sgrensen through the
last eight months of my Ph.D studies.

The Dissertation includes seven chapters each covering important aspects of the use of QSARs as a
tool for assessing the fate and effects of chemicals within the natural environment. The subjects of
the individual chapters are shortly outlined below.

Chapter 1 is a short description of the status and problems with respect to the assessment of fate and
effects of environmental pollutants. The major limitations for the development of predictive QSARs
for use in ERA are introduced.

Chapter 2 gives an overview of the basic principles of risk assessment as well a general description
of the purposes of QSARs at a generic EU risks assessment level. In addition, an introduction to the
endpoint-studies included in this dissertation is presented.

Chapter 3 is a description of the foundation for the development of scientific valid QSAR models,
through a description of the basic assumptions for relating the inherent properties of molecular
structures to the molecular activity in a given biotic or abiotic medium. Furthermore, a scheme for
how to control and understand the level and type of uncertainties and/or errorsin calibration datais
presented.

Chapter 4 is a description of the dissolution process of hydrophobic substances, e.g. the phthalates,
in an agqueous bulk phase based on classical thermodynamic. The difficultiesin direct measurements
of true unimeric solubilities of hydrophobic compounds are discussed with reference to the OECD
guideline for measuring agqueous solubilities. A method for indirect measurement of the agueous
solubility, the surface tension method, is presented. The influence of the activity of phthalatesin the
aqueous media, as defined by classical thermodynamics, on measured bioconcentration factors is
elucidated.

Chapter 5 is focussing on the complexity of natural organic matter and the influence of the
heterogeneity of fixed phase matrices on the standard deviation on QSAR predicted logK,. values
for the PAHs and N, S and O hetero-analogues of the PAHSs. In addition, the significance of the
heterogeneity and variability in the inherent properties of dissolved organic matter (DOM) of
difference type and origin is investigated with respect to the unique number status of equilibrium
partitioning coefficients. The significance of the inherent properties of DOM in explaining the high
variabilities in partitioning values for organic pollutants to DOM is elucidated. An evaluation of the
amount and type of extractable information from models based on PLS and simple regression
anaysisis performed.



Chapter 6 is discussion and conclusion of the main aspect included in the dissertation and Chapter 7
perspectives including further concepts of how to improve the current use of QSARS in risk
assessment.
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Magor Concepts, Acronyms and Symbols

ANOVA: ANaysis Of Variances
BCF: Bioconcentration factor

Biomarker: Shortened form of “biological marker”; any ateration in cells or biochemical processes
that can be measured in a biological system or sample.

BzBP: benzyl butyl phthalate

Chemical Domain: Phrase used for specifying the predictive capability of QSAR models. Chemical
domains of models for estimating properties are class specific, i.e. aromatic/aliphatic esters,
phenols, aliphatic amines, or the may be more general and can be used for estimating the properties
of hydrophobic compounds.

Chemometrics:. achemical discipline that use applied mathematical and statistical methods to design
and select optimal measurement procedures and experiments, and provide maximum chemical
information by analysing chemical data.

Classical statistics: in its broadest sense, the science of how to draw conclusions on the basis of
observed phenomena accompanied by uncertainties and/or errors.

DEHP: di-(2-ethyl-hexyl) phthalate (for structure cf. Appendix D)
DiDP: di-iso-decyl phthalate (for structure cf. Appendix D)
DiNP: di-iso-nonyl phthalate (for structure cf. Appendix D)
DnBP: di-n-butyl phthalate (for structure cf. Appendix D)

DOM: Dissolved Organic Matter (model of an average structure of a DOM macromol ecule shown
in Figure 15)

EM: Empirical, two-dimensional, descriptors

Endpoint: QSAR estimated key parameter for use in fate or effect assessment, e.g. equilibrium
partitioning coefficients between two phases.

Effect assessment. (phrase used analogous Dose-Response assessment) At generic risk assessment
level, the transformation of dose-response measurements to fixed endpoint toxicity values, i.e.
L(E)Cso (Lethal or Effect (e.g. reproduction) Concentration at which 50% of the test population is
affected) NOEC (No Observable Effect Concentration) obtained through standard OECD
guidelines.

Environmental parameters: Variations in the microenvironment surrounding the molecule such as
the DOM, temperature and ionic strength, which show impact on the measured endpoint.
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EUSES: (European Union System for the Evaluation of Substances). Computer program consisting
of several modules and models, which form the basis of a decision support system, designed for
evaluating the risk of substances to humans and the environment'®*3, The guideline is not legally
binding and other methods or approaches may be used by the member states if they are more
appropriate, provided that they are scientifically justified and compatible with the general principles
laid down in Directive 93/67/EEC®. EUSES consist of three modules, which are release estimations,
effect assessment and risk characterisation. The exposure assessment is the most complex part of
EUSES and consists of a number of compartment models for estimating the direct and indirect
human exposure*® & 8 8 The module for evaluating the release of chemicals into the
environment is composed of direct and indirect emission estimates. Direct emission to air, industrial
soil, water and wastewater are estimated from use patterns, tonnage and substance properties.
Indirect emissions are based on SimpleTreat® which is amodel for calculating the fate of chemicals
in sewage treatment plants, i.e. degradation, evaporation to air, sorption to sewage sludge which are
emitted through sludge amendment on agricultural soils®™ and discharge into rivers®. Exposure
assessment comprise regional models, e.g. SimpleBox’’, for calculating background concentrations,
local distribution models for calculating concentrations close to emitters. In addition, one food
chain model to calculate the exposure to aquatic and terrestrial and one for estimating indirect
exposure to humans™. All together a number of model packages are linked together deriving at
estimated environmental, i.e. indirect human, exposure concentrations. The direct and indirect
human exposure assessment is combined with the effect assessment module in a final Risk
Characterisation module (cf. Chapter 2, Figure 1 and 2).

Experimental parameters. secondary parameters, besides the variation in molecular inherent
properties, which affect the measured endpoint, e.g. variations in temperature and DOM. (cf.
environmental parameters). In addition, non-dilute concentration levels of pollutants in systems for
measuring partitioning coefficients for which the secondary parameter determining the equilibrium
partitioning is the activity coefficient (cf. Appendices A, B and Equations 2.1 and 2.1.).

Fate assessment. (phrase used analogous to Exposure assessment) Modelled and measuring of the
processes, e.g. partitioning, transport, degradation and bioaccumulation, which determine the
exposure concentration of chemicals within the natural compartments air, terrestrial and aquatic
environment. Exposure concentrations are modelled as a function of the fate processes.

Hazard Identification: an evaluation of the potential effects and concerns related to the intrinsic
properties of the substance.

LR: Linear Regression

NEM-QC: Non-Empirical and quantumchemical, three-dimensional, descriptors.

PAH: Polycyclic Aromatic Hydrocarbons

PCA: Principal Component Analysis

PCB: Poly-Chlorinated Biphenyls

PEC: Predicted Environmental Concentration. Predicted concentration of a substance, which is
likely to be found in the environment. It is defined for each environmental compartment (air, water,

soil, biota, etc.). The deterministic PEC values may be evaluated through e.g. Monte Carlo
simulations or probabilistic uncertainty analysis.
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PNEC: Predicted No Effect Concentration. Predicted concentration of a substance below which
adverse effects in an environmental compartment of concern are not expected to occur. The PNEC
may be calculated by applying an assessment factor to the values resulting from tests on organisms
(LDsy, LCsg, ECs9, NOEL(C), LOEL(C) or other appropriate methods, e.g. probabilistic uncertainty
anaysis.

PLS: Partial Least Squares

Property-logK ., regression. Simple linear regression models with logk,,, as explanatory variable
quantifying various other equilibrium partitioning coefficients (properties) such as logk,., BCF and
Henry's law constant as well as fixed toxicity endpoints. In multivariate QSARs based on the
inherent molecular structural and electronic properties quantified through EM or NEM-QC
descriptors.

OSAR: Quantitative structure-activity relationship, represent mathematica models relating the
observed properties (activities) of chemicals to descriptors of their structure. The molecular
structure may be quantified by various descriptors such as molecular surface or physico-chemical
properties like 1-octanol/water partition coefficient.

Risks Assessment: Process comprising four steps, i.e, Hazard Identification, Dose-Response
Assessment (cf. Effect assessment), Exposure Assessment (cf. Fate assessment) and Risk
Characterisation.

Risk Characterisation: Evaluation of RARs (risk characterisation ratios), i.e. matrix-specific
PEC/PNEC values (cf. PEC and PNEC) for the natural phases soils, sediments, aqueous media, and
ar.
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1.Introduction

Environmental pollutants are continuously being emitted from anthropogenic activities in large
amounts. They move throughout the ecosystem by a variety of processes and are eventualy
degraded or accumulated somewhere in the environment. The chemical diversity of pollutants and
the variations in behaviour, both with respect to transport, degradation, accumulation (fate) and
toxicity (effects) has introduced the field of risk assessment. As a consequence, this has become an
essential and necessary discipline in the legislation for controlling the use and release of chemical
substances to ensure that they pose negligible risk to the health of humans, wildlife, and the larger
ecosystem of which we are only asmall part.

To assess the potential risk of chemicals on humans and ecosystems, it is essential to develop a
guantitative description of the pathways of contaminant transport and the resulting exposure
combined with an estimate of the potential effects on the exposed organisms. More than 100,000
chemicals are included in the EU list of existing chemicals and the fate and toxicological profile
data of many of these substances are incomplete”™®. New chemicals are continuously being
introduced to the environment either directly (primary emission) or indirectly as an unintended
result of the use. Furthermore, a large number of substances are formed due to subsequent
transformations, e.g., as results of combustion®’. Assessment of al these chemicals based on
experimental studies requires tremendous efforts and costs, and such a task is presently beyond
existing human, technical, and economic resources. Therefore risk assessment needs to be based on
an interdisciplinary approach involving monitoring of exposure concentrations in the natural
environment, laboratory scale fate and effect studies and predictive models designed to establish a
guantitative link between sources, exposure levels, and risk of effects of potential hazardous
pollutants. This will alow for a quantitative description of acceptable risk instead of the
management based hazard identification, and no risk acceptance for which the present solution is
substitution®.

Mathematical models, that are able to rank the potential hazards of chemicals by including sources,
exposure levels as well asrisks of effects, are crucial for keeping the individual pollutant sources at
acceptably low levels. This to avoid the problems of unacceptable contamination from excessive
sources on one hand, and uneconomic, unnecessary regulations on the other. Such balanced
regulation is best effected through full and quantitative information about the substance fate and
effects.

Since 1981 a harmonised notification system for new chemical substances has been in force in al
Member States of the European Union, which requires a priori risk assessment of new and notified
substances’. At the present time a generic risk assessment technology at the EU level is described in
detail in the technical guidance document (TGD). The TGD includes a detailed description of how
to assess the risk of new and existing chemicals, and is presented in four separate parts, i.e., Risk
assessment for human health (part 1), Environmental risk assessment (ERA, part 1), Use of
(Quantitative) Structure Activity Relationships ((Q)SARs) (part 1lI) and Emission Scenario
Documents (part 1V)'**3, Siill, however, many chemicals undergo a satisfactory risk assessment
only when the effects have been identified or observed in the environment.

At present, the EU-directive on hazardous substances includes a list of approximately 140 priority

pollutants'™*’, which are to be risk assessed by the member states. The work started in 1993" and at
present time only a limited number of compounds have been evaluated according to the EU risk
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assessment scheme. Among these are five EU Risk assessment reports on the phthalates DnBP,
BzBP, DEHP, DiNP and DiDP at their finalisation'®%%. The explanation for the limited outcome
seems to be gaps in knowledge on key parameters, in QSAR called endpoints, which are essential
for the risk assessment of pollutants to humans and the environment, as well as data of high
uncertainty/ambiguity. A way to improve the existing procedures is to optimise the interplay
between the generic risk assessment and more fundamental scientific methods. This must be done
with the purpose to continuously increase the understanding of the key environmental factors as
well as pollutant properties that determine the exposure and potential hazards of pollutants.

One of the methods to exploit in order to advance the science of multi-pollutant risk assessment is
Quantitative Structure-Activity Relationships (QSARS)®%%*%. QSARs quantifies significant
relations between the variations in molecular inherent properties of the pollutants and variations in
given endpoints, which have been characterised as endpoints for risk assessment. QSARSs are used
for estimating endpoints for use in compartment modelling for predicting exposure concentrations
where experimental data is missing. Furthermore, QSARS are used for predicting fixed toxicity
endpoint derived from dose-response measurements, as well as for classifying chemicals according
to their mode of action % 123031,

Endpoints are, e.g., partitioning between the environmental phases such as water and soil,
solubility, bioconcentration, and measured exposure concentrations causing, e.g., 50 % of a
population to be affected by exposure to a given environmental pollutant*>***%, However, simple
endpoint values such as the agueous solubility and octanol-water partition coefficients show
significant variations between experimental standard methods and specific experimental conditions
in the measured system'"""3*3 Therefore, the quality of data seems to be amajor hindrance for the
development of robust and predictive QSARs. With respect to the data quality, classical statistical
quality analysis of endpoint values prior to the calibration and validation of QSAR models is used
to test the significance of variations in endpoint data with respect to uncertainties between methods
and laboratories. Due to the centrality principle of classical statistics, however, the use of mean
endpoint values, excluding outliers, as calibration datain QSARs may lead to erroneous results’®*2,
This is due to the presence of significant biases in results. Biases occur between results obtained
from different analytical methods, and further due to inappropriate concentration levels of the
compound of interest in experimental systems for measuring physicochemical properties. If the
assumptions upon which QSAR models are based, are not obeyed with respect to experimental
conditions of measured data, then the answers, i.e. information extracted from the models, can be
wrong. Additionally, with respect to biological data, underlying factors such as pH, temperature and
the composition of heterogeneous mixtures affect the measured endpoint value" ' '+ V+ V. X 4365,
Provided that data are available, experimental background data must be included in the model
analysis. The influence of experimental parameters must be investigated, and data classified
according to significant variations in experimental conditions if present. If data obey the minimum
requirement of QSAR, i.e. that a description at molecular unit level applies to the conditions of the
measured system, then separate models for each characteristic system parameter can be devel oped.

The goa of this dissertation is to set up a scheme for how to improve the ability of QSARs to
supply data, where experimental results are missing, conflicting and/or have high uncertainty. The
objectives are evaluation of the foundation for the development of scientifically valid QSARs with
specia focus on experimental background data and data quality evaluations. Through the use of
simple linear regression and pattern recognition (or multivariate data analysis) approaches for
developing QSARs, the influence of data quality on the model performance is investigated. In
addition, the applicability of property-logk,,, regression models, used at generic EU risk assessment
level™?, is critically evaluated with focus on process understanding and data quality.



2. QSARs for support in Environmental Risk Assessment

2.1 Basic Principles of Environmental Risk Assessment

Environmental Risk Assessment (ERA) can be divided into four major steps. Hazard Identification,
Dose-Response (effect) Assessment, Exposure (fate) Assessment, and Risk Characterisation.
Hazard ldentification is the first step in the process of carrying out effect assessment in both the
USEPA® and the EU®™ risk assessment scheme. This step is followed by an estimation of Dose-
Response Assessment for each Identified Hazard. The third and final step is Risk Characterisation,
where the measured Dose-Response relationships for each Identified Hazard are compared with
monitored or predicted exposure concentration levels. Risk assessment is carried out for all three
natural compartments, i.e. the terrestrial environment, the aquatic environment and air. In addition
hazard identification and hazard assessment® concepts are used for classification and labelling of
chemical substances through so-called risk and safety phrases® .

One way of presenting the basic steps of risk assessment isillustrated in Figure 1.

Hazard Identification
(Yes/No evauation)

— T~

Exposure Assessment Dose-Response Assessment
*Emission *Human health evaluations
* Transport * Exposure indicators / Biomarkers
* Air models * Ecotoxicological evaluations
*Water models * Aquatic toxicity
* Soil models * Sediment toxicity
*Multimedia models e Terrestrial Toxicity
* Human exposure through the environment *EC,,, LC,, etc.
*Bioavailability e Indicator species
* Bioaccumulation « Effects of mixtures/ Adjuvants
*Biodegradation / persistence * I nter-specie extrapolations
* Biotransformation * Specie sensitivity
« Abiotic processes e etc.
e etc. *Calculation of PNECs
*Calculation of PECs

\ /

Risk Characterisation
Evaluation of matrix specific PEC/PNEC values by including
one or more uncertainty and assessment factors

Figure 1 Basic elements in Risk Assessment. Through Hazard Identification, the potential effects and concerns of a substance are
evaluated with respect to the intrinsic properties of the substance. Through risk characterisation, the bioavailable exposure
concentrations in all compartments, i.e. air, terrestrial and aquatic environments are assessed and compared to measured dose-
response curves. This is done for each identified hazard. PEC is the Predicted Environmental Concentration calculated from
compartment models'!. Input data include monitoring data as well as OSAR estimated data. The PEC values are evaluated based on
substance-specific uncertainties only’””>. PNEC is the Predicted No Effect Concentration and includes the so-called assessment
factor/-s, which account for extrapolation between species™’*”! The final step is evaluation of so-called Risk Characterisation
Ratios (RAR), PEC/PNEC, which in term are matrix specific, e.g. for soil, sediment and the aquatic environment.
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Hazard Identification should be understood as an evaluation of the potential effects and concerns
related to the intrinsic properties of the substance®. Furthermore, through a continuous review of
the classification of substances, i.e. hazard assessment, class memberships for new and existing
substances are derived™?%,

In Dose-Response Assessment (also called effect assessment), chemicals that are suspected to be
harmful are tested in vivo and in vitro on different species. The main goal is the Prediction of No-
Effect Concentrations, PNECs, for humans, terrestrial and aquatic organisms. This is done through
acute and chronic dose-response measurements, which are transformed to fixed toxicity endpoints
that are considered to be appropriate as a quantitative estimation of the intrinsic toxicity of the
substance. Fixed toxicity endpoints (L(E)Csy) used in effect assessment are typicaly lethal
concentrations (LC's), or effect concentrations (ECsj) which cause 50 % of the test species to be
affected. Furthermore, long-term effects are evaluated through the so-called No-Observable-Effect-
Concentration, NOEC, e.g. sub-lethal effects such as reduction in reproduction, inhibited growth
and/or other adverse effects®. PNEC values are cal culated for the most sensitive of a selected list of
organisms according to appropriate OECD guidelines®, or through the measurement of biomarkers
combined with specie-interpolations and specie sensitivity analysis™ ",

Exposure assessment™"? (also called fate assessment) is based on monitoring data' " V" ™ ¥ "' gnd
mathematical descriptions of the key processes determining the degradation, transport and
distribution of individual substances within and between compartments, i.e. sediment, soil, water
and air®™"'!. The objective of environmental fate modelling is to estimate predicted environmental
concentration PEC™"™"2 in the natural phases of soils, sediments, air, waters and biota. In each
compartment the partitioning between the different phases and the processes taking place in these

phases form the basis for the calculation of PEC.

In addition to the list in Figure 1 there are additional elements such as production, use and
emissions, which are treated specifically in Substance Flow Analyses’. These elements represent
the natural starting point in a fate assessment®™’#”. The evaluation of PEC values only includes
substance-specific uncertainties, e.g. partitioning coefficients, degradation rates and emission
factors. Uncertainties of environmental parameters, such as the organic matter content in soil,
dilution factors, temperature, bacterial population, are not included in the guidelines for

probabilistic risk assessment’ .

The overall risk assessment combines the derived PNEC and the PEC values in a resulting risk
characterisation ratio, the PEC/PNEC-ratio, which is an estimate of whether the chemical presents a
risk to man and/or the environment®®. The assessment factor/-s that is/are included account for
unknown knowledge with respect to inter-specie sensitivity, i.e. variations in sensitivity between
species, are purely empirical ™*. Furthermore, no uncertainties due to the model concept of assuming
well-mixed compartments (cf. SimpleBox, Section 2.2) areincluded in the cal culation of PEC™"'.

At present there is a tendency for decision-makers to base their judgement of chemicals on Hazard
Identification and no-risk acceptance, for which the present solution is a prohibition against the use,
or substitution, of the chemical®. The no-risk acceptance may seem inappropriate, when examples
like, e.g. addition of methyl 7-butyl ether (MTBE) to gasoline, can occur and remind us that
introduction of non-assessed chemicals can cause new, not foreseen, problems. Efforts must
therefore be made in the future with respect to optimising the relationship between molecular
properties of chemicals with endpoint parameters for use in exposure and dose-response assessment
in a preventive risk assessment approach. Furthermore environmental parameters and system
characteristics need to be included""""V"V!,



2.2 Conventional QSARs in Exposure and Dose-Response Assessment

The EU risk assessment is supported with the computer program EUSES (European Union System
for the Evaluation of Substances). EUSES comprises a number of model packages’ that aim to:

1. Predict intermedia concentration ratios for the purpose of harmonisation of environmental
quality objectives for air, water, sediment and soil.

2. Predict exposure concentrations in the environment for the purpose of evaluation of chemicals.

EUSES is based on the principles outlined in the Technical Guidance Document for New and
Existing Substances'®*® (cf. List of Concepts, Acronyms and Symbols, p. viii). With respect to the
fate of chemicals within the natural environment, an important application in EUSES is
SimpleBox’?, which is a multi-media fate model based on the concepts formulated by Mackay
(1991). The environment is modelled as consisting of a set of well-mixed, homogeneous
compartments, i.e. air, two water compartments, sediment, three soil compartments and two
vegetation compartments in regional, continental and global scales™. Emission rates, distribution
coefficients and rate constants are used for modelling transport and transformation, and performing
steady-state and non-steady-state computations, deriving PEC values for specific environmental
situations. The final result is predicted environmental distributions of chemical substances within
the natural environment.

Compartment models, such as EUSES, are based on input data such as measured equilibrium
partitioning coefficients between the different natural occurring phases within and between
compartments as well as degradation coefficients and e.g. sorption/desorption rates. A central issue
of QSARs is to quantify these properties for substances where data are missing as well as to
validate the measured, e.g., equilibrium partitioning coefficients of the substances between the
different phases, i.e. air, soil/sediment and water. Therefore, in order to improve environmental risk
assessment models there is a strong need for the development of validated and predictive QSARSs.

Four purposes for the use of QSARs are listed in the TGD for the assessment of new notified and

existing chemicals™. These are:

1. to assist in data evaluation;

2. to contribute to the decision making process on whether further testing is necessary to clarify an
endpoint of concern and, if further testing is needed, to optimise the testing strategies, where

appropriate;

3. establishing (input) parameters, which are necessary to conduct the exposure and/or effect
assessment,

4. Identifying effects, which may be of potential concern on which test data are not available.

Therole of QSAR can thus beillustrated asin Figure 2.



Exposure Assessment Dose-Response Assessment

. . Air
a) preszlnzntal measurements in Water In vivo
field and laboratory Soil In vitro
Sediment

b) Calibration, interpretation logC,*" ECy
and validation of OSARs. logKoce > LCsy
Prediction of substance and logKy, NOEC
matrix specific properties logBCF € | O

k; PNEC
¢) Compartment (fate) PEC
modelling

@ \/
d) Risk Characterisation PEC/PNEC

Figure 2 Progress for Exposure and Dose-Response Assessment. a) Experimental measurements of chemical substances in biotic
and abiotic phases in the real environment (monitoring data) as well as at laboratory level, b) Data validation, interpretation and
development of OSARs for predicting endpoints of new or existing chemicals, ¢) Compartment modelling of the indirect human
exposure of chemicals, i.e. fate modelling, d) Risk Characterisation.

QSARs for estimating n-octanol water partitioning (logk,,,), soil and sediment sorption (logK,.),
biodegradation, photolysis in the atmosphere, hydrolysis (rate constants or half-lives in the
individual media) Henry’s law constant (logKy), 10gL(E)Csy and logNOEC are implemented in the
risk assessment of chemical substances in the present TGD***, which is currently under revision.
In general QSAR estimated endpoints are used as input data where data are unreliable or
missing**2.

With respect to Exposure Assessment (cf. Figurel and 2) in individual compartments, QSARs are
used to estimate physicochemical properties, which affect the fate and behaviour of chemicalsin the
environment, e.g. solubilitg/ in water and partition coefficient between water/sediment, water/soil
and water/natural lipids* "%, QSARs for estimating the solubility of chemicals has received minor
attention in the TGD'?, whereas logk,,, is used as a measure of the hydrophobicity, and as
reference system, in class specific linear regression models for estimating, e.g., [0gK,.>%"®" and
IogBCF e.g.84,85,91-96.

Conventionally, the logK,. value has been considered the main key parameter determining the
mobility and bioavailability of environmental pollutants in the aquatic and terrestrial compartment
system. Thisis due to the fact that mobility and transport of pollutants is determined by partitioning
to fixed as well as suspended organic matter, which increases the persistence, but decreases the
bioavailability of chemicals within the environment®943:43°762102103.125 " Tha gmple l0gK,.-10gK
relationships seem to be restricted to non-polar chemicals for which the sorption is driven mainly by
hydrophobic effects in the agueous bulk phase, as well as hydrophobic interaction between the

9



sorbate molecules and sorbent phase**”. Pollutants with more polar groups may interact with the
solid phase via more specific interactions, i.e. analogous to toxicological responses caused by
specific mode-of-action. In the EU guideline for QSARSs in risk assessment, it is stated that in the
absence of data for sorption, the sorption to soil and sediment, logK,, is calculated from logk,.,
which again is derived by regression to octanol-water partitioning™>*?’. There are 19 class specific
linear logK,.-l0gK,,, regression equations are implemented in the TGD™.

With respect to Dose-Response Assessment (cf. Figure 1 and 2), logECs, in used as a measure of
the intrinsic toxicity of chemical substances, whereas logNOEC—-o0gK,,, relationships are used in the
evauation of PNECs. The chemical domains of the regression models are restricted to chemical
classes, e.g. esters, phenols and amines. Furthermore, few models based on classification of the
chemical compounds into their mode-of-action; i.e. polar and non-polar narcosis, are included in the
TGD'22>303L97101 N models for the prediction specific receptor-mediated responses®™ are
availablein the TGD.

LogK,,, has been used in innumerable papers as a key parameter describing the fate and effects of
chemical 2941 79888996.104105139  This j5 substantiated by the fact the TGD only includes QSARS
based on class specific property-logk,, regressions, and not QSARS based on relations between
quantified molecular properties as described in Chapter 3" 'V V. The linearity in property-logK,,,
regression models is restricted to logk,,, values below approximately 6'2. However, for logBCF-
logK,,, relationships, three models for estimating bioconcentration of chemicals are included in the
TGD, which are linear, bilinear and non-linear, respectively**#92%1% The gignificance of the non-
linear relationships is however not validated, and is therefore based on strictly empirical fitting to
inconsistent experimental data (cf. Chapter 4, section 4.2 and Appendix J)*.

The data available for use in model calibration are of varying quality (cf. Appendix D). The nature
of the biotic as well as the abiotic phase varies in the individual experiments. Factors such as specie
type and age of the biotic phase, as well as, e.g., characteristics and content of natural organic
matter of fixed abiotic phases, may influence the measured endpoint (cf. Chapter 5 and Appendix ).
Furthermore system parameters such as temperature, pH, ionic strength and the presence of DOM
vary between experiments (cf. Chapter 5, Appendices Fand I).

2.3 Important substance specific endpoints treated in this study

The multimedia models are based on the assumption that there exists both an equilibrium
distribution and homogeneous mixing in each compartment, e.g. water. The multi-media
compartment models can be described as consisting of linked, single medium models, which
simulate the physical and chemical processes that drive the transport of chemicals across air/water,
air/soil, and water/soil interfaces. In such studies the equilibrium assumptions are not implicit but
are derived through solubility considerations in each specific phase. Mackay (1991)" has a less
restrictive way of expressing it, than described in this dissertation, stating that partitioning between
octanol and water is determined by the aqueous solubility, as the solubility of organic compoundsin
octanol have a narrow range of approximately 0.2 to 2 mol/L™. The definition of the equilibrium
partitioning coefficient (cf. Appendix B), as well as the definition of the true water solubility (cf.
Appendix A and Chapter 4) for specific substances are essential, since these represent the starting
point in the calculation of the transport, transformation and distribution processes in the
environment. Especially for hydrophobic organic chemicals a correct definition and measurement of
the true solubility""*"® (cf. Chapter 4) and endpoint measurements for these substances have
shown conflicting results™"*® (cf. Appendix C, D, E and F), which affect the effectiveness and
reliability of measurements with respect to the risk assessment procedure. This dissertation includes
different aspects of homogeneous and heterogeneous mixtures versus dilute solutions, with respect
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to the thermodynamic definition of activity, as well as their influence on key processes as is
illustrated in Figure 3.

Figure 3 Exposure Assessment model system illustrating important processes that are included in this work (model structures of
dissolved organic matter (DOM), by permission from H.-R. Schulten'”) . a) Aqueous solubility (Chapter 4, Appendices A and D),
b) Partitioning between true aqueous phase and emulsion phase (Chapter 4, Appendices B, D and E), ¢) Partitioning between true
aqueous phase and a colloidal third phase or DOM; black circle illustrating absorption, red circle illustrating adsorption (Chapter

5, Appendix B), d) Partitioning between true aqueous phase and air/water interface (Chapter 4).

Conventional compartment modelling will normally only take relatively few main compartments
into account, e.g. partitioning of a substance between sediment, pure water phase and air. QSAR
estimated parameters would in this case be the organic carbon normalised partitioning coefficient,
logK,., and Henrys Law constant, logK;. However, the natural agueous compartment, as well as
sediment and soil pore water, of every natural system includes natural organic matter. This implies
the presence of a third phase effect, which impacts the fate and effect of chemicas in the
environmental to an extent that has not yet been fully elucidated. The mobile fraction of natural
organic matter is denoted DOM (dissolved organic matter) and its size and structural characteristics
depend on, e.g. the concentration level at which it occursin the agueous media /" V",

The inclusion of DOM, a mobile organic matter phase, is essentia with respect to the fate of
chemical compounds in the environment. However, due to the assumptions of homogeneous well-
mixed phases, EUSES is not able to perform risk assessment on heterogeneous systems®®, as it
does not consider spatial distribution of the chemical, e.g., sorption at interfaces of compounds of
surfactant nature'®*°. By modelling fate for a system constrained by a pure water phase the
adsorption to fixed organic material in soil and sediment, implies a simple relationship, i.e. that a
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large sorption capacity leads to low mobility and reduced bioavailability. In reality the presence of
DOM may influence the fate and effects of pollutants ssmply by increasing the apparent solubility
as illustrated in Figure 3¥*%4%%57 Through a change in the activity of the pollutant in aqueous
bulk phase, and consequently important processes such as uptake by organisms, microbial
degradation, partitioning to abiotic and biological matrices change. Therefore, the activity in the
aqueous bulk phaseis a central parameter with respect to endpoints within exposure as well as dose-
response assessment.

The simple property-logk,,, models are based on the use of octanol phase as the descriptor for the
bulk properties of homogeneous lipid phases of biological matrices and the organic content of the
solid matrices sediment and soil (cf. section 4.2 and 5.1 and Appendix B). The agueous phase is
included in most natural partitioning processes in the environment as is illustrated in Figure 3.
Therefore, the agueous solubility of environmental pollutants may in some cases be an overlooked
parameter of great importance with respect to processes determining the fate and effects of
chemicals within the natural environment (cf. paper I, I, VI). Processes to consider include:

» Mohility, through infiltration of chemicals in soil columns, molecular diffusion, surface runoff,
transport in continental surface waters and from continental surface waters to the sea.

* Microbia degradation.
» Bioavailability and bioaccumulation.

» Partitioning to different organic liquid and solid phases within and between the different phases
air, water and sediment/soil.

Within the area of environmental chemistry partitioning coefficients are preferred before the
solubility in linear relations for use in environmental risk assessment. The most critical aspect,
however, are the use of partitioning coefficients defined as concentration ratios of pollutant in the
respective phases as unique values. If the assumption used for describing a given system is wrong
(cf. section 3.1.1 and Appendices A and B), then the answer extracted from data and models are
wrong.

Equilibrium partitioning coefficients, quantified as the ratio of the molar concentration of
component i in a given abiotic or biotic phase and the aqueous bulk phase, is only valid based on
the assumption of dilute solutions (Appendix B, Equation B12 and B13). This means that the
uniqueness of the equilibrium partitioning coefficients valid when expressed

m

. C
K, =lim&. @
C; -0 C,‘

where C"is the concentration of the solute in the non-aqueous medium. When expressed as

Equation 2.1, it becomes apparent that the analytical limitation may be a major reason for the
limited availability of experimental data on hydrophobic chemicals of low aqueous solubility for
which direct measurements are difficult. In general, increasing variability in endpoint data is
observed for compounds of increasing hydrophobicity, e.g., as the relative uncertainty in
measurements increases at decreasing concentration level (cf. Appendices D and F).
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In every case where infinite dilution does not prevail (cf. Equation 4.1 and Appendix B) Equation
2.1isa priori not applicable, i.e. in this case the equilibrium is correctly described through

m mevm
K — ai - }/1 Ci

eq aq aq C aq
da. y’ )

4 4

(2.2)

where ais the activity of component i in the agqueous phase and a," the activity of component i in

anonpolar phase m. In cases where the activity coefficient of component i does not equal one in the
nonpolar and aqueous phase, respectively, additional parameter/-s, i.e. the activity coefficients, are
determining the measured endpoint values (cf. Equation 3.1). The partitioning coefficient will in the
case of non-dilute solutions depend on the concentration of the component i in the individual
experimental system. Equilibrium partitioning isin this case not a unique number, as it depends on,
e.g., the degree of association — dissociation properties of the solute.

Data derived from systems, which do not obey the criteria of dilute solutions (Equation 2.1) are
critical when used for calibration of QSARs as well as predicted and measured PEC/PNEC ratios. A
concentration dependent activity, in its thermodynamic sense, may be a significant factor for
explaining the non-linearity in property-logk,, models, at logk,, vaues above 6 as illustrated in
the Chapter 4, section 4.2.
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3. Principles and Methodologies in QSARs

The paradigm of QSAR is that variation in structurally and electronic inherent properties of
molecular similar compounds, reflects the variation in a given biological or physicochemical
activity. The aim of QSAR is therefore to describe the interactions between chemicals and
biological / natural ecosystems through a quantification of specific structural characteristics of the
molecule in question. The two main objectives for the development of QSARS, at generic EU risk
assessment level and a more fundamental scientifically level, may be stated as follows

1. Development of predictive and robust QSARs, with a specified chemical domain, for estimating
endpoints for use in risk assessment within areas of environmental chemistry, ecotoxicology and
human health.

2. SAR/QSARs as an informative tool concerning the mechanisms causing a given endpoint, i.e.
informative by extracting significant patterns in descriptors related to the measured endpoint.
This may be obtained through the use of pattern recognition (PARC), which allows for the
elucidation of significant similarities-dissimilarities in molecular structural and or electronic
properties, as well as correlation patterns between descriptors and their explanatory significance
with respect to the intrinsic endpoint value.

3.1 Fundamental aspects

The behaviour of organic compounds, with respect to environmental partitioning and transport
processes within and between different phases, as well as unwanted toxicological responses of
living organisms, is related to the inherent molecular properties of the compound in question. For
approximately 150 years scientists have been investigating this phenomenon quantitativel y*****2 In
general, models for estimating key fate parameters and toxicological responses have been based on
three properties governing molecular activity, i.e., hydrophobic, electronic and structura inherent
properties of the compounds

EndPOint :f(Phydrophobicity; Pelectronic; Pstructural; Px) t+e (31)

The hydrophobicity, Puyarophobicin, 1S related to the individual compound affinity for partitioning
between agueous and abiotic or biotic phases, e.g. a biological membrane. Structural, Ps;ucnra, @d
electronic, P..cronic; Molecular inherent properties have been related to the ability to, e.g., pass
through the membrane, and bind to a receptor or specific sorption site*®¥. The parameter, P,
accounts for underlying known or unknown effects, which influence the measured endpoint. These
may be experimental system parameters and/or environmental parameters, e.g. variation in
temperature or concentration of DOM, which affects the measured endpoint.
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Background data on measured endpoints may therefore contribute significantly to the explanation in
the variation of the endpoint (cf. Chapters 4 and 5). This is why the model residuas or noise, e,
which is the variance not explained by the model, must be considered. The presence of unknown,
e.g. systematic, non-quantifiable variation in data, increases the noise, ¢, and may result in
underestimated models.

In QSARs for estimating ecotoxicity, mechanistic model concepts have developed where the
hydrophobicity is related to the individual compound affinity for partition to a biological
membrane. Steric effects have been related to the ability of the compound to pass through a
membrane or to bind to a specific receptor site. These are the basic molecular features for
classifying the biological response towards chemicals according to their mode of action®”*. The
models are successful, especialy at in vitro level where the complexity of the route of exposure has
been diminated™™.

In environmental fate studies, hydrophobicity is similarly related to non-specific interactions, i.e.
the theory of a partition-like sorption process to soil organic matter driven by the hydrophobic
effects" (cf. paper 11), which are expected to correlate to the size or logk,, of the molecule. In
analogue to the mechanistic model concept described above, the electronic and structural intrinsic
molecular descriptors, quantifies site-specific sorbate-sorbent interactions™.

The hydrophobicity parameter is often quantified through logk,,,, while the steric and electronic
properties are quantified by molecular empirical or quantum-chemical descriptors (cf. Section 3.2.3
and Appendix G). Due to the generally increased uncertainty in experimental data for hydrophobic
compounds, molecular descriptors such as solvent accessible surface area and volume have, in some
cases, been used as aternatives to 10gk,,,.

3.1.1 Bulk properties and endpoints of specific electronic or steric requirements

The basic assumption behind attempts to relate molecular structural and electronic descriptorstoi.e.
biological activity requires that the compound is present at a concentration level, in which the
activity coefficient can be assumed to be equal to 1 (cf. Appendix A). Thisis analogous to defining
the molecule in question as being present at unimeric concentration levels in the modelled phases,
e.g. lipid, bulk water, sediment and soil pore water. Furthermore, equilibrium systems are normally
assumed. However, many processes require a certain amount of activation energy in order to occur,
and may therefore be kinetically controlled and proceed at very low rates at certain system
conditions, even though the process is thermodynamically favourable. Such systems may often be
described using assumption about steady-state processes under non-equilibrium conditions. The
Gibbs Free Energies of the states during a general reaction are shown in Figure 4
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Figure 4 Diagrams illustrating the Gibbs free energy of a compound, during a binding process to e.g.
a membrane. G,yq is the Gibbs energy at the initial state, and Gy, the minimal Gibbs free energy,
i.e. of equilibrium partitioning between a bulk miscible, e.g., aqueous phase and the hydrophobic
phase of a living organism. An explanation for the observed decrease in the bioconcentration factor
for hydrophobic compounds has been suggested to be due to steric hindrance with respect to
penetration of the biological membrane®™ ™. This explanation suggests the presence of an energy
barrier, illustrated by the firee energy required for attainment of some transition state, AG* with
respect to the penetration of the membrane.

Processes characterised by thermodynamic control are path-independent (cf. Appendices A and B),
and at constant system conditions, variations in endpoints can be expected to be modelled nicely as
a function of molecular inherent structural and electronic properties. In kinetically controlled
reactions however, the rate-determining step is controlled by the free energy of activation for the
transition state. This has to be quantified from the electronic and steric molecular properties, e.g. the
Hammett equation'®'?.  However, neither the principles of thermodynamic nor the theories of
reaction rates predicts or requires that there should be a linear relation as in the Hammett equation.
Thisisthe reason for the exception of chemicals acting by specific modes of action compared to the
general paradigm of QSARS, i.e., chemicals of similar structure may act differently. Classification
of chemicals, which act by specific modes of action should be understood as a classification into
chemically similar groups with respect to, e.g., some sub-structural property which is central for the
transition state of kinetically controlled reactions. In a kinetically controlled reaction the chemical
domain of the models is restricted to “similar” substructural properties explaining variation in the
transition state energy due to small variations in substructurally and/or el ectronic molecular intrinsic
properties. The equilibrium and steady-state considerations are important in relation to the validity
and interpretation of experimental data, which are used for developing QSAR models for
predictions of measured endpoint values.

3.2 Model development process

Through the development, optimisation and validation of QSARS, it is possible to extract structure-
activity relations (SAR) that provide insight into the role and nature of specific organic molecular
structures with respect to a given endpoint” " V. Through the evaluation of the significance of
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different sub-structures and functional groups within the molecule with respect to interactions with
the specific microenvironment under investigation it is possible to classify chemicals according to
their mode of action, i.e. mechanisms of sorption to organic matter or non-polar and polar narcosis.
Provided that the assumptions upon which the models are based are true, the developed QSARSs are
able to provide information concerning the mechanism of action with respect to given endpoint.

In relation to the general exposure and dose-response assessment, as illustrated in Figure 2, the
specific disciplines in QSARs based on multivariate data analysis (cf. Fig. 2 step ¢) are according to
Figure 5.

Design
FA, CA training set

Quantum Chemical/
Empirical descriptors

PLS
PCR
MLR

molecular descriptors

Data Quality

PCA theoretical analysis

Validation;

model performance
predictability/
robustness

Figure 5 Model development process for OSARs based on multivariate data analysis, cf. Fig. 2, step
b. CA: Cluster analysis, FA: Factor analysis, PCA: Principal Component Analysis, PLS: Partial-
Least-Squares regression, PCR: Principal Component Regression, MLR: Multi Linear Regression.
The test and training sets are derived from the experimental raw data, cf. Fig. 2 step a. Data
Preprocessing, marked by a blue box, comprises analysis of background data and measured endpoint
data by analysis of variance and/or pattern recognition, e.g. CA and PCA for the elucidation of the
presence of significant additional parameters (c.f. Equation 3.1). The selection of a training set for
calibrating the model is based on PCA and may include the specific endpoint to be modelled™". The
training set is to be selected to cover the chemical domain of the model, which is defined, e.g., as
class-specific (aromatic esters, i.e. phthalates), sub-general (e.g. substituted phenols) or general
(hydrophobic/hydrophilic). Through model validation on an independent testing set, or by cross-
validation, the robustness and predictability of the model is evaluated.

Through quantification and homogeneous spanning of the chemical property space™" (cf.
Appendix G) atest set of chemical compounds may be selected. The test set used for calibrating the
model is selected to span chemical property space through experimental design™. For
thermodynamically controlled reactions, and chemicals acting by non-specific mode of action, the
test set may be selected based on molecular descriptors alone (cf. Appendix G). However, in the
case kinetically controlled reactions, or chemicals acting by specific mode of action, the endpoint

data need to be included in the experimental design for selecting the test set™".
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Prior to model calibration, data preprocessing of exposure or fixed toxicity endpoints, by variance
analysis and pattern recognition need to be performed as described in section 3.2.1. Validation of
the model through the training set is the last step of the model developing process as shown in
Figure 5.

3.2.1 Data preprocessing

Preprocessing of data is an often-overlooked step, or even non-addressed steps in the process of
developing QSAR models. However, before developing QSARs it is importance to know the type
and level of uncertainty on measured endpoints and this is obtained through preprocessing, which
may consist of several steps depending on the nature, amount and quality of data. Preprocessing
may as such comprise analysis of variance homogeneity in data""", as well as hypothesis testing of
endpoint data (cf. Equation 3.2 to 3.4).

Unfortunately, homogeneity of variances in endpoint data between compounds almost never exists.
However, the variances on the substance specific endpoint values have to be acceptable, i.e. low
and homogeneous'". Dependent on the requirements and purpose of the model, data can be pre-

processed at several levels.

When using data from databases or from the literature, a minimum requirement to data is
significance testing with respect to variances on compound specific endpoint values'. If the
variance on substance specific endpoint values is not significantly lower than the variance between
substance specific endpoint values, then background data should form the basis for analysis of
variance inhomogeneities. The influence of background data, i.e. experimental or environmental
parameters (cf. Equation 3.1), on the variance on endpoint values is elucidated through simple
variance analysis or pattern recognition, e.g. by including background data in an initial PCA/PLS
analysis (c.f. Appendix J) ®% 4> The eimination of noise due to variations in experimental
parameters as well as biases between methods can only be eliminated if the variance criterias are
fulfilled. Hypothesis testing can be carried out through F-testing of individual hypotheses, e.g.

o’ <o’ (3.2)

iendpoint iendpoint/bewteen—i

The variance on all substance specific endpoint values, o?

iendpoint ?

should be significant lower than

2
iendpoint/between—i *

the variance between substance specific endpoint values, o

aiz,endpomt/melhod < U/?endpoinl (33)
Biases in results obtained from different methods are evaluated through a comparison of the
variances on each method with the variance on the average endpoint. Substance specific data
obtained from methods of large uncertainty ranges are eliminated from the data set, e.g. the shake-
flask method (cf. Appendix D)*.

o’ <o’ (3.4)

i,endpoint i,endpoint/system— parameters

Finally the presence of significant system parameters should be evaluated, e.g., such as matrix
effects due to the presence of DOM, pH and temperature and interspecies differences.
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Variance inhomogeneity in endpoint data between compounds seldom occurs. Not in data found in
the literature (from different laboratories and different analytical methods) and nor from laboratory
specific data (within laboratory, within and/or between methods). Variance analysis and/or pattern
recognition are important tools for testing the significance of additional parameter (cf. Equation 3.1)
with respect to the nature and quality of endpoint data.

Asthe PLS algorithm is based on extraction of systematic and significant variance patterns between
the endpoint and descriptors including the standard deviation on endpoint values as explanatory
variables, should therefore only increase the noise but optimal show no explanatory significance.
Provided that the endpoint data used for calibrating the model is precise and accurate, descriptors
with no systematic variation related to the endpoint will have no explanatory significance, i.e.
identified as having insignificant loading weights®.

The influence of standard deviations on calibration data can be evaluated by, e.g., including these in
theinitial data analysis to secure the significance of the explanatory latent variables, i.e. as a control
variable with respect to the causality of the model. If the standard deviations on calibration data are
perfectly homogeneous, which is never the case, then the loading weight of the control variable is
zero. If however there is a small systematic increase in the standard deviation by increasing
hydrophobicity of the objects, i.e. compounds, then the control variable may be used to secure the
significance of the principal components included in the model (cf. Appendix J).

3.2.2 SAR and QSAR based on PCA, PLS and MLR or simple LRs

QSAR based on multiple linear regression (MLR) requires normally distributed, independent and
100 % relevant descriptors. This means that every descriptor, i.e. x-variable, applied in the QSAR
model is assumed 100% relevant for the explanation of the “cause” of the measured endpoint. Such
a dituation is difficult to find. Therefore, methods such as PLS where the variation in x-variables
which have predictive power for the endpoint variable y is extracted, into so-called latent variables,
seems more appropriate to use.

The multivariate methods like partial-least-squares regression (PLS) and principal component
analysis (PCA) are based on ortogonalisation of alarge number of descriptors by linear combination
and projection of inter-correlated X-descriptors onto hyper-planes spanned by few latent variables.
The magjor advantage of using PLS and PCA techniques in model development is that such
approaches are able to handle a large number of X-variables, which are correlated in different ways

and to different degreee.g.115,116,117_

PLSisaregression technique for regressing Y onto X, where X is an nCk matrix (n isthe number of
chemical compounds included in the model and k is the number of descriptors). In QSAR we only
deal with one Y-variable, and therefore Y is an nClL matrix. The method is especially suitable when
the descriptors of X are intercorrelated.

The PCA approach is an attempt to explain the structure of the variation in the X-data by projection
of the original variables in the m-dimensional space onto a lower dimensional hyperspace spanned
by few numbers of latent variables called principal components. In QSAR the X-matrix is generally
mean centered and scaled before PCA is applied. The methodology of PCA is to decompose the X-
data matrix into the following bilinear form:

X = 2(t Op’ )+E, (35)
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where t,’s comprise the score values of the n compounds in the hyper-planes spanned by a
significant number principal components p,’s. The correct number of principal components can be
determined from a number of stopping criteria, with cross-validation being one of the most often
used techniques. The Y matrix can be similarly decomposed into

Y= i(u g )+F, (3.6)

Performing a regression of u onto t corresponds to Principal Component Regression. PLS follows a
similar procedure except that the decomposition of X and Y are performed simultaneously in an
iterative manner with the purpose of extracting most relevant variation in X with respectto Y. The
latent principal component, i.e. vectors (t and u), depend both on the X and the Y spaces and are
related through an inner relationship u, =b,t, +e,, where b, is the least sguares regression

coefficient and e, is the residual ®%11>116:117,

3.2.3 Steps in development of multivariate QSARs

The concept of the development of QSAR models based on multivariate data analysis can be
described through four steps as stated below™%2,

1. Quantification of the chemical property space through quantitative descriptions of the chemical
Structure

When developing QSARSs the starting point is the chemical structures. In QSAR modelling an
optimum span of the chemical property space is obtained by including structures representing
variations in all structura subparts of the molecules. If groupings are present within the X-
space, separate models are developed for each group. However, as described in paper 11, in
some cases groupings may be eliminated by identification and excluding class-specific
variables. The basic philosophy of QSARs is that an observed variation of a given biological or
physico-chemical property is caused by an analogue variation in the latent properties of the
chemical model system. The chemical model system comprises a quantitative description of the
molecular structural and electronic properties. Two dominating trends among QSAR experts
have appeared, one developing QSARs based on the simple two-dimensional empirical (EM)
descriptors and the second building QSAR models based on the three-dimensional non-
empirical and quantum chemical (NEM-QC) descriptors.

Empirica / Descrip tors references as cited in 111

The empirical descriptors used comprise simple molecular connectivity indices (MCls),
P%o-"Xs, Xz, PXa, quantifying variations in structural characteristics. Furthermore valence MCls,
P%Yo-Px 10, X3, Px"5s and the sum of electrotopological state indices quantifying information on
structural and electronic properties of the molecules. Lastly the vaence and simple MCI
difference descriptors, dx,="xn- Px"n for n=0 to 6, quantifying for strictly electronic properties.
The empirical descriptors are calculated using the programme Molconn-Z**°.
Quantum-Chemical and Non-Empirical Descriptors "/reees @ cited in 111

The quantum chemical descriptors used comprise energies of frontier orbitals, Eqomo and ELumo,
and the second lowest and second highest MO energies, Ennomo and EnLumo. Furthermore the
hardness of the molecules, denoted hardness ([-ExomotELumo]/2), the electronegativity, denoted
Eney ([-EHomo-ELumo]/2), heat of formation, dH¢, and the Debye dipole moment, denoted dipolm.
In addition the polarisability, solvent accessible area and volume, Ags and Vg, and van der Waals
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molecular surface area and volume, Aygw and Vgw, respectively, are caculated from the
Chemplus software included in the HyperChem software'®.

The EM descriptors are very simple and quickly calculated"", while the latter are obtained from
more complicated quantum chemical calculations based on semi-empiricdl AM1 geometry-
optimisations, i.e. energy-minimisations, of the three-dimensional molecular conformation,
using the unrestricted Hartree-Fock method'®. An evaluation of the model performance
parameters of QSARs based on the EM and the NEM-QC descriptors have been assessed with
respect to the complexity and quality of the endpoint. The assessment was based on a case study
on PCBs and no significant difference in model performance parameters was observed'".

In general, the more descriptors included in QSAR models based on multivariate data analysis,
the better is the structural characterisation of the chemical property space, and the robustness of
the model increases.

2. Multivariate design for selecting series of test compoundslm

When developing empirical models, experimental and statistical design is crucia for the
chemical domain, and predictive power of the resulting model. An idea chemical property
space would include descriptors quantifying all possible variations in electronic and structural
factors of molecules to span the whole domain in which any prediction will be performed. If
compounds are selected according to a statistical design where all structural factors are varied
simultaneously, we have a better chance of extracting relevant information concerning the
mechanism causing a given endpoint.

3.  Measuring and/or evaluating ecotoxicological or physico-chemical activities raw data

Patterns in biological or physico-chemical activities are best analysed by including severa
different measurements in the respective test systems. Different types of measurement will
increase the amount and types of information concerning the e.g. biological activity pattern. In
spite of the ability to handle uncertainty in data, handling of data of different quality and
uncertainty is required when using endpoint data found in the literature for calibrating the
models. Due to the fact that results of different experimental methods and |aboratories may vary
significantly, especially the measurements of the activities of very hydrophobic chemicals may
be followed by high uncertainties®"". Raw data obtained from the literature should therefore
always be subject to analysis of homogeneity in variance and the uncertainty; noise in data
should be quantified to assure that the increase in explained variance is significantly greater than
the noise in data as described in section 3.2.1.

4. Step IV Mathematical modelling of the relation between the structure and activity of chemicals

The success of QSARs based on multivariate projection (PCA and PLS) methods is due to the
ability to include many inter-correlated as well as non-correlated variables, the non-sensitivity
to imprecision and non-relevant descriptors. These aspects alow for the investigation of
unknown relations, and pattern recognitions as the projection methodology are based on
extraction of systematic variations in data. Model developments are extended through
calibration and cross-validation and if possible model validation with an external validation set,
i.e. training set (cf. Figure 5). As such the model development process consists of two steps 1)
model derivation and interpretation (upper five modules of Figure 5) and 2) model validation
and use (lowest module of Figure 5).
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4. Aqueous Solubility

According to the OECD guideline no. 105 for the testing of chemicals, the agueous solubility of a
substance is the saturation mass concentration of the substance in water at a given temperature,
expressed in mass of solute per volume of solution™>. The guideline suggests two methods, i.e., the
shake flask-method for substances with solubilities above 1 mg/L, and column elution methods for
solutes with an aqueous solubility below 1 mg/L. These methods are not suitable for measuring
unimeric solubilities for hydrophobic compounds, for which microcolloids are formed by exceeding
the saturation point in the bulk aqueous phase. Microemulsions are colloidal particles, with a
dimensional range of 10 to 10° m, and in the lower particle size range, i.e. micro-colloidal nm size

range the particles are to small to be observed by light scattering™'°.

The main reason, for the overestimated solubility as well as various partitioning coefficients for the
phthalates is due to the similar densities of phthalates and water"". The problems encountered when
determining equilibrium partition coefficients and solubilities of phthalates have been noted by
several authors'". As a result several methods have b%gzrs]Ydevel oped with the purpose of avoiding

the formation of a microemulsions in the aqueous phase

4.1 Homogeneous true solutions or heterogeneous mixtures

A system containing two or more compounds is called a mixture. When one of the components,
called the solvent, is present in large amounts compared with the other compounds, caled the
solute, then the mixture is called a solution. A solution is a single phase consisting of a mixture on a
molecular level of a solvent and solute(s). When a mixture or a solution system consists of more
than one phase, the system is heterogeneous.

4.1.1 Dissolution process of Phthalates in aqueous media

Due to the limited aqueous solubility of phthalates, the ideal dilute solution description (cf.

Appendix A) is convenient to use for the dissolution of phthalates in the aqueous bulk phase” ". At

equilibrium, [PAE]jiq «— [PAE] 4, the standard Gibbs Free Energy for the dissolution of phthalates
is described:

a¥
AG® =, -, ==RT OnK,, ==-RT On— (4.1)
P

where ,uf is the standard chemical potential of pure phthalate, and for the solute the standard
date, i, at infinite dilute solution. The liquid phthalate phase (0), cf. Figure 6, is practicaly
immiscible with water and the activity, aZ" , equals unity (cf. Appendix B). It is assumed that the

activity coefficient, y* of the solutes in the agueous bulk is unity within the unimeric
concentration range of the individual phthalates (cf. Appendix B). Equation 4.1 then reduces to

AG’ ==RTInC}! (4.2
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Figure 6 Two-phase system consisting of phthalate microemulsion phase, P,
dispersed in the continuous phase, i.e. aqueous phase. The partitioning of phthalate
molecules between the pure phthalate phase, P, and dissolved in the aqueous phase,
Py, are described by K,. A second partition process of unimeric phthalate molecules
between the bulk water and the air-water interface is described by K.

Figure 6 illustrates an example of a heterogeneous system consisting of a thoroughly mixed pure
liquid phthalate and water, i.e. asin the preliminary OECD-solubility test (cf. Appendix D and E),
at a ratio that causes of two-phase system to form. In this system, the process of spontaneous
mixing, through the partition coefficients, K; and K,, continues until the Gibbs free energy, at
constant temperature and pressure reaches its minimal value.

At t=0, the concentration of phthalates in bulk water will be insignificant, i.e. C;,, = 0. The
chemical potential of phthalate molecules in the pure liquid state is high, and phthalate molecules,
n;, Will diffuse from the pure phthalate phase and out in the bulk water. Partitioning to the surface
will occur until the chemical potential in both phases and at the interface are equal, i.e. du;=0 and
Ky and K, are at equilibrium. Changes in the chemical potentials of phthalate in the individua
phases may be described through the equation™™®

S nfdu + nltdu +y mldp + Ady =0 (43)

where d) is the change in the surface tension of the air-water interface of area, 4,, caused by the
presence of component i. By equating the expression against Gibbs-Duhem equation (cf. Appendix

B) the bulk phase terms are eliminated and Equation 4.3 reduced to the so-called Gibbs adsorption
equation
z ndu +A4dy=0 <
’ " (4.4)
dy =Y —du’
y Z 1M
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This equation relates the change in surface tension, ), to the surface excess concentration of
component i through the number of moles, »’, per surface area, A4;, and the change chemical

potential of at the interface. In the systemsillustrated in Figure 6, two components are present at the
surface, i.e. water and phthalate molecules, the composition determined by the bulk water
concentration of phthalates through the partition coefficient, K,. By proper definition of the
reference point in the surface™®, the change in surface tension, ), is directly measurable and

guantified through
dy=T,du, (4.5

The change in chemical potential of phthalates dissolved in the bulk water phase is described
through

du’ = RTdIna™ = RTdInx + RTdIny™ (4.6)
The activity coefficient, y“, in a dilute solution of phthalate in the bulk water, is unity (cf.

Appendix A), and the last term on the right side of Equation 4.6 equals zero. For equilibrium
partitioning transfer of solute molecules from the dilute solution to the air-water interface,

A

dy, =du’, and

s dy
r —
’ RTdInC“

(4.7

For adsorption from dilute solutions, the activity coefficient equals unity, and by combining
Equation 4.5 and 4.7, replacing the activity in bulk water by the molar concentration, the change in
surface tension is described through a change in bulk water concentration

re=_ 1 ay,
" In10[RT dlogCy’

(4.8)

The measured surface tension as a function of bulk water concentration is illustrated for DEP and
DnBP in Figure 7. The surface tension exhibits two distinct linear concentration regions. The high
slope region is caused by free energy transfer to the surface through the partitioning process, K- in
Figure 6, and continues until no further partitioning to the surface occurs. At the intercept between
the steepest first part and the flat second part of the curve, the concentration of unimeric phthalates
in the bulk phase has reached its saturation point, and a two-phase system takes form (cf. Ky in
Figure 6). By this method it is possible to discriminate the borderline between a true homogeneous
solution and a heterogeneous mixture.
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Figure 7 Surface tension of phthalates, DEP (*) and DnBP () , as function
of bulk concentration at 25 °C. The unimeric solubilities are determined as
the concentration where there is a significant change of slope, 0yldlogC.

The surface tension method is expected to work well for all hydrophobic compounds™®. The reason
being that the solubility of these compounds are determined by the hydrophobic effect, i.e. they are
expelled from the bulk water phase and thereby present at interfaces.

The solubility of phthalates was furthermore investigated by isothermal micro-calorimetry, which is
a method for measuring changes in enthalpy'' upon changes in mixture composition. However the
solubility of the phthalates are too low to be measured by this method as the lowest possible
injection volume exceeds the unimeric solubility.

The attractive forces between hydrophobic compounds are weak van der Waals forces, while strong
cohesive forces exist between water molecules throughout the aqueous bulk phase. This difference
in nature of nonpolar solute-solute, solute-solvent and interaction of the water molecules are the
driving force for the hydrophobic effect. lonic or highly polar substances tend to be easily solublein
water since solute and solvent interact to compensate for the disruption of the strong intermolecular
forces between water molecules, but for hydrophobic molecules only weak to weak van der Waals
solvent-solute attractions exist upon dissolution of non-polar solutes. The dissolution occurs
through the formation of a solvation shell of ordered water molecules *°#**3. The hydrophobic effect
can be expressed as the tendency for water to exclude hydrophobic molecules from the water phase,
thereby minimising the disruptive effects on the hydrogen bond network between water
molecules'®**3, The phthalates and the PCBs are among a wide range of chemical classes of
hydrophobic compounds for which only weak van der Waals solute-solvent and solute-solute
interactions prevail in the aqueous continuous phase. Both classes of compounds are liquids at room
temperature, and the increased variation in measurements upon increasing hydrophobicity (cf.
Appendix F) is properly due to the formation of clusters within the bulk water phase, i.e. thereby
minimising the solvent accessible volume. The formation of clusters and the presence of solute-
solute interactions are the explanation for overestimated solubilities and underestimated partitioning
coefficients, asillustrated in section 4.2.
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4.2 Simple linear relationship for estimating the bioconcentration of phthalates

As described in Chapter 2, section 2.2, the equilibrium partitioning of organic pollutants to a variety
of abiotic as well as biotic phases has been modelled through simple linear regressions using the
octanol-water partitioning coefficient the as explanatory variable. A number of investigations
concerning the non-linearity of the logBCF-logk,, relationship, when going from non-polar to
highly hydrophobic, i.e. lipophilic, compounds exist. Several explanations focussing on limiting
solubilities, kinetics, as well as limiting bioconcentration due to molecular size restrictions has been
suggested as possible explanations for the logBCF increasing less than proportional to logk,,, for
logK.,,, values above 6 %1%

Due to the generaly increased uncertainty in experimental data for hydrophobic compounds,
molecular descriptors such as molecular weight (Mw), solvent accessible surface area or volume
has, in some cases, been used as alternatives to logk,,,. The bioconcentration factor, logBCF, as a
function of molecular weight of the solute, using classical basic statistics for calculating the mean
and standard deviation on the measured BCF values, isillustrated in Figure 9.
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Figure 9 Bioconcentration factors, logBCF, as a function of molecular
weight of the phthalates, indicating that size is the limiting factor with

. . . . . 42 .
respect to bioconcentration in aquatic organisms™ . (cf- Chapter 3, section
3.1.1).

Immediately, Figure 9 indicates that molecular size is a limiting factor with respect to the
bioconcentration of high molecular weight compounds. The model is an example of awrong answer
to a questing based on data, where the data do not obey the assumption upon which the model was
developed. However, by expanding the data background, an important additional parameter (cf.
Equation 3.1) is elucidated, which explains the first observed parabolic relation between molecular
weight and logBCF. Thisisillustrated through Figure 10.
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Figure 10 Bioconcentration factors for DMP (M), DEP (+), DnBP (¥), BBzP (®), and DEHP (X) in fish as
function of a) aqueous exposure concentration, and b) UNIFAC calculated octanol-water partitioning
coefficients (cf. Appendix C). a) The aqueous exposure concentrations in the experimental setup for measuring
the bioconcentration factor of DEHP is above the aqueous solubility of —7.4 in 8 out of 11 investigations found
in the literature.

The agueous exposure concentration is a significant factor with respect to the observed variability in
logBCF vaues. As observed in Figure 10a, the bioconcentration factor decreases with increasing
exposure concentration of DEHP (). The aqueous solubility of DEHP is—7.4 given in log units" ",
and thereby the exposure concentration exceeds the unimeric solubility in the majority of the
measured BCF values. For the phthalates the limited solubility as well as the formation of micro-
emulsion by exceeding the unimeric solubility is the main reason for the observed non-linearity in
the logBCF-logK,, relationship. The first assumed parabolic relationship between logBCF and
logK,,, shows the importance of concentration levels of the test substance with respect to the dilute
solution description, which is required for equilibrium partitioning estimations according to
Equation 2.2. Limitations in bioconcentration factors are in this case not due to a molecular cut-off
value as proposed in the literature'®, but due to a lowered activity in the agueous bulk phase and
the formation of athird phase of micro-emulsionsin the bulk phase (cf. Figure 3 and 6).

Large bioconcentration factor is not to be considered as a significant factor with respect to hazard
assessment (cf. Figure 1), as the actua limiting factor is the solubility, e.g. 0.017 ppm for DEHP. A
hazard that should be considered in future risk assessment is the presence of organic compounds
forming colloidal dispersion or emulsions a concentration levels above the unimeric solubility.
This is due to the fact that the property of self-assembling units can not be quantified through
molecular structure-activity relationships (cf. Chapter 3 and Appendix E). The migration behaviour
is changed”', and adverse effects may be difficult to quantify and control. In this respect, it should
be mentioned that a major fraction of the toxicity measurements for the phthalates have been carried
out at concentration levels above the unimeric solubility®®*-??, which makes the process of risk
assessment difficult due to inconsistency in data. Even though the effects of the high molecular
weight phthalates have been assessed to pose no hazard, long term effects as well as the adjuvant
effects of the phthal ates needs yet to be elucidated.
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5. Effect of Environmental Parameters

Environmental abiotic and biotic phases are in most cases far from the homogeneous well-mixed
phase approximation. Environmental properties of importance are the temperature of the system",
soil characteristics, ionic strength, and third phase effects such as the presence of dissolved organic
matter (DOM) in the terrestrial and aguatic environments”V. Therefore, to derive endpoint
parameters of importance for the real compartment systemsit is necessary to

1) identify environmental parameters which determine the activity of pollutants with respect to
their respective phases

2) to classify the environmental compartments according to these parameters

The significance of environmenta compartment parameters with respect to the fate of
environmental pollutants is weakly elucidated. Matrix characteristics such as the presence of DOM
in the agueous bulk phase, i.e. the third phase effect, has shown to affect the fate and effects of
organic compounds in the environment® “** "V Thys QSARs that produce endpoint estimates that
reflect the influence of environmental properties, i.e. matrix specific properties, as well as substance
specific properties with respect to a given activity will increase the amount of obtainable
information useful for risk assessment of environmental pollutants.

5.1 Sorption to natural organic matter (NOM)

A main topic within the area of environmental chemistry is the structural characteristics of NOM in
water and soil. There are numerous reports on investigations of the kinetics and thermodynamics of
sorption mechanisms for different classes of xenobiotics to NOM which deal with experimental as
well as modelling approaches for elucidating the mechanisms by which xenobiotics interact with
NOM. Thus, significant efforts by several investigators have resulted in knowledge of the possible
mechanisms of intermolecular and intramolecular interactions within the NOM structure as well as
interactions between xenobiotics and NOM®&9VV!126127.128.129.121 '\ OM consists of different types of
sorption sites. At low concentration of solute in the agueous phase, the solute will show highest
affinity towards the more energetically favourable adsorption sites. By increasing the concentration
of solute in the aqueous phase, the energy barrier for sorption may change, e.g. increase. Such a
relationship between the concentration of pollutant sorbed to NOM as a function of the
concentration of pollutant in the agueous phase has been described through the Freundlich equation
for experimentally determined equilibrium isotherms'1%*

CiNOM - K [(Ciazl)“ (5 l)
where is the concentration of the compound i sorbed to NOM, C“ is the concentration of

pollutant dissolved in the agueous bulk phase, K isthe Freundlich constant and » a factor defining
the shape of C*” afunction of C.

NOM
Ci

In Equation 5.1, n<l describes a situation where the energy barrier for sorption increases by
increasing solute concentration. This is the typically observed shape of the isotherm found in the
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literature, i.e. a non-linear function of C"* versus C/, characterised by linear sorption at low

solute concentration and decreasing sorption asymptotic approaching a constant value by increasing
c™.

Isotherms for which n>1 is explained by initial adsorption leading to a modification of the surface,
which results in a lowering of the energy barrier for sorption. This is typically observed for
detergents'®**".

Inits natural logaritmic form, Equation 5.1, may be expressed as
InCM" =InK +nInC (5.2

For the case of n=1, Equation 5.1 is in accordance with the dilute solution description of
thermodynamics (cf. Appendix A, Equation A12 and A13), and in this case the activity is correctly
expressed in molar concentration. However, the Freundlich equation violates the rules of
thermodynamics in cases where nzl. By rearranging the equilibrium partitioning coefficient
equation (cf. Equation 2.2), an expression most similar to the Freundlich equationin 5.2 is

aq
INCYM =InK +In-Y._+InC* (5.3)

NOM
i

The non-linearity is hereby not described by the empirical Freundlich constant ». Instead the non-
linearity is a function of the activity coefficients of the partitioning pollutant, i, in the respective
phases. Equation 5.2 is equal to Equation 5.3 for systems, which can be described through the
solution description, i.e. n = 1, and only in cases where the activity coefficient equals unity in both
phases (cf. Appendix B and Equation 2.1).

The above description is yet another illustration of unfavourable system descriptions in relation to
the paradigm of QSARS, as it causes the inconsistencies in the data to increase due to the presence
of non-quantifiable additional parameters (cf. Chapter 3, Equation 3.1, Chapter 4.2 and Appendix
D).

5.2 QSARs for prediction of sorption of PAHs and hetero-substituted PAHs to
organic matter

Based on a study in the literature, logK,,. values for 65 PAHS, i.e. 7 S-hetero analogue, 10 O-hetero
analogues, 50 N-hetero analogues and 52 unsubstituted PAHSs, were collected. In addition a number
of akyl- and nitro- and hydroxy- substituted PAH was included (cf. Appendix G). The range in
experimental system parameters was as follows: ionic strength from 0.001 to 0.1 M, pH from 4 to
11, equilibrium time from 1 to 11 days, and matrix type varying from clay, silt, sand, fulvic acid,
humic acid, soil and sediment. This kind of data collection is not unusual. Analysis of variance
showed that the variances in compound specific organic carbon normalised partitioning coefficients,
neglecting the influence of background data, were significant higher than variances in partitioning
coefficients classified according to e.g. matrix type™"'. Due to missing data only models classified
into the matrix types sediment and humic acid, respectively, could be investigated.
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5.2.1 Simple linear logK,c- logK, relationships classified according to matrix type

Data preprocessing of raw data was performed through F and t- tests (cf. Appendix H, Table H1-
H3)*""'. The simple logK,.-logK,, models for the matrices humic acids (HA) and sediments are
shown in Figure 11.

logk logk,,,

Figure 11 LogK,,. versus logK,,, for different matrix types a) HA of different origin and b) organic carbon
normalised partitioning coefficients for sediments.

The dope of both regression models is approximately 0.74, while the intercept differs by
approximately 1.5 log units. The model performance parameters of the smple linear regressions for
the two matrix types, and by ignoring environmental parameters, are given in Table 5.1.

Table 5.1 Model performance parameters for matrix specific simple QSARs for estimating the sorption of PAHs to
organic matter.

matrix type n a b R’ Rzad,- SEE Ccrvs Ccvi F-ratio
humic acid 23 0.758 1.458 0.89 0.89 0.29 0.21 0.57 170
Sediment 16 0.731 3.021 0.84 0.82 0.35 0.18 0.98 71
non-specified 49 0.826 1.480 0.585 0.576 0.884 0.21 1.01 66

n: number of samples, a: regression coefficients, b: intercept, R’: squared correlation coefficient, R"adj: the adjusted squared
correlation coefficient, SEE: standard error of estimate, CVS: confidence interval of the slope (P=0.005), CVI: confidence
interval of the intercept (P=0.005), F-ratio: hypothesis testing of zero slope at p value (P)<0.0005. The last row shows the
results of the linear regression model by neglecting classification according to matrix type.

As shown in Table 5.1, model performance parameters are increased significantly by classifying
data according to the environmental parameters, i.e. in this case matrix type. Considering the
complexity of natural organic carbon (NOM)%: & dt&inV the giccess of this rather simplistic
approach is most probably due to the hydrophobic effect®d%3 driving the equilibrium
partitioning of hydrophobic compounds between the organic matter and agueous bulk phase.
Variations in the inherent properties between sediments, as well as between humic acids may
contribute to the standard errors of estimates.

By using K,, as the predictor variable for the partitioning to NOM, only strictly hydrophobic
interactions are assumed to be driving the sorption process. The chemical domain of the linear
relations are restricted to hydrophobic compounds, and relies on the assumption dilute solutions
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where the activity can be quantified by the molar concentrations in the respective phases (cf.
Appendixes A and B).

In analogy to the explanation used in logBCF-logk.,, relationships®, the significant differences in
the intercepts may explained through a significant difference in the nature of the sorbent, as the
chemical class is the same for the two models™321341%8  gch explanations should however be
considered with cautions, dependent on the confidence interval of the intercept and slope.

5.2.2 PLS-QSARs for predicting logK,c values classified according to matrix type

To investigate and extract more detailed information with respect to the effect of differences in the
characteristics of matrices on the model performance, QSARs based on PLS regression were
performed. The presence of quantifiable differences in descriptors significance patterns with respect
to logK,. would explain the differences in intercepts of sediment contra HA regression models
givenin Table5.1.

Results of a variance analysis of the raw data showed lowest mean variance in compounds specific
logK,. values for the matrix denoted humic acid (HA). No significant difference in variance of
compound specific endpoint data for the matrix denoted sediment and the variance of endpoint data
not classified according to matrix origin was observed™".

Descriptors included in the models are energies of frontier orbitals, Enomo and E_ umo, the second
lowest and second highest MO energies, Ennomo and EnLumo, the hardness of the molecules, denoted
hardness ([‘EHOMO"'ELUMO]/Z); the electronegativity, denoted Eneg ([‘EHOMO'ELUMO]/Z), the Debye di-
pole moment, denoted dipolm, solvent accessible area and volume, Ass and Vg, and van der Waals
molecular surface area and volume, Ayqw and V,qw, respectively. Non-significant, noisy descriptors,
i.e. the heat of formation, dHs, the hydration energy, Enyq, the polarisability and refractivity, were
excluded from the model.

In Table 5.2, the model performance parameters for the individual models classified according to
matrix type are given. In analogue to Table 5.1 amodel of undefined matrices was included in order
to evaluate the ignorance of background data, i.e. environmental parameters.

Table 5.2 Model performance parameters for PLS-OSARs for
estimating logK,. values classified according to matrix notation given
in original works found in the literature.

Endpoint  Matrix n nPCs O° R’ RMSEC RMSEP
LogK,, HA 27 2 095 097 0273 0.339
LogK,.  Sediment 20 1 0.82 086 0.527 0.610
LogK,.* Undefined 65 3 0.74 0.80 0.837 0.979

*undefined matrices: 3 fulvic acids, 2 sand, 3 silt, 1 clay and 9 undefined matrices
n: number of compounds included in the models

n PCs: number of significant principal components

O’: squared cross-validated correlation coefficient

R’: squared correlation coefficient for the calibrated model

RMSEC: root mean square error of calibration

RMSEP: root mean square error of predictions

The chemical domain of all models comprises PAHs with different numbers of condensed ring
systems, as well as different hetero-analogous and hetero-substituted PAHs (cf. Appendix G)™. In
Figure 12 to 14 the results of HA classified matrix (cf. Table 5.2.) isillustrated and discussed.
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Structures exhibiting high leverage, i.e. Perylene and 2-hydroxy quinoline, in the model plane
spanned by the principal components PC/ and PC2 was excluded from the model. The original
variable space of the HA matrix specific model is projected into a two-dimensional space. In PCI
65% of the variance in X is used for explaining 88 % of the variation in logK,.. In PC2, 17%
variance in X is used for explaining 6% of the variation in logK,.. In the discussion of the Figure 12
and 13, the loading vectors and score vectors are mentioned as PC/ and PC2. When used with
respect to Figure 12 the PCs are loading vectors and with respect Figure 13 score vectors (cf.
Section 3.2.2).

In Figure 12 the loading weights of each original variable with respect to the logk,. loading are
shown.

10 PC2 X-loading Weights and Y-loadings
] LYMO
0.5 —
. Hardness
7] logKoc
HOMO logP
0 gitdomE
o] mass
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Figure 12 logK,. loading and X-loading weights showing the correlation patterns, and significance, of the
individual descriptors with respect to logK,. and each other. As seen from PCI, logK,, (denoted logP) is
strongly correlated to logK,. In addition logP is strongly correlated to the mass, area and volume
descriptors. LogK,. is inversely related to total energy as well as the self-consistent field energy descriptors.
Only 6% of the variance in logK,. in explained in PC2, by use of 17% explained X-variance.

The first principa component, PC1, quantifies the variation in size and hydrophobicity of the
molecular structures, which increases from left to right, and are inversely correlated to the total
energy and SFC atomic energy descriptors. The second principal component, PC2, quantifies the
variation in the inherent electronic properties of the molecular structures. Correlation patterns in
variables with respect to patternsin score values of the individual PAHSs are discussed.

In Figure 13 which shows a bi-plot of scores of the compounds and loading weights of original
variables are shown.
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Figure 13 Bi-plot of compound scores and variable loading weights in PC2 as function of PCI. 66%
explained X-variance in PCI is used to explain 88% of the variance in Y, i.e. logK,. 17% explained X-
variance is used for explaining 6% Y-variance in PC2.

The latent size and electronic variables PC1 and PC2, respectively, explains the patterns in score
values nicely. The high and negative score values of naphthalene and the N- analogues Quinoline
and Isoquinoline in PC1, and at the same time a high range in score values in PC?2 reflects similar
size but significant variations in electronic inherent properties determining the affinity for sorption
to HA.

Similarly, e.g. high and positive score values of the Dibenz(a,h)- and Dibenz(a,j)- anthracenes and
acridines analogues in PC1, showed a significant span in score values of the same compounds in
PC2, again indicating that variationsin electronic properties explains the variation in logK gc.

With the exception of e.g. Carbazole, there is a general trend for all of the N- substituted or hetero
analogues of the PAHs to have high negative score valuesin PC2 (cf. Appendix G).

As illustrated in Figure 12 and 13 more detailed information concerning dominating variations in
molecular inherent properties determining variations in endpoint values are extracted from models
based on PLS"V. The calibrated and cross-validated model predicted logK,. values versus
measured logk,,. values are shown in Figure 14.
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Figure 14 Predicted versus average measured logK,. values. The squared correlation
coefficient of the model is 0.97 and the cross-validated square is 0.95.

The standard deviation of predicted compared to average measured logK,. values for all PAHs
included in this study are given in Appendix I**"".

Due to the insignificance of PC2, the QSAR was tested by including the standard deviation in
model, which showed that the variations in standard deviation on the individual compounds may be
the areason for the low explained variance in PC2 (cf. Appendix I). Due to noise in calibration data
the significance of PC2 and conclusion concerning specific interactions between organic matter and
the partitioning solute, i.e. PAH should be drawn with caution. Predictions based on the PLS-QSAR
are given in Appendix I.

The most significant observations based on the available data quality are differences in sorption
affinities of the PAHs to organic matter denoted HA and organic matter in sediment. This difference
in explained variance is properly is ssimply due to the fact that PAHs show relatively large affinity
for sorption to the inorganic fraction. Normalising to organic carbon therefore results in
overestimated |ogK,. values'®132138.144,

Furthermore, a possible explanation for the large variance in measured compound specific
partitioning values to organic matter of different origin may be due to variations in sorbent
characteristics. This aspect is elucidated in the following section.

5.2. Significance of Dissolved Organic Matter (DOM) as environmental parameter

In the terrestrial compartment system the vertical movement of dissolved organic matter (DOM) isa
natural part of the pedogenetic process, and the mobility of DOM has been shown to depend on the
nature of the immobile phase. As such Al and Fe hydrous oxides, clay minerals such as kaolinite,
and soil organic matter (SOM) are major constituents controlling the retention of DOM in soils*°.
A major fraction of DOM in water, sediment and soil water consists of humic substances. However
the extent to which DOM occurs in different environmental samples is seldom monitored, as focus
is on specific pollutants. DOM is the major organic constituent in natural waters and show impact
on the fate and effects of pollutants within the environment by changing the activity of the solutes
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in the aqueous phase®*®, Therefore a simultaneous monitoring and investigation of the occurrence

and the nature of DOM s crucia with respect to assessment of exposure concentrations as well as
toxicity in natural compartments. As DOM serves as transport vehicle for environmental pollutants
knowledge concerning the parameters controlling the transport of pollutants is a needed through an
elucidation of the diversity and nature of the natural DOM.

5.2.1 Heterogeneous mixtures

DOM consists of humic macromolecules with multifaceted properties. Humic materials contain
both hydrophobic and hydrophilic binding sites, exhibit large surface area and comprise complex
chemical structures. DOM of aquatic origin usually has a high content of fulvic acids (FA), while
DOM of terrestrial origin generally comprise a mgor fraction of humic acids (HA). Non-
fractionated humic materials from the natural environment contain both types and are called humic
substances (HS). As such, humic materials are rather diverse in size as well as in properties
depending on origin and age. Furthermore their shape and compactness depend on environmental
factors such as pH and ionic strength. A proposed average model of a humic acid molecule is given
in Figure 15.

o ——

Figure 15 Picture of an average monomeric DOM macromolecule detailed described,
constructed and optimised by Schulten (1997)'%.

As shown in Figure 15, humic macromolecules are heterogeneous structures that comprise
hydrophobic voids as well as more hydrophilic domains. The structural characteristics, as well as
associations within and between humic macromolecules, depend on temperature, ionic strength and
concentration. Different theories concerning the sorption capacity of humic materials with respect
to the partitioning of pollutants have been described. At low concentrations of DOM, e.g. HA, in
the aqueous bulk, the system may be described as an aqueous solution of humic monomeric
macromolecules and the pollutant, i.e. the solute. Such a system is described as a one-phase system
and the effects of DOM is considered a co-solute effect, i.e. equilibrium complexation between the
DOM macromolecules and pollutants within the bulk water prevails’.

However, at higher concentration of DOM, the character of the system changes, depending on the

degree of aggregation of the macromolecular humic molecules in bulk water. Colloidal systems are
however not true solutions, but instead a dispersion of aggregated particles within the bulk water
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phase'® M Thereis no distinct definition of when to characterise macromolecular system as a two-
phase system, i.e. adispersion of an organic phase in water, as it depends on the inherent properties
of the individual DOMs. However, at higher concentration the size of the organic macromolecular
colloidsincreases, and the system changes from being a solution to being a two-phase systems. This
aspect is important as an additional constraint on the application of Equation 5.1, i.e. dilute
conditions of pollutant in al phases, is the presence of atwo-phase system.

5.2.2 Testing the homogeneous phase description of DOM

Asillustrated in Figure 15 organic matter may not be adequately described through a bulk octanol-
phase. To gain a deeper understanding of the interactions between pollutants and organic matter,
this aspect has been investigated. To “bypass’ the number of unknown parameters when dealing
with humic materials, an inverse QSAR concept was adopted, by selecting one pollutant and
measuring the equilibrium partitioning to DOMs of different origin.

The first step is to investigate and evaluate the presence of significant quantifiable differences in the
characteristics of the environmental parameter DOM. Secondary to evaluate if the environmental
parameter affects the activity of the pollutant to a degree of significance.

First step was carried out by characterisation of inherent chemical properties of eight different
dissolved organic matters (DOMs) originating from the natural compartments. Soil, surface- and
groundwater were included. Differences in the inherent properties of DOM, were investigated by
different spectroscopic methods¥*, and the similarities-dissimilarities investigated by use of
principal component analysis are shown in Figure 16.
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Figure 16 Bi-plot of loadings and scores, showing PC; on the ordinate and PC, on the abscissa. PC; explains 47
%, and PC2 29 % of the variation in X. The score values indicate four groups, a high aliphatic high polar group
(FA-surface and DE72), a high aromaticity and low polarity group (Purified Aldrich HA and Gohy-573-HA-
(H )II), a high aromatic and more specific high content of O-substituted aromatics (Gohy-573-HS-(H )II)"".

By linear combination of the origina variables, the multi-dimensional space is reduced to a two-
dimensional space, thus explaining 76 % of the variance in the original X space. Significant
variabilities in the inherent properties of DOM are quantified, and explained through the correlation
patterns of the original variables and score values of the individual humic materials. In the

36



horizontal direction, i.e. PC;, the aromaticity decreases from left to right. In the vertical direction,
PC, reflects decreasing contents of ketonic and O-substituted aromatic groups as one goes
downward in the Figure. In addition to grouping into FAs, HAs and HSs, the score of Kranichsee
HA indicates a group of properties intermediate to that of FA and HA characterised by a significant
degree of aromaticity and high polarity. The robustness of the models based on descriptors types
derived from the different spectroscopic methods was low due the groupings and limited number of
samples, but still significant dissimilarities between humic materials of different type and origin has
been quantified by use of conventional analytical methods'”.

The sorption of the pyrethroid, esfenvalerate, to DOM of different origin showed significant
variation in Kpoy as function of the inherent properties of DOM at a concentration level of 100
ppm. Therefore, a classification based on uniform DOM characteristics is required to improve the
degree of information concerning the mechanisms of interactions in relation to measured
equilibrium vaues. The inverse QSAR for estimating the sorbent specific logKpoy, values for
esfenvalerate is shown in Figure 17.
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Figure 17 The PLS model shows a homogeneous spanned X-space consisting of FA-surface, DE72,
Gohy-573-HS-(H )Il, Kranichsee HA, Purified Aldrich HA and Gohy-573-HA-(H )Il. The first
principal component, PCI, explains 78 %, and the second principal component, PC2, 16 % of the
variation in Kpoyr.

In Figure 17, it isillustrated that the partitioning to DOM increases with increasing un-substituted
or C-substituted aromaticity, quantified by the descriptors ArHC; and ArHC/AlIkHC;. The l0gK pour
value is inversely related to the aliphatic carbon shape descriptors, 4/kHC;,,, and carbohydrate,
AlkO;,, descriptors. Furthermore a significant inverse relation to the width descriptors, 4rO,, and
ArOy is observed. In PC2, the descriptors COO,, AlkO,, and COO,, have high positive loading
weights, whereas the descriptors ArO;, ArO;,, and ArHC,, have high negative loading weights. The
partitioning of esfenvalerate to DOM isinversely related to the O-substituted aromaticity shape and
width descriptors in the third quadrant.

By fitting the X-matrix to logKpoy the weighting of the original descriptor variables changes
compared to the PCA model based exclusively on the DOM property descriptors. By comparing the
spanning of the X-space in the PCA model (Figure 16)" and the PLS model (Figure 17)Y, it is
observed that there is a more homogeneous spanning of the X-space when fitted to logKpou. This
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results in an elimination of samples of high leverages, and the robustness of the model by cross-
validation isincreased.

No simple relations seem to be able to predict the partitioning of pesticides. In addition to the
decrease in bioavailability, DOM may aso be an additional factor with respect to the problems in
variabilities in measured degradation times. Temperature, moisture, ionic strength and pH are fairly
easy to control in experimental systems for measuring degradation times. In this regard the high
uncertainties in measured degradation times may partly be due to the binding to DOM. By use of
the inverse QSAR concept it is possible to quantify equilibrium partitioning of esfenvalerate to
DOM of varying properties. The approach is promising with respect to deriving correction factors
with respect to exposure concentration, i.e. bioavailability, mobility as well as degradability, e.g. by
classification of DOM into classes of similar properties and performing traditional QSARs (cf.
Chapter 7).
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6. Discussion and Conclusions

In this dissertation the following important aspects concerning the basis and application of scientific
valid QSAR have been addressed:

* SAR and QSARs based on simple linear regression and PCA/PLS

» Dataquality inrelation to model performance and the development of causal models

» Datavalidation by including a pre-processing step in the development process for QSARs
» Process understanding, system descriptions and experimental/environmental parameter

» Informational content of empirical vs. non-empirical and quantum-chemical descriptors

» Pattern recognition for evaluating the presence of systematic noise in data, and well as for the
elucidation and classification of significant system parameters

Limitations and advantages in the use and informational content of SAR and QSARs based on
simple linear regression and PCA/PLS have been addressed. The two model approaches support
each other well. The linear regression approach seems promising with respect to high-through-put
screening anaysis, while the PCA/PLS approach alows for more detailed information. The
advantage of QSARs based on PLS is the ability to include many different and correlated
descriptors. This allows for the extraction of information with respect to the correlation patterns
between descriptors as well as the significance of the individual descriptor-endpoint relationshipsin
a model. All correlation patterns being visualy illustrated, and latent variables explain the
similarity-dissimilarity in activity of the individua molecular structures included in the model.
Critical points for both model approaches, however, seems to be the quality of the measured
endpoint data as well as the influence of environmental parameters. Data of low quality is most
pronounced for the hydrophobic chemicals, possibly due to analytical limitations with respect to
detection of compounds of low solubility. However, the most critical point seems to be that the
activity of the chemical, within the phases of the experimental system, is a function of the
concentration and activity coefficient of the chemical in the respective phases'.

Significant systematic variations in the standard deviation of measured endpoint data found in the
scientific literature exist. In addition, it is not unusual that the variations in endpoint data from
different sources are significantly higher than the between-compound variation. The majority of
QSAR studies published in the literature do not include a data pre-processing step, and as such the
probability of chance correlations increases. These aspects are critical with respect to the use of
QSAREs, as the robustness and causality of the models are restricted by the quality of experimental
calibration data.

Based on the on combined data analysis™"', SAR/QSAR investigations’ and experimentally well
designed measurements of the dissolution process of the phthalates" it has been shown that data
quality and process understanding is crucial for the development of scientific valid QSARS. Process
understanding and increase of the data quality used for calibration QSAR models can be obtained
through a combination of classical statistics'" """V and PARC techniques' 'V,
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The activity of a chemical compound may depend on several combined parameters. First of al, the
activity, in its thermodynamic definition, changes with the bulk concentration of the chemical
compounds at concentration levels, which do not obey the requirement of the dilute solution
description. This means that even for constant system parameters, the measured endpoint may vary
with the experimental concentration level. Therefore, empirical non-linear QSARS, such as the bi-
linear and parabolic logBCF-logk,,, relationships, discussed in Chapter 4 and Appendix J, need to
be based on solid investigations of sources and patterns in the inhomogeneities in the standard
deviations of compound specific data, upon which the models are built. Pre-processing of simple
endpoint data, such as the aqueous solubility, reveals that significant bias in literature data exists.
Therefore, the use of classical statistical analysis of variance should be used with caution due to the
centrality principle. As the hypothesis of variance homogeneity of all compound endpoints within a
given data set is not valid, the standard deviations in endpoint data should be included in the initial
PARC analysis, e.g. PCA asillustrated in Chapter 5.

In addition to the requirements of dilute solution conditions, additional system parameters, as well
as uncertainties in endpoint data should be included in a data pre-processing step.

Thisis emphasised by several examplesin this dissertation listed below:

a) Theinfluence of exposure concentration on bioconcentration in aguatic organisms

b) The PARC screening analysis of pesticide solubilities including system parameters pH, and
temperature, as well as uncertainty in endpoint data classified according to the environmental
parameters

c) The insignificance of the second principa component in the PLS-QSAR for estimating the
partitioning of a heterogeneous class of PAHSs constituting N, S, O-PAH analogous, due to noise
in data.

d) Theinverse QSAR for predicting sorption of esfenvalerate to DOM of different type and origin.

e) ldentification of class specific empirical descriptors, exemplified for the PCBs.

Significant influence of data quality, process understanding and environmental parameters have
been shown to be the main aspects with respect to the QSAR paradigm. However, due to missing or
inconsistent data, a validation of the influence of environmental parameters is not possible in all
cases, and the datais primarily used for eliminating outliers.

When monitoring the occurrence of pollutants in environmental matrices, it is important to know
what is actualy being measured. This dissertation has focussed on data quality and process
understanding in relation to measurements of environmental risk assessment endpoints. Serious
inconsistency problems in endpoint data have been investigated, which may lead to large errors
with respect to calculation of risk, i.e. PEC/PNEC ratios. For hydrophobic compounds, the problem
of inconsistency in data seems to be due to the characterisation of the aqueous phase, which
depends on concentration levels exceeding the unimeric solubility of these compounds. The
aqueous phase participates in amost all processes in the terrestrial and aguatic environments. The
problems described for aqueous solutions will therefore influence partitioning as well as biotic and
abiotic processes, and is thus a critical parameter with respect to risk assessment of xenobiotics in
the environment.

40



7. Perspectives

The exposure concentration within the natural compartment systems is dependent on the fate
processes. Fate processes are not only determined by compound specific parameters, but also
system specific, or environmental, parameters. In most or all QSAR studies found in the literature
no investigations include background data in the model analysis. Furthermore, the EUSES concept
is based on homogeneous mixing and does only include compound specific endpoint values. This
dissertation has shown that environmental parameters are crucia with respect to fate modelling.

Additionally solutions may be mixtures or homogeneous true solutions, which have distinct
characteristics that determine the activity of pollutants in experimental systems as well as in the
natural environment. Therefore, it is of utmost importance that system specific and/or
environmental conditions are well defined and similar in exposure and dose-response
measurements. Through a combination of theoretical considerations and use of proper analytical
methods the characteristics of the measured systems need to be included in the SAR/QSAR as well
as compartment modelling process.

Fate processes, such as sorption to fixed (FOM), and mobile, i.e. dissolved organic matter (DOM)
determines the mobility as well as bioavailability of organic pollutants. DOM is omnipresent
throughout the agueous compartment systems. However, the influence of DOM on the migration
behaviour of pollutants within the environment is only sparsely elucidated, although a number of
investigations dealing with the inherent properties of natural organic matter of terrestrial and
aquatic origin exist. Surface runoff, as well as infiltration of DOM in soil profiles, are well-known
processes, but still these environmental parameters are not included in the EUSES for calculating
the exposure concentrations within the natural compartments. In addition to influencing pollutant
mobility, DOM also has a pronounced effect on the bioavailability, which is a most important
property determining the dose-response rel ationship.

A sengitivity analysis of a topsoil compartment model describing the fate of DEHP clearly
illustrates the need for an increase in the data quality and process understanding”'. The results show
that the effect of DOM or particulate organic matter is a central parameter for the assessment of the
fate as well as effects of pollutants within the environment, and should therefore be analysed in
combined well designed experiments as indicated by the red arrows in Figure 2. To account for the
presence of DOM correction factorsin relation to fixed toxicity endpoints as well as fate parameters
may be needed in future risk assessment”'. Such correction factors, and/or classification of
compartments according to significant variations in environmental parameters, are able to evauate
the effect of the presence of mixtures and/or colloidal dispersions within bulk phases. One way of
quantifying the effect DOM is through Equations 7.1 and 7.2 below

K=K oo +a (€00, Ui ey (7.1)
LE)CY = LE)Cy + @ [Cp, O™ Oful)= (7.2)

whereKZ. and L(E)CZ express the effective sorption of specific pollutants to organic carbon and

effective effect concentration. These values are quantified as functions of the conventionally
established parameters, Ko and L(E)Csy, that are defined for systems comprising a dissolved, or
dispersed, organic matter phase as well as fixed sorbents, e.g. soil organic matter. Cpoy, is the
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concentration of dissolved organic matter. The inherent properties of DOM are quantified by, e.g.,
PCA, which forms the basis for deriving the quality indices for DOM, fpou, through the latent
variables, i.e. PCS". QSARs for estimating the equilibrium partitioning coefficients for pollutants

are expressed in the correction factors f2 and f:)“  quantifying the change in activity of

xenob xenob

pollutants in the aqueous bulk phase. The constant a may take the value +1 or —1, a.

There is a need not only to monitor the occurrence of specific environmental hazardous pollutants,
but also to monitor the simultaneous occurrence of DOM, when analysing samples taken in the
aqueous and terrestrial environment. The reason for this is the still increasing possibility of matrix
effect not only caused by the presence of DOM, but also from possible co-solute effects in agueous
samples. Measuring the amount of simultaneously occurrence of DOM in environmental samples
will provide information concerning an expected key parameter within fate and risk assessment in
relation to pollutants and their transportation into the aquatic environment. With respect to the fate
of pollutants this would make it possible to elucidate the effects of DOM on the transport patterns
of different classes of pollutants as functions of time, and space and presence of simultaneously
occurring components.

Analogoudly, correction parameters, as described in Equations 7.1 and 7.2, can in principle be
applied in the TGD model design for process parameters describing transport, degradation and
partitioning between phases. In this way it is possible to include environmental parameters that
influence the fate and effects of environmental pollutantsin aquatic, soil and sediment matrices.
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Appendix A

Mixtures and Solutions

The molar fraction of the individual pollutants, x;, is small with respect to the molar fraction of the
bulk water, x,, in natural environmental aqueous compartments. In such systems any organic
pollutant will the minor component, i.e. x,>>x,. Therefore, with respect to the pollutant
contamination, most aqueous compartments are properly described as dilute agqueous solutions.

Gibbs free energy, G, of any system in equilibrium is a state function defined as

G=H-TS (A1)
where H is the enthalpy, 7, the absolute temperature, and, S, the entropy of the system. For an
equilibrium system of constant 7" and P, the Gibbs free energy is minimal. The Gibbs free energy of

system containing j components is determined by the number of moles, »;, and chemical potential,
u;, of theindividual components ; through the expression

G=3 Wn, (A2)

and the differential form of G with respect to u; and »; for atotal of j componentsis then expressed
as

4G =S wdn +3 ndu (A3)
= =

For any spontaneous process the change in Gibbs free energy, at constant 7" and P, is negative, i.e.
dGrp< 0, and described as function of 7, P and n;, the differential of G is given by

J
dG =VdP - SdT + Z U.dn, (A4)
i=1
Equation A4 is called the fundamental equation of thermodynamics, which at constant 7 and P
reducesto
J ( )
dG, , =Y Wdn, A5
1T,P ;

For spontaneous processes, the change in Gibbs free energy is negative, i.e. the component i moves
from high chemical potential to low chemical potential. The chemical potential of component i, in
any given phase, is described through

,Ll,v — /’I;\'Iundard +RT|nal~ (A6)



where the standard state of component i, 1"*“*, depends on the type of system, i.e. the relative
amounts of components i, which isto be described.

Mixture description

In the description of a mixture, the standard state is defined as the pure component, u’. The
chemical potential of component i in amixture is defined as

{, = 1+ RTIng, (A8)
where 1", is the standard chemical potential of the pure component. The activity is defined as

a, =y,x, (A9)

I

where ) is the activity coefficient, and x; the mol fraction of component i. The activity coefficients
express the deviation from ideadlity. In the limiting case of Equation A9, all components obey
Raoult’s law, and we define the activity coefficient by

}'i_’l as xi—>1 (AlO)

So the activity for a component i of a mixture, as well as for the solvent component of a solution,
can be quantified by replacing the activity with the mol fraction of i

U =u’+RTInx, (A11)
As most environmental systems consist on one major component, e.g. an organic or agueous
phases, whereas the components of environmental concern, i.e. the pollutants, are hopefully present

at dilute solution conditions. For such systems another description is useful, and thisis the solution
description.

Solution description
In the solution description the standard state for the solute is defined at infinite dilution, £ . Infinite
dilution is a hypothetical state, where each solute molecule is surrounded by pure solvent, e.g.

water, and se nothing than but solvent molecules™®. The chemical potential of the solvent is in this
situation given by Equations A9 and A10. The chemical potentia of a component of interests,

namely the solute, is the standard chemical potential, 4, defined at infinite dilution
u = Iing(,u, - RTInx,) (A12)

and the standard state for the dilute solute activity is therefore

}'i_’l as x,-»O (A13)



In Equation A12 component i is an infinite dilute solute, i.e. the activity coefficient approaches
unity as the mol fraction of solvent, e.g. water, approaches one. The solution description
corresponds to the conditions of pollutants in most environmental compartments. For these systems,

as expressed in Equations A12 and A13, the molar fraction of solute can be replaced by, e.g., molar
concentrations by proper definition of 1,



Appendix B

Multicomponent systems and equilibrium partitioning

In the literature there are often confusion concerning the choice of state of the standard chemical
potential for components of mixtures and solutions. In the following text we will use the dilute
solution standard state for the solute as defined by Equation A12 in Appendix A.

Natural, e.g. agueous, media, are multicomponent systems, may include several phases and severa
solutes. Such systems could be, e.g., 1) solute in agueous media partitioning to soil and dissolved
organic matter, respectively or 2) solute in a simple agueous media partitioning into an aquatic
organism consisting of several phases. At equilibrium state the chemical potential of the partitioning
solute will be equal in each phase within the aqueous media including the aqueous continuous
phase. Thisimplies that the equilibrium chemical potential of the

individual components, 7, in a multicomponent system consisting of J phases is obeying the
expression

! 1 J

do=p =i (B1)

If we have a system consisting of a single solute partitioned between two immiscible (or only
partially miscible) phases, which constitutes a closed system, i.e. heat and work are exchanged with
the surrounding, but the solute never leaves the liquid-liquid system. The two phases, within the
closed system, are open systems and the solute can be transferred from a polar phase, 7, to a non-
polar phase, /1. The partition process continues until G is minimal. If we assume that the two-phase
equilibrium, i.e. the mutual saturation of phase 7 in phase I/ and phase /I in phase 1, do not change
by the presence of the solute, then the equilibrium state for the solute is described as

Gl - GII (BZ)
an/ Popn an/ P.ngn

dG = (,ui[ _/’Ii” )dn, =0 (B3)

or simply

If we assume that the conditions for the partitioning solute in every phase is a dilute solution state,
then the chemical potential of the solute is given by

Ky =4 +RTInCyy, (B4)

where C; is the molar concentration of the solute in a given phase, the standard chemical potentia
being defined at the infinite dilute solution state (cf. Equations A12 and A13, Appendix A).



At equilibrium the chemical of the solute are equal in each phase (cf. Equation A1) and the standard
Gibbs free energy for equilibrium partitioning derived as follows

p =0
{7+ RTINYCl = g + RTIny Cf (B5)

by assuming ideal dilute solution state in both phases, the activity coefficient ), isunity and the
equilibrium partitioning of the solute from the polar phase the non-polar phase.

IUQ,H _Iuo,J _—A/f _RTInC_,I[D
- | ¢/ (B6)

A =AG;) =-RTInK,,

In the case of the polar phase, /, being water, and the non-polar phase, /1, octanol Equation B6 can
be expressed as

octanol/
Ci

AG® =-RTIn —=-RTInkK,, (B7)

wale,
i

Thisis how the equilibrium partitioning coefficient is defined for ideal dilute two-phase systems for
which K,,,, can be quantified as the molar concentration ratio of component i in two slightly miscible
or immiscible phases.

Equilibrium partitioning description according to, e.g., Schwarzenbach et al."” and
Mackay et al.”’

In works of Schwarzenbach and Mackay et al. the standard state for the solute is the pure organic
compound, and in this case the activity coefficient of a hydrophobic compound in dilute agueous
solution is high. In this case the activity can not be replaced by molar concentrations, and the
equilibrium partitioning, in Equation B5, is therefore expressed as

yH 17
-y ==Au" = RTInZ—__0
Al yic! (88)

Ay’ =AG’=0=-RTInK,,

(my/4

H

As the standard chemical potential is the pure compound for both phases, i.e.
Ay =" = =0, and the lower expression in B8 seems nonsense, i.e. indicates that X,

equals one for all components i. In Schwarzenbach et a. an apparent partition constant is therefore
derived through the expression

p' = =DG =RTIny/x! =RTIny/"x" (B9)



At non-equilibrium a net flow of component i from the phase of highest chemica potential to the
phase of lowest chemical potential will occur until equilibrium where u/ = . The right term of
Equation B9 is rearranged to

11

RTIn> = ~(RTIny -~ RTIny’ )O

(B10)
x! U-Ag‘ U
K =—" =ex
« =5 PHRrr

the apparent partition constant, K ., based on the mixture description in Appendix A, quantifies the
relative abundance of component i in the two phases at equilibrium. The activity coefficient
guantifies the additional free energy in a non-ideal mixture caused by the presence of the

component i, i.e. theterm RT In y; , which is the partial molar excess free energy, g’ of component

i*™. For non-polar or hydrophobic compounds, the activity coefficient is assumed close to one for
the non-polar phase and as such the partitioning is in most cases mainly determined by the non-
ideality due to dissimilar solute:solvent interactions in the aqueous bulk phase. The term apparent
partitioning coefficient is to be found in the above expression, as the contribution from the non-
ideal left-hand term of Equation B10 is an additional parameter (cf. Chapter 3, Equation 3.1) in
experimental measurements of apparent partitioning coefficients. In the description of
Schwarzenbach et al., the partitioning coefficient is the redefined by replacing the molar fractions
by molar concentration, as this is the most common way of expressing the apparent partitioning
coefficient.

Furthermore, by use of Amagat’'s law, V.

mix

=% x,V,, stating that the molar volume of the mixture

isthe sum of the product of molar fraction and partia molar volume for each component i, Equation
B10is expressed

C/ x'v, "
InK,, =InSt =in™ ~tmes oy Vo e (B11)
C' xi /lex,l yi /V

mix,]

The molar volume of the octanol, 7

mix, Il

and aqueous phase,

mix,l

as expressed in Equation B11, is

approximately equal to the molar volume of the solvent, i.e. octanol, V,,, and water, V,, at low

agueous solute concentrations™®. Furthermore, it is assumed that the compounds mix with no or
insignificant change in volume. For the organic phase due similar to specific molecule:molecule
atractions or repulsions, and for the aqueous phase due to the insignificant solubility of
hydrophobic compounds.

In Equation B11 the molar fractionsis replaced by molar concentration which is confusing asthisis
only valid in the dilute solution description (cf. Appendix A, Equations A12 and A13). After this
the molar concentration is set equal to the molar fraction divided by the molar volume of the
solvents. This way of interchanging between molar fractions and molar concentrations are
conflicting with respect to the definition of the standard chemical potential of mixtures versus dilute
solutions.



The Mackay’' description of the partition coefficient between two immiscible phases

In the description of Mackay et al., the starting point is

xlyl =xy! (B12)

as derived from Equation B8, and in accordance with the mixture description (cf. Appendix A,
Equations A8 to A10). They use the same approximation, that the mol fraction of the solute in each
phase 7 and /I may be expressed as a product of the molar concentration of the solute, C;, and the
molar volume of the solvent phase, V', and Equation B12 can be written as

civ, vl =, y! (B13)

1

The partition coefficient between the two phases can now be quantified as

Xty vy
Keq - I - I - 1l (814)
¢, x; 1V, Vv,

Equation B14 is analogous to Equation B11, and if the two partially miscible liquids were water and
octanol the equation would look like

K - Ci() - x;) /V:) —_ Vw}/iw
- CW X Iw / Vw I/o }/10

4

(B15)

If the solute was partitioning between an aqueous phase and different phases of an organism (fish),
then the amount of the partitioning solute, i, in the organism could be quantified by:

Chh =%y " = Vi E B16
SRD R 3= (B16)

where v, is the volume fraction of the different organic phases, m, within the organismand 1/, the

m

molar volume of the different liquid phases within the organism. At equilibrium, in analogues to
Equation B15, the partitioning of a component i between an agueous phase and a fish is expressed

C.. ",
— fish _ w m
BCF =" =Ty, s y% (B17)

Based on this description the equilibrium property-property relationship between logBCF and
logK,,, may work as long as 1) the biological matrix population, i.e. fish, have similar phase

composition (v,), and 2) aslong at the ratio between significant phase activity coefficients, y, and
the activity coefficient in octanol, y, is constant!

These restrictions are critical with respect to logBCF-logk,,, relations for polar compounds. For
non-polar compounds which have high affinity for partitioning to the lipid phase, however, the
activity coefficient in the lipid phases are near 1, and due to the non-specific molecular:molecular

B-7



interactions the system is less sensitive to small interspecies changes in composition. Based on the
mixture description the correlation between logBCF and logk,, is in the latter situation controlled
mainly by the activity coefficient of the solute in the aqueous phase. This may explain the linear
relation between Ko,y and BCF in cases where the relation islinear.

The complexity of the above description seems inappropriate, when compared to the uncertainty in
17

measurements. The use of apparent partitioning coefficients, K, =—-, is most critical, and
C,

contribute to the high variations in partitioning values found in the literature for other two-phase

systems as well. This due to the acceptance of agqueous concentration levels, at which solute:solute

interaction determines the measured partitioning coefficients, i.e. is significantly dependent on the

activity coefficient.



Appendix C

UNIFAC calculated unimeric solubilities of the phthalates

UNIFAC (UNlIversal Functional group Activity Coefficient) is a thermodynamic model that can be
used to predict activity coefficients of non-electrolytes in a medium. The method is based on the
mixture description, i.e. the standard chemical potential of all components is the pure component
state, as described in Appendices A and B. The model is based on a group-contribution concept, i.e.
mixtures are considered to consist, not of molecules, but as a mixture of fragments of molecules. By
quantifying the molecules through common fragment properties, the model is able to predict
activity coefficients for avast number of molecules

Iny, =Inyf +Iny; (C1)

where . isthe activity coefficient for the component i. The combinatorial term, y, depends on the

volume and surface area of each molecule to represent the entropy contribution, and the residual

term, y* is mainly controlled by the energetic interaction parameter among different groups”*®.

The accuracy of group contribution methods remains controversial because of their interaction
parameters. These are derived by calibrating the model against experimental vapour-liquid
equilibrium data of a so-called consistency data set, where available data obeys the Gibbs-Duhem
equation™’. In the work of Chen et al.™* it is stated that predictions may be limited to the infinite
concentration range, as the accuracy and errors of predictions increases significantly for
hydrophobic compounds with logK,,, values above 6. In the case of hydrophobic chemicals the
solubility is calculated as the inverse of the infinite dilute solution activity coefficient, as described
in a number of papers™ ™ "V The model were used, in paper v, for caculating the agueous
solubility and octanol-water partitioning of phthalates for which data are given in Table C1.
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Table C1. UNIFAC derived aqueous solubilities, in molar concentrations, and octanol-water partitioning
coefficients and error factors relative to the respective experimental data for selected phthalates”.

Acronym |cas.no. Ly L logK,» | 10gC,* " [PEF(C,* ) |PEF(K,y)
DMP 131-11-3 2.3E+03 491 1.85 -1.60 0.05 0.02
DEP 84-66-2 1.5E+04 4.19 2.72 -2.42 -0.06 -0.04
DAP 131-17-9 1.5E+05 5.79 3.61 -3.45 -0.02 0.63
DiP(3)P  |605-45-8 1.0E+05 3.87 3.59 -3.26 -0.38 0.76
DnP(3)P |131-16-8 9.9E+04 3.86 3.59 -3.25 0.15 -0.05
DiBP 84-69-5 7.2E+05 3.74 4.46 -4.11 0.013 -0.02
DnBP 84-74-2 7.1E+05 3.73 4.46 -4.11 0.29 0.09
DnP(5)P |131-18-0 5.2E+06 3.71 5.33 -4.98 0.86 0.48
DnH(6)P |84-75-3 3.9E+07 3.78 6.20 -5.85 0.29 -0.1
DEHP 117-81-7 2.4E+09 4,12 7.94 -7.63 -1.26 0.88
DnOP 117-84-0 2.3E+09 411 7.94 -7.63 -1.49 0.95
DnDP 84-77-5 1.4E+11 4.63 9.67 -9.42 -3.24

DnTP 119-06-2 7.3E+13 5.76 12.28 -12.12 -5.93 3.88
BzBP 85-68-7 1.4E+07 9.79 5.33 -5.39 -0.21 0.74
DCHP 84-61-7 2.2E+07 5.23 5.80 -5.60 -2.97 0.9
DboEP 117-83-9 2.9E+06 0.71 5.79 -4.71 -0.66

*V'is the activity coefficient of the compounds in the aqueous phase at infinite dilution, V¥ is the activity coefficient

of the compound in the octanol phase.
“EF(C,*") =log(C,* """ /C,*"“"") and EF(K ) ~10g(K /™" /Kop ")

The UNIFAC-predicted versus average measured solubility and octanol-water partitioning

coefficients are shown in Figure C1 and C2.
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Figure C1 Experimental solubilities vs.UNIFAC derived
values.
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Figure C2 Experimental octanol-water partitioning
coefficients vs. UNIFAC derived values.

As illustrated from the Figures, the average experimental agueous solubilities are higher than
UNIFAC predicted values at UNIFAC predicted solubilities below —6 in log units. Similar thereisa
tendency for the average experimental octanol-water partitioning coefficients to be lower than the
UNIFAC predicted values for phthalates at logk,,, values above 6.

The observed non-linear increase in solubility at increasing numbers of carbon atoms in the akyl
chain has been explained by the folding of the hydrophobic aliphatic carbon chain, thereby reducing
the solvent accessible surface area of the molecule. The effect of a folding of the alkyl chain is

C410



however to small to account for the observed non-linearity", and the reason being inappropriate
method for measuring the unimeric solubility of organic compounds forming micro-emulsions upon
exceeding saturation of the agueous bulk phase" "'V (cf. Appendices D and E). Furthermore, the
unimeric solubilities measured by the surface tension method are in agreement with the UNIFAC-
predicted values at 25 ° C. At temperatures above or below 25 ° C the UNIFAC method seems to
give wrong predictions.

Ci1



Appendix D

Short description and comments on the OECD-guideline 105"

The Column elution method

A preliminary test consist of taking 0.1 g of the pure substance adding additional amounts of water
to the sample device, shaking the mixture for 10 minutes. The procedure is continued until no
undissolved parts of sample can be visuaised, i.e., discriminating between visible heterogeneous
and homogeneous mixtures.

In the column elution methods, an inert support material is coated with test substance by mixing
support material and test substance dissolved in a volatile solvent, and evaporating the dispersion to
dryness. After this the support material is soaked in water for two hours, or equilibrated by pouring
it into the water-filled microcolumn and resting for two hours. After thisthe flow is started, and five
bed volumes are discarded to remove impurities prior to recirculation of the system. The result of
the solubility measurement is an apparent solubility determined by

C/,aq
comr =L RSD =2

Lagq ! app
h i,aq

[100 < 30% (D1)

C"" is the so-called apparent solubility, C;,, is repetitive measurements of the agueous solubility,

n is the number of measurements, s is the standard deviation on repetitive measurements and RSD
is the relative standard deviation. The relative standard deviation on five repetitive measurements
should be less than 30 %. It is suggested that a concentration versus time curve be used to show that
equilibrium is reached.

The dissolution process from the solid inert phase to the aqueous phase is described through the
equilibrium:

Axdsorb «— Axg (D2)

The test substance is partitioning from the solid to the aqueous bulk phase, and the solubility is
defined at equilibrium. If the measured agueous concentration increases after halving the flow rate,
then the test should be continued at the low flow rate, i.e. atest for partitioning by limiting kinetics,
and results according to Equation D1 obtained.

The result is highly dependent on the amounts of test substance used for coating the suggested 600
mg support material, as the equilibrium assumption do not relate to the true or unimeric solubility of
the partitioning substance. There is one very important step in the guideline for the column elution
method, and that is examination of the Tyndall effect. The Tyndall effect is measured to detect the
presence of dispersed particles or emulsions within the bulk water phase. However, micro-
emulsions are transparent and too small to be detected by spreading of light. Therefore the use of
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the Tyndall effect to secure that the measured agueous concentration corresponds to a true solution,
isonly useful when coarse dispersions are present within the aqueous bulk phase.

The guideline mentions problems in causes when test substance is deposit as oil, and states that
these problems should be examined and reported. The formation of micro-emulsion, which form
transparent systems with respect to the Tyndall effect""'%"*'° may therefore be an explanation for
the missing quantitative prove of in the literature.

X
A
\

0 2 4 6 8 10 12
number of C-atoms in the alkyl chain

Figure DI Experimental solubilities measured by surface tension
measurements ()", method including turbidity measurements ([J),
methods including a centrifugation step (o), solubility measured
according to the OECD no.105 followed by extraction and
quantification by GC (x), and solubility measured according to the
OECD no. 105 followed by quantification through measuring the UV
absorbance (+). References cited in paper iii.

The Figure clearly shows the inability of phase separation by use of centrifugation by the data
points marked by acircle. The surface tension data as well as the data measured by the slow-stirring
method®" % (not shown in Figure D1) is illustrates the need for methods which are able to
discriminate between true solutions and mixtures defined as emulsions (or dispersions). As
indicated by the surface tension measurements, as well as the UNIFAC-predicted solubilities, the
unimeric, or true, solubility decreases lineary with an increase in the number of C-atomsin the alkyl
chain of the phthalates esters.

Shake-Flask methods

Based on the preliminary measured solubility three vessels containing the test substance solution, at
concentrations according to solubility range and analytical method, are prepared. The samples are
stirred at 30 °C and after one, two, and three days, respectively, one samples at a time is
equilibrated at 20+£0.5 °C for 24 hours with occasionaly shaking. The contents of the sample
vessels are centrifuged at the test temperature, and the concentration of test substance in the clear
aqueous phase is determined by a suitable analytical method. For the phthal ates the micro-emulsion
are not detected by UV-measurement as illustrated in Figure D1. Furthermore due to the similar
densities of phthalates and water phase separation by centrifugation is virtually impossible. Thisis
illustrated in Figure D2.
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Figure D2 The solubility of DnBP (x) and DEHP (o) as function of RPM
used in the centrifugation step, respectively.

Figure D1 and D2 shows the limitations in the OECD guideline for measuring the true solubilities
of substances of colloidal nature above the unimeric solubility. Both of the methods show inability
to discriminate between the borderline of a mixture and a true solution. As such, the result obtained
from these methods relies on the starting concentration used in individual experimental systems, as

well as on the colloidal nature of the mixture at concentrations that exceeds the unimeric solubility
(cf. Appendix E).



Appendix E

Stability and process of the formation of emulsions

If sufficient mechanical energy is put into a two-phase system a microemulsion may be formed.
Stability of the emulsion results if the reverse process, coalescence and phase separation is
sufficiently slow™®*°. The phthalates are surfactants, but they do not form low interfacia stable
and ordered micellar structures within the bulk water phase. However they do form relatively stable

microemul sions upon homogenisation.
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Figure E1 Different stages and instabilities in emulsions. Reproduced from J.R. Hunter,
1995. An initial emulsion system is formed by thoroughly mixing of pure and liquid phthalate
with water. The degree of disruption, illustrated by process 1) depends on the amount of
mechanical energy put into the system. The process of aggregation, i.e. flocculation, is
illustrated in process 2). Through flocculation small particles clump together, but do not fuse
into a new particle. In process 3), coalescence, two or more particles fuse together to form a
single larger particle. For the phthalates no macroscopic phase separation occurs, as only
the stages included by the dashed box are relevant for the phthalates. In time scales of
months, eventually macroscopic phase separation may occur.

By mixing of phthalate and water an initial system such as illustrated in Figure E1 is formed. By
mechanical mixing for 24 hours a disruption of the coarse emulsion system is processed and the
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formation of finer dispersed microdroplets takes form'. The stability of the system is due to the
similar densities of phthalates and water, i.e. the microdroplets of the dispersed phase are neutrally
buoyant, F;,, and gravitional effects, F,, are thereby insignificant. The netto force on a particle is
described through

Fnet:Fg_Fb:Vp(pZ_pl)g (El)
where F, is the gravitiona force exerted on the particles, and F, is the buoyant force, i.e. force
exerted by the continuous liquid on a particle, which equals the weight of the fluid displaced by the
particle times acceleration of gravity, g. In the case of the phthalates ©,=p;, and thereby the net
force on the microdropletsisinsignificant, i.e. close to zero.

In Figure E1, the density p, of the particle is less than the density p; of the fluid, and the particles
move upward (creaming). In the reverse case, p,>p;, the particle will experience a net downward
force and sedimentation of the particle will occur. The main difference between phthalates and
other simple liquids are therefore microscopic phase separation instead of macroscopic phase
separation.

By flocculation the particles remain their identity, but looses their kinetic independence, i.e. moves
as a single unit. By this process there is only a maximal reduction in the total solvent assessable
surface area. The process of coalescence, however, is driven by desired a reduction in the total
surface area in contact with the medium.

The inherent properties of the clusters of molecular units, i.e. flocs and/or coarser microemulsion
units are not described at a molecular level, and with respect to QSARS the behaviour of single
molecules is not comparable to the behaviour microemulsions. The minimum requirement of
QSARs, which are based on quantification of activities at a molecular level, is in contrast to the
above a continuous and true sol ution.



Appendix F

Quality of solubility data

Phthalates and PCBs

Estimating the solubility of organic compounds in agueous solutions at the point of saturation of the
aqueous bulk phase should be an easy task compared to the spectrum of exposure endpoints as well
as biomarker responses measured and modelled through the use of QSARs. However high
variabilities in measured aqueous solubilities within all kinds of chemicals classes are a not
unusual**®" . Especially the conventional shake-flask methods seem to be associated with high
variabilities (cf. Appendix D).

For the PCBs and the phthalates there is arelatively ssmple relation between variances on reported
aqueous solubilities and the hydrophaobicity of the solute asillustrated in Figure F1.
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Figure F1 Variances on reported solubility measurements for the a) phthalates and b)PCBs. Numbers at each point represent
the number of experimental data used for calculating the variance between measurements.

The variances illustrated in Figure F1, can be specified and analysed even further to show that the
systematic increase in standard deviations between measurements are increasing significant,
increasing in a systematic manner that is most pronounced for the shake-flask method. When
dealing with reported experimental data, or data from databases data, ANOVAs can be used for
evaluating data as well as the nature of variances. By testing if the variances between methods for
each compound differs significantly and eliminating methods for which the variance is significantly
higher than the remaining methods.

Through the elimination of single measurement outliers and methods outliers, variance
homogeneity throughout the solubility range should prevail before using the data for model
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calibration®. For the PCBs as well as the phthal ates the relationship between molecular surface area
and the solubility becomes linear after elimination of outliers and methods associated with high
standard deviations on measurements (cf. Appendix C and D) """"'. For the phthalates the ANOVA
and elimination of outlier data did not result in variance homogeneity between |aboratories and/or
methods and compounds’. This due to the sparse and low quality nature of data on the phthalates.
The tendency for proportional systematic error in PAE solubility data results in a non-linear
relationship between solubility and hydrophobicity of the phthal ates.

For both classes of chemicals the solubility and partitioning seems to be driven mainly by
hydrophobic effects' by these simple relations. The apparent solubility of the phthalates increases
more than proportional with the molecular surface area of the solute". The reason for this is to be
found in the inherent properties of these compounds with respect to the formation of clusters within
the agueous bulk phase.

For both the phthalates (PAE) and the polychlorinated biphenyls (PCBs) a significant increase in
variances on the measured solubilities is observed at increasing hydrophobicity of the molecular
structure. An investigation of biases in variances between experimental methods behind the
individual results, combined with experimental studies of the unimeric solubility of the phthalates,
revealed that the a systematic increase in standard deviation that due to increasing systematic
overestimating of the solubility by the shake-flask method. If enough data are available a between
methods variance evaluation should be performed as described in Chapter 3.

PAHSs/N,S,0-PAHs and Pesticides

As shown in Figure F2, the patterns in variances on the measured solubilities for pesticides™"' and
the PAHS™" are opposite to the PAES" and PCBS", i.e, is increasing with increasing solubility.
Furthermore the variances on solubility measurements for the pesticides is significant larger than
for the remaining classes of chemicals.
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Figure F2 Variances on reported solubility measurements for the PAHs/NSO-PAHs™ and b)
Pesticides™ . Numbers at each point represent the number of experimental data used for
calculating the variance between measurements.



Most of the high molecular weight PAHs are solid molecular crystals, while the PAHs in high
solubility range, with high variance on solubility measurements are solid leaflets or liquids. The
insignificant variance on solubility measurements of the high molecular weight PAHs (Figure F2)
are partly due to the high melting points, i.e. the formation of solids through strong van der Waals
intermolecular forces by increasing number of conjungated planar ring structures. A more
reasonabl e explanation may be the volatility of the low molecular weight PAHSs.

For the pesticides the increasing variability in solubility measurements in the high solubility range,
may be due to additional factors such as weak acid-base properties (pH-sensitivity) as well as strong
solute-solute interactions. By screening the raw data including background data, i.e. pH and
temperature, the significance of these parameters in explaining the variation in the individual
solubilities was investigated and showed significant loadings of both pH and temperature™"'.



Appendix G

Chemical property space of PAH and N,S,0-PAHs

The compounds included in the study of the sorption of PAH and N, S, O-PAHSs to organic matter
of different origin (cf. Chapter 5) are givenin Table G1.

Table G1 PAHs included in the case study in Chapter 5 on sorption of
PAHs to organic originating from matrices denoted sediments and

humic acids.

name id  cas.no. type
Naphthalene 191-20-3 C
1-methylnaphthalene 2 90-12-0 c
2-methylnaphthalene 3 91-57-6 C
1-ethylnaphthalene 41127-76-0 C
1,5-dimethylnaphthalene 5571-61-9 C
2,3-dimethylnaphthalene 6 581-40-8 C
2,6-dimethylnaphthalene 7 581-42-0 Cc
2,3,5-trimethylnaphthalene 82245-38-7 C
2,3,6-trimethyl naphthalene 9 829-26-5 C
trimethylnaphthalene 10 28652-77-9 C
1-naphthal enecarbonitrile 11 86-53-3 C
Acenaphthylene 12 208-96-8 C
Acenaphthene 13 83-32-9 C
Fluorene 14 86-73-7 C
1-methyl-9H-fluorene 151730-37-6 C
Benzo[&]fluorene A 16 238-84-6 C
Benzo[&]fluorene B 17 30777-185 C
Benzo[b]fluorene 18 243-17-4 C
Phenanthrene 19 85-01-8 C
Methylphenanthrene A 20 31711-53-2 C
2-methyl-phenanthrene 21 2531-84-2 C
3-methyl-phenanthrene 22 832-71-3 C
dimethyl phenanthrene 23 29062-98-4 C
9-cyanophenanthrene 24 2510-55-6 N
Anthracene 25 120-12-7 C
2-Methylanthracene 26 613-12-7 C
Benzo(a)anthracene 27 56-55-3 C
Naphthacene 28 92-24-0 C
Dibenz[a,h]anthracene 29 53-70-3 C
Fluoranthene 30 206-44-0 C
Benzo(b)fluoranthene 31 205-99-2 C
Benzo[j]fluoranthene 32 205-82-3 C
Benzo(k)fluoranthene 33 207-08-9 C
pyrene 34 129-00-0 C
1-methylpyrene 352381-21-7 C
benzo(a)pyrene 36 50-32-8 C
Benzo(e)pyrene 37 192-97-2 C
dibenzo(a,e)pyrene 38 192-65-4 C
dibenzo(a,i)pyrene 39 189-55-9 C




Indeno(1,2,3-cd)pyrene
Chrysene

Perylene
Benzo(ghi)perylene
Acridine
Benz[a)acridine
Benz[c]acridine
Dibenz[ah]acridine
Quinalin

Isoquinolin
Methylquinoline
4-methylquinoline
2-(1H)-quinoline
8-Quinalinol
Phenanthridine
Benzo[f]quinoline
Benzo[h]quinoline
Indole

Coronene
9(10H)-Acridone
Carbazole
Naphthylamine
Dibenzothiophene
Triphenylene
1-Indanone
2,3-Benzofuran
Dibenzofuran
Methylphenanthrene B
6,7-dimethylquinoline
picene

quinolizine
5-Methylindole
1-methylindole
7-methylindole
4-methylindole
6-methylindole
2-methylisoindole
2-methylindole
3-methyl-1H-indole
6,7-Benzoquinoline
[1,1"-Biphenyl]-2-carbonitrile
5,6-Benzoisoquinoline
m-cyanobiphenyl
benzoquinoline

Phenyl benzonitrile
1-Methylphenanthrene
Dibenz[a,c]anthracene
Dibenz[ajj]anthracene
2-ethylnaphthalene
Biphenyl
2,2’biquinoline
2,6-Dimethylquinoline
Quinadine
6,8-Dimethylquinoline
1-Acenaphenone
13H-dibenzo[ a,i]carbazole
Dibenz[aj]acriding(1.2.7.8-dibenzacridine)
2,6-diphenylpyridine

40 193-39-5
41 218-01-9
42 198-55-0
43 191-24-2
44 260-94-6
45 225-11-6
46 225-51-4
47 226-36-8
48 91-22-5
49 119-65-3
50 27601-00-9
51 491-35-0
52 59-31-4
53 148-24-3
54 229-87-8
55 85-02-9
56 230-27-3
57 120-72-9
58 191-07-1
59 578-95-0
60 86-74-8
61 25168-10-9
62 132-65-0
63 217-59-4
64 83-33-0
65 271-89-6
66 132-64-9
67 28652-81-5
70m
71 213-46-7
72m
73 614-96-0
74 603-76-9
75 933-67-5
76 16096-32-5
77m
78 33804-84-1
79 95-20-5
80 83-34-1
81 260-36-6
82 24973-49-7
83 229-67-4
84 m
85 39327-16-7
86 28804-96-8
87 832-69-9
88 215-58-7
89 224-41-9
91 939-27-5
92 92-52-4
93 119-91-5
94 877-43-0
95 91-63-4
96 2436-93-3
97 2235-15-6
98 239-64-5
99 244-42-0
102 3558-69-8

OH
OH

O
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2,3-Benzofuran 105 271-89-6 o

4-hydroxyquinoline 106 3558-69-8  NOH
2-hydroxyquinoline 107 59-31-4 NOH
2-hydroxy-4-methylquinoline 108 607-66-9 NOH
1-Nitropyrene 110 5522-43-0 NOO

Benzothiophene

111 11095-43-5

6-Methylquinoline 113 91-62-3
Benzo[b]naphtho[2,3-d]furan 114 243-42-5
Benzo[b]naphtho[2,1-d]furan 115 239-30-5
2,3-5,6-dibenzoxalene 116 243-24-3
Benzo[b]naphtho[2,3-d]thiophen 117 243-46-9
Acenaphtho[1,2-b]pyridine 119 206-49-5
Indeno[1,2,3-ij]isoquinoline 120 206-56-4
Indeno[1,2,3-de]isoquinoline 121 7148-92-7
4-Azapyrene 122 m
11H-Indeno[1,2-b]quinoline 123 243-51-6

1-aminopyrene
3-fluoranthenamine
2-aminopyrene
1,2-benzocarbazole
2,3-benzocarbazole
3,4-benzocarbazole
4-phenanthreneacetonitril
Diphenyl thiophene
2,4-Diphenylthiophene
4-methyl-dibenzothiophene
Thioxanthene

124 1606-67-3
125 2693-46-1
126 1732-23-6
127 239-01-0
128 243-28-7
129 34777-33-8
130 74676-81-6
131 1445-78-9
132 3328-86-7
133 7372-88-5
134 261-31-4

nunmunmnwnwzzzz2Z2Z22222Z22000020

The last column is denoted the type of hetero atom included in the ring
structure or as substituent (amino-, cyano-, and hydroxy substituted PAHs
are included)

Below an initial screening of the inherent structural and electronic properties of the compounds
givenin Table G1 is performed based on the non-empirical quantum-chemical descriptors.

The chemical property space of the PAHs/N, S, O-PAHs

The molecular structures was optimised by the unrestricted Hartree-Fock method™®, and both the
alfa and beta orbital energies was included as the convergence criteria of 0.001 was larger than the
differences between orbital energies cal culated by the RHF-method"%.

First the non-significant, noisy descriptors are excluded. These are: The heat of formation, dHs, the
hydration energy, Enyq, and the dipole moment as well as structures exhibiting high leverage in the
model plane spanned by the principal components PC/ and PC2. The original variable space is
projected into a 3-dimensional space spanned by PC1, that explain 58 % of the variancein X, PC2,
explaining 29 % and PC3 explaining 9 %.

Each original variable has a loading on each PC, which reflects 1) how much that variable
contributes to the explained variance of the PC and 2) how well the variation of that variable is
described by the PC over al data points. The loadings describe the data structure in terms of
variable correlations. As seen from Figure G1.b the negative energy descriptors are inversely
related to the polarisability, refractivity, volume and surface area descriptors, i.e. the total energy
and the SCF atomic energy increases with increasing molecular size. The polarisability and
refractivity are increasing with size as expected due the increase in the conjugated pi-electron
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system. In the vertical direction of the loading plot, PC2, the energies of the highest and next
highest molecular orbitals, Enomo and Ennomo, have highest loading while the electronegativity,
Ena and Enb, and to a lesser extent the hardness of the molecules has negative loadings. The latter
explained through the higher stability of the pi-system by the more electronegative and increased
hardness of the heteroatoms O and N in respect to S.
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Figure G1.a and G1.b. Score and loading plots represented by, on the ordinates, the first principal components (PC1’s), and, on the
abscissas, the second principal components (PC2’s). Gl.a : the PAC scores, and Gl.b: the loadings of original NEMQC-
descriptors.

The score plot (Figure Gl.a) describes the data structure through the chemical patterns, and
geometrical distances reflect similarities and dissimilarities between chemical structures.
Graphically the loading plot can be used to explain and describe these similarities-dissimilarities,
i.e. chemicals with high positive scores in PC2 have highest Eomo, chemicals with high negative
scoresin PC2 are the most el ectronegative molecules, e.g. quinoline and cyano substituted aromatic
structures.

The structure of the score plot described by PC1 and PC2 is further shown, by assigned by the type
of heteroatoms present within the molecular structure (Figure G1.c), and number aromatic rings
(Figure G1.d), respectively.
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Figure Gl.c and Gl.d. Score plots represented by, on the ordinates, the first principal components (PC1’s), and, on the abscissas,
the second principal components (PC2s). The individual PAHs assigned by Gl.c; analogue type and/or heteroatoms included in the
molecular structure, and G1.d; the number of aromatic rings in the molecular structure.

As seen in Figure Gl.c, the hardness is decreasing from the third to the first quadrant, which
explains a high density of O-PAHSs in the third and S-PAHs in the first quadrant. The increasing
size with increasing number of aromatic rings is seen in Figure G1.d. It should be emphasised, that
the type, and not the number of heteroatoms are denoted in Figure G1.c. Likewise only the number
of aromatic rings, not the size of the rings or the size of substituents are shown in Figure G1.d.
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Therefore only the genera trends in structure-chemical property relations can be extracted from
Figures G1.c and G1.d.
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Figure Gl.e and Gl.f. The total residual variance (Gl.e) for the calibrated (blue line) and cross-validated (pink line) model as
Sfunction of the number of PCs. The explained X-variance as function of the number of PCs (G1.f), showing the significance of each
original variables in each PC.

As seen from Figure Gl.e, the optimum number of PCs is four after which there is no further
decrease in the residual variance in the X-space. Figure G1.f illustrates how the inter-correlated
variables with the highest explanatory capability in describing systematic variation in X is
accentuated in each PC, whereas the orthogonal (non-correlated) variables are split into different
PCs.

Asillustrated from the above PCA no significant spitting of the molecular structures into groups of
different type are observed. However by including specific toxicity descriptors in the initiadl PCA
analysis, or by fitting to logECs,, significant groupings are indicated". Therefore, one should
always analyse both the chemical property space based on solely molecular descriptors and PCA or
PLS (if enough data are available) which will allow for a selection of the most significant
descriptors with respect to the modelled endpoint, £Cs. If groupings are occurring upon including
ECs in the X-matrix, then there is a strong indication of different modes of action of the individual
groups that should be analysed in separate models.

Experimental design®% '° is based on a selection of afew compounds to span the chemical domain
of the model to be calibrated and validated. The including of specific endpoint toxicity data in the
initial PCA are therefore crucial if test data for modelling, or designing experimental investigations,
are to be selected. After the obtaining of a homogeneous spanning of the X-space including relevant
descriptors, the most significant PCs, e.g. PC1 and PC2 may be used for experimental design. In the
case of non-specific modes of action, the experimental design may be based on the most significant
PC’s of the X-space spanned by inherent structural and el ectronic property descriptors™".



Appendix H

Preprocessing of logK,,, data — PAH and N,S,0-PAHs

Missing data is an often-occurring limitation in SAR/QSAR studies. As logK,,, is often used in
initial screening and in simple linear regression models it is of utmost importance that logk,,, data
are evaluated and present for all other endpoint values to be investigated. Through a study in
literature logk,,, values measured by use of different methods and in different laboratories were
collected. These are given in Table H1. Column one contains the names of the individual PAHS,
column two the id of the three-dimensional optimised structures, column three the cas-number,
column four the indicated the types of hetero-atoms included in the molecular structure, column
five the measured octanol-water partitioning coefficients, column six the standard deviation on the
measured logK,,, when given in the origina source, column seven the denotes the methods used for
measuring logk.,,,, and lastly pH, as this parameter was given in few cases.

Table H1 Literature data on Octanol-water partition coefficients for 50 PAH and N, S,

O-PAHs

name id  cas.no. type  logKow std method pPH
1,5-dimethylnaphthalene 5571-619 C 438 . .

1,5-dimethylnaphthalene 5571619 C 4.38 . shaking ang GC
10-azabenzo(a)pyrene N 5,00 6.40E-01 ODS-65

10-azabenzo(a)pyrene . . N 5.69 5.80E-01 Diol-35
13H-dibenzo[a,i]carbazole 98 239-64-5 N 6.40 . .

1-ethylnaphthalene 4 1127-76-0 C 439 . shaking ang GC
1-methylfluorene 15 1730-37-6 C 497 . shaking ang GC
1-methylnaphthalene 2 90-12-0 C 3.86 . .

1-methylnaphthalene 2 90-12-0 C 3.87. shaking ang GC

2,2’biquinoline 93 119-91-5 N 431 .

2,3-dimethylnaphthalene 6 581-40-8 C 438 . .

2,3-dimethylnaphthalene 6 581-40-8 C 440 . shaking ang GC
2.6-dimethylnaphthalene 7581420 C 431 . shaking ang GC
2.6-dimethylnaphthalene 7581420 C 438 .

2-ethylnaphthalene 91 939-27-5 C 439 . .

2-hydroxy-4-methylquinoline 108 607-66-9  NOH 170 1.20E-02 HPLC 6
2-hydroxyquinoline 107 59-31-4 NOH 130 2.72E-02 HPLC 6
2-Methylanthracene 26 613-12-7 C 515 .

2-methylnaphthalene 3 91-57-6 C 3.86 . .

2-methylnaphthalene 3 91-57-6 C 3.86 . shaking ang GC

4-azafluorene N 259 6.50E-01 ODS-65

4-azafluorene . . N 296 5.40E-01 Diol-35

4-hydroxyquinoline 106 3558-69-8 NOH 0.61 1.05E-02 HPLC 6
9(10H)-Acridone 59 578-95-0 NO 295 2.80E-02 HPLC 6
Acenaphthene 13 83-32-9 C 3.92. shaking ang GC

Acenaphthene 13 83-32-9 C 403 . .

Acridine 44 260-94-6 N 318 6.40E-01 ODS-65

Acridine 44 260-94-6 N 3.27 5.30E-01 Diol-35

Acridine 44 260-94-6 N 323 4.83E-02 HPLC 6
Acridine 44 260-94-6 N 3.62 . .

Anthracene 25 120-12-.7 C 453 1.90E-01 ODS-65




Anthracene 25 120-12-7 C 454 . shaking ang GC

Anthracene 25 120-12-7 C 455 6.10E-01 Diol-35

Anthracene 25 120-12-7 C 463 . .

Benz[a]acridine 45 225-11-6 N 4.05 6.30E-01 ODS-65

Benz[a]acridine 45 225-11-6 N 4.48 5.30E-01 Diol-35

Benzo(a)anthracene 27 56-55-3 C 550 6.40E-01 Diol-35

Benzo(a)anthracene 27 56-55-3 C 554 1.90E-01 ODS-65

benzo(a)pyrene 36 50-32-8 C 5.98 . shaking ang GC

benzo(a)pyrene 36 50-32-8 C 6.00 . .

benzo(a)pyrene 36 50-32-8 C 6.02 1.90E-01 ODS-65

benzo(a)pyrene 36 50-32-8 C 6.14 7.10E-01 Diol-35 .

benzo(a)pyrene 36 50-32-8 C 6.27 . polydimethylsiloxane fibre .
and magnetic stirring of
the sampleand GC-MS

benzo(a)pyrene 36 50-32-8 C 6.50 . .

Benzo(ghi)perylene 43 191-24-2 C 7.10 .

Benzo[a]fluorene 16 238-84-6 C 5.75 .

Benzo[b]fluorene 18 243-17-4 C 575 . .

Benzo[f]quinoline 55 85-02-9 N 3.37 5.30E-01 Diol-35

Benzo[f]quinoline 55 85-02-9 N 346 6.40E-01 ODS-65

Benzo[f]quinoline 55 85-02-9 N 351 5.30E-01 Diol-35

Benzo[f]quinoline 55 85-02-9 N 369 6.30E-01 ODS-65

Benzo[f]quinoline 55 85-02-9 N 357 6.53E-02 HPLC

Biphenyl 92 92-52-4 C 3.95. shaking ang GC

Carbazole 60 86-74-8 N 322 5.30E-01 Diol-35

Carbazole 60 86-74-8 N 347 6.30E-01 ODS-65

Chrysene 41 218-01-9 C 591 . .

Dibenz[a,c]anthracene 88 215587 C 6.40 1.90E-01 ODS-65

Dibenz[a,c]anthracene 88 215587 C 6.48 7.60E-01 Diol-35

Dibenz[ah]acridine 47 226-36-8 N 573 5.60E-01 Diol-35

Dibenz[ah]acridine 47 226-36-8 N 593 6.60E-01 ODS-65

Dibenz[ah]anthracene 29 53-70-3 C 6.54 1.90E-01 ODS-65

Dibenz[a,h]anthracene 29 53-70-3 C 6.60 7.80E-01 Diol-35

Dibenz[ajj]anthracene 89 224-41-9 C 499 6.40E-01 ODS-65

Dibenz[aj]anthracene 89 224-41-9 C 5.63 5.60E-01 Diol-35

Dibenz[ajj]anthracene 89 224-41-9 C 6.44  7.50E-01 Diol-35

Dibenz[aj]anthracene 89 224-41-9 C 6.54 1.90E-01 ODS-65

Dibenz[a.i]acridine N 5.85 5.70E-01 Diol-35

Dibenz[a.i]acridine N 594 6.60E-01 ODS-65

Dibenz[c,h]acridine N 6.27 5.90E-01 Diol-35

Dibenz[c,h]acridine . N 6.56 6.80E-01 ODS-65

Dibenzofuran 66 132649 O 4.06 6.30E-01 Diol-35

Dibenzofuran 66 132-64-9 O 4.09 1.90E-01 ODS-65

Dibenzothiophene 62 132-65-0 S 441 1.90E-01 ODS-65

Dibenzothiophene 62 132-650 S 4.43 6.10E-01 Diol-35 .

Fluoranthene 30 206-44-0 C 5.16 . polydimethylsiloxanefibre .
and magnetic stirring of
the sampleand GC-MS

Fluoranthene 30 206-44-0 C 522 . .

Fluorene 14 86-73-7 C 407 6.20E-01 Diol-35

Fluorene 14 86-73-7 C 418 . shaking ang GC

Fluorene 14 86-73-7 C 432 1.90E-01 ODS-65

Fluorene 14 86-73-7 C 447 . .

Indole 57 120-7219 N 0.75 0.00E+00 HPLC

Isoquinolin 49 119-65-3 N 221 6.60E-01 ODS-65

Isoquinolin 49 119-65-3 N 2.26  5.60E-01 Diol-35

Naphthalene 191-20-3 C 335. .

Naphthalene 191-20-3 C 347 1.90E-01 ODS-65

Naphthalene 191-20-3 C 358 6.60E-01 Diol-35

Perylene 42 19855-0 C 6.50 .




Phenanthrene 19 85-01-8 C 4.48 1.90E-01 ODS-65

Phenanthrene 19 85-01-8 C 454  6.10E-01 Diol-35

Phenanthrene 19 85-01-8 C 457 . shaking ang GC

Phenanthrene 19 85-01-8 C 4.63 . .

Phenanthridine 54 229-87-8 N 317 6.40E-01 ODS-65

Phenanthridine 54 229-87-8 N 3.44 5.30E-01 Diol-35 .
Phenanthridine 54 229-87-8 N 343 6.00E-02 HPLC 6
pyrene 34 129-00-0 C 4.84 1.90E-01 ODS-65

pyrene 34 129-00-0 C 514 6.20E-01 Diol-35

pyrene 34 129-00-0 C 5.18 . shaking ang GC

pyrene 34 129-0000 C 5.20 .

pyrene 34 129-00-0 C 522 . .

Quinolin 48 91-22-5 N 217 6.60E-01 ODS-65

Quinalin 48 91-22-5 N 223  5.60E-01 Diol-35 .
Quinolin 48 91-22-5 N 202 4.12E-03 HPLC 6
Quinalin 48 91-22-5 N 204 . HPLC

Triphenylene 63 217-59-4 C 545 .

Level 1. Initial screening of endpoint value significance

The data in Table H2 is sorted by increasing average logk,,, on which a one-sided t-test* were
performed to secure that increase in endpoint values with respect to the uncertainty was significant.
The number of samples used for calculating the t-values are given in column five, the critical t-
value, t..uica, ae given in column ten. Degrees of freedom, df' (N-1), are given in column nine.

Due to the low number of samples per compound in some cases, a sSimple value significance testing
was performed as well. The simple value significance testing is based on the criteria

dlogk,, = [(I 0g K" = std g )— (Iog K2 +std, )J >0 (HD)

through a pairwise comparison of average logk,, values including the standard deviation on
substance specific average, i.e. the average value of the compound in row n minus the standard
deviation should be higher than the average value of compound in row n-1 plus the standard
deviation. Thisisthe minimum requirement to data.

The hypothesis H, for the t-test as well as the simple value significance test, is that the average
logK,, value of row n is significant higher than the average logK,,, value of row n-1 or not. The
result of Hy is given in column eleven and thirteen, respectively. If the hypothesis is rejected the
answer is no, if not the column assignment is yes.

Table H2 Mean value difference testing by i) t-test (P=0.10) and ii) simple value significance testing.

name id  casno Average logK,, N std var t df  teitica Hol) dlogK,, Hyii)

Quinolin 48 91-22-5 212 4 010 001 212 5 202 no 0.05 yes
Isoquinolin 49 119-65-3 224 2 004 000 2.89 1 631 no 0.77 yes
4-azafluorene . . 278 2 026 007 261 3 235 no 0.49 yes
Acridine 44 260-94-6 333 4 020 004 012 5 202 no -0.01 no
Carbazole 60 86-74-8 335 2 018 003 001 4 213 no -0.02 no
Phenanthridine 54 229-87-8 33 3 015 002 108 5 202 no 0.08 yes
Naphthalene 191-20-3 347 3 012 001 062 7 189 no 0.06 yes
Benzo[f]quinaline 55 85-02-9 3.52 5 012 001 642 4 213 no 0.23 yes
1-methylnaphthalene 2 90-12-0 387 2 001 000 199 1 631 no 0.18 yes
Acenaphthene 13 83-32-9 398 2 008 001 175 1 631 no 0.04 yes
Dibenzofuran 66 132-64-9 408 2 002 000 210 3 235 no 0.34 yes
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Fluorene 14 86-73-7 426 4 017 003 002 2 292 no 0.14 yes
Benz[a]acridine 45 225-11-6 427 2 030 009 037 1 631 no -0.17 no
2,6-dimethylnaphthalene 7 581-42-0 435 2 005 000 124 1 631 no 0.01 yes
2,3-dimethylnaphthalene 6 581-40-8 439 2 001 000 212 4 213 no 0.03 yes
Dibenzothiophene 62 132-65-0 442 2 001 000 412 4 213 yes 0.18 yes
Phenanthrene 19 85-01-8 456 4 006 000 019 7 189 no -0.01 no
Anthracene 25 120-12-7 456 4 005 000 749 5 202 yes 0.66 yes
pyrene 34 129-00-0 512 5 016 002 097 6 194 no -0.04 no
Fluoranthene 30 206-44-0 519 2 004 000 045 1 631 no 0.60 yes
10-azabenzo(a)pyrene 5.35 2 049 024 051 1 631 no -0.28 no
Benzo(a)anthracene 27 56-55-3 552 2 003 000 304 1 631 no 0.42 yes
Dibenz[ah]acridine 47 226-36-8 58 2 014 002 059 2 292 no -0.01 no
Dibenz[a.i]acridine . . 590 2 006 000 001 3 235 no 0.67 yes
Dibenz[aj]anthracene 89 224-41-9 590 4 073 053 067 4 213 no -0.28 no
benzo(a)pyrene 36 50-32-8 615 6 020 004 158 3 235 no 0.27 yes
Dibenz[c,h]acridine . . 6.42 2 021 004 017 1 631 no -0.12 no
Dibenz[a,c]anthracene 88 215-58-7 644 2 006 000 260 4 213 no 0.12 yes
Dibenz[ah]anthracene 29 53-70-3 657 2 0.04 0.00

Level 2. ANOVA, Variance significance testing by F-tests

The purpose of the level 2 tesing isto secure that the variance on individual average logKk,,, is
significantly lower than the mean variance between logk,,, values. The results of the the hypothesis,
H1, that the variance on the substance specific average logk,,, is significantly lower than the mean
between varianceis given in Table H2 in the last column.

Table H?2 Testing of hypotesis, H,.

name id cas.no average N std var TI* F; H,;
logKow

1,5-dimethylnaphthalene 5 571-61-9 4.38 1.

10-azabenzo(a)pyrene id casno 5.345 2 0487904 0.23805 10.04486 251.667 no
13H-dibenzo[a,i]carbazole 98 239-64-5 6.40037 1.

1-ethylnaphthalene 4 1127-76-0 4.39 1.

1-methylfluorene 15 1730-37-6 4.97 1.

1-methylnaphthalene 2 90-12-0 3865 2 0.007071 5.00E-05 478236 251.667 yes
2,2’biquinoline 93 119-91-5 4.30535 1. . .

2,3-dimethylnaphthalene 6 581-40-8 439 2 0.014142 0.0002 119559 251.667 yes
2,6-dimethylnaphthalene 7 581-42-0 4345 2 0.049498 0.00245 9759918 251.667 yes
2-ethylnaphthalene 91 939-27-5 4.39 1.

2-hydroxy-4-methylquinoline 108 607-66-9 1.69984 1.

2-hydroxyquinoline 107 59-31-4 1.3032 1.

2-Methylanthracene 26 613-12-7 515 1.

2-methylnaphthalene 3 91-57-6 3.86 1.

4-azafluorene . . 2775 2 026163 0.06845 34.93324 251.667 no
4-hydroxyquinoline 106 3558-69-8 0.612784 1.

9(10H)-Acridone 59 578-95-0 295424 1. . .

Acenaphthene 13 83-32-9 3975 2 0.077782 0.00605 395.2364 251.667 yes
Acridine 44 260-94-6 332592 4 0.201609 0.040646 58.82883 8.583 yes
Anthracene 25 120-12-7 45625 4 0.045735 0.002092 1143.192 8.583 yes
Benz[a]acridine 45 225-11-6 4265 2 0.304056 0.09245 2586458 251.667 yes
Benzo(a)anthracene 27 56-55-3 552 2 0.028284 0.0008 2988.975 251.667 yes
benzo(a)pyrene 36 50-32-8 6.15167 6 0.202624 0.041057 58.24092 4.447 yes
Benzo(ghi)perylene 43 191-24-2 7.1 1.

Benzo[&]fluorene 16 238-84-6 5.75 1.

Benzo[b]fluorene 18 243-17-4 5.75 1.
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Benzo[f]quinoline 55 85-02-9 351964 5 0.119815 0.014356 166.5666 5.702 yes
Biphenyl 92 92-52-4 3.95 1. . .

Carbazole 60 86-74-8 3345 2 0.176777 0.03125 7651776 251.667 no
Chrysene 41 218-01-9 5.91 1. . .

Dibenz[a,c]anthracene 88 215-58-7 6.44 2 0.056569 0.0032 747.2438 251.667 yes
Dibenz[ah]acridine 47 226-36-8 583 2 0141421 0.02 119559 251.667 no
Dibenz[ah]anthracene 29 53-70-3 6.57 2 0.042426 0.0018 1328.433 251.667 yes
Dibenz[aj]anthracene 89 224-41-9 59 4 0.730799 0.534067 4.477303 8.583 no
Dibenz[ai]acridine . . 5895 2 006364 0.00405 590.4148 251.667 yes
Dibenz[c,h]acridine . . 6.415 2 0.205061 0.04205 56.86516 251.667 no
Dibenzofuran 66 132-64-9 4075 2 0.021213 0.00045 5313.733 251.667 yes
Dibenzothiophene 62 132-65-0 442 2 0.014142 0.0002 119559 251.667 yes
Fluoranthene 30 206-44-0 519 2 0.042426 0.0018 1328.433 251.667 yes
Fluorene 14 86-73-7 426 4 0.173397 0.030067 79.52918 8.583 yes
Indole 57 120-72-9 0.749736 1. . .

Isoquinolin 49 119-65-3 2235 2 0.035355 0.00125 1912.944 251.667 yes
Naphthalene 191-20-3 346667 3 0115036 0.013233 180.6942 19.474 yes
Perylene 42 198-55-0 6.5 1. . .

Phenanthrene 19 85-01-8 4555 4 0.06245 0.0039 613.1231 8.583 yes
Phenanthridine 54 229-87-8 334712 3 0153452 0.023548 101.5467 19.474 yes
pyrene 34 129-00-0 5116 5 0.157099 0.02468 96.88736 5.702 yes
Quinolin 48 91-22-5 21153 4 0101117 0.010225 233.8654 8.583 yes
Triphenylene 63 217-59-4 5.45 1.

“The variance between average logK,,, values for the individual compounds is 2.39, the degree f freedom
(N-1) 49. The degrees of freedom in the H; hypothesis is therefore (49, n-1) for the individuaal PAH:s.

The H; test isregjected for six of the PAHS. In all six cases the present data set, given in Table 1,
only contains two logk,,, values. Therefore outlier tests (e.g. for small samples Dixon’s Q) are not
possible™, and the six PAHs are eliminated from the data set.

Level 3. Evaluation of between method variances by F-testing

Table H3 Testing of hypothesis, H2, the method.

name method average n  sd var df(fafe)* F2 T2
10gK ow

Quinolin HPLC 2.03 2 133E-02 177E-04 31 57.74 2157

Benzo[f]quinaline Diol-35 344 2 9.90E-02 9.80E-03 4,1 146 224.6

Benzo[f]quinoline ODS-65 3.58 2 163E-01 2.65E-024,1 0.56 224.6

Dibenz[aj]anthracene Diol-35 6.04 2 b573E-01 328E-0131 0.01 215.7

Dibenz[ajj]anthracene ODS-65 5.77 2 1.10E+00 1.20E+00 3,1 0.01 215.7

*df:degree of freedom, f,=n-1 for the individual PAHs given in Table 2, f,=n-1
for the method specific logK,,, values.

As shown in Table H3, only few data on different methods are available. Identification of low,
method specific, uncertainty is not possible, as, e.g., in the case of the phthalates and the PCBs"" ™.



Appendix |

Model predictions and influence of noise in data on QSARs for estimating
sorption to NOM

In Figure 11 the loading weight of the standard deviation on logK,,. values is shown to be significant
in PC2.
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Figure 11 LogK,. loading and X-loading weights showing the correlation patterns, and significance, of the
individual descriptors with respect to logK,. and each other. As seen from PCI, logK,, (denoted logP) is
strongly correlated to logK,. In addition logP is strongly correlated to the mass and area descriptors.
LogK,,. is inversely related to total energy as well as the self-consistent field energy descriptors. Only 8% of
the variance in logK,,. in explained in PC2, by use of 15% explained X-variance. The explained X-variance
decreases slightly, whereas the explained Y-variance increases slightly by including the standard deviation
on average logK,.. The effect is however insignificant comparred to models based on non-preprocessed data
as described in Appendix H.

The information content concerning the electronic descriptors should be evaluated with caution, as
the uncertainty in logk,. values is probably due to the heterogeneity of the matrix, i.e. variations the
inherent properties of the sorbent. Therefore PC2, which is quantifying intrinsic molecular
properties, can only be interpreted for uniform sorbent characteristics.

The PLS-QSAR estimated logK,. values for the matrix type, HA, compared to the experimenta data
areshown in Table I1.
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Table 11 Model predicted and average measured logK,,. values for sorption to HA of

different origin.
name id Predicted model std average measured cas.no.
logKoc logKoc
2-hydroxyquinoline 107 2,88 0,3 2,70 59-31-4
Quinolin 48 2,90 0,2 2,89 91-22-5
Isoquinolin 49 261 0,2 3,09 119-65-3
4-Azapyrene 122 4,28 0,1 3,63 m
Naphthalene 1 3,76 0,2 3,74 91-20-3
Acridine 44 3,89 0,2 4,00 260-94-6
Phenanthridine 54 3,95 0,2 4,06 229-87-8
Benzo[f]quinoline 55 4,05 0,2 4,10 85-02-9
Dibenzofuran 66 3,99 0,1 4,15 132-64-9
pyrene 34 5,03 0,2 4,34 129-00-0
Anthracene 25 462 0,2 4,46 120-12-7
Phenanthrene 19 4,80 0,1 4,58 85-01-8
Dibenzothiophene 62 4,96 0,3 4,59 132-65-0
Phenanthrene 19 4,80 0,1 4,65 85-01-8
Fluorene 14 454 0,2 4,68 86-73-7
Carbazole 60 4,86 0,3 4,74 86-74-8
Benz[a]acridine 45 4,94 0,2 5,00 225-11-6
Benzo(a)anthracene 27 5,65 0,1 5,62 56-55-3
2-Methylanthracene 26 504 0,2 578 613-12-7
Dibenz[aj]acridine 99 587 0,3 5,86 244-42-0
Triphenylene 63 5,66 0,2 5,89 217-59-4
Perylene 42 583 0,5 5,90 198-55-0
Dibenz[a,h]acridine 47 5,98 0,2 6,05 226-36-8
benzo(a)pyrene 36 590 0,1 6,27 50-32-8
Dibenz[ah]anthracene 29 6,53 0,2 6,44 53-70-3
Dibenz[a,c]lanthracene 88 6,46 0,2 6,54 215-58-7
Dibenz[aj]anthracene 89 6,56 0,2 6,58 224-41-9

As seen from Table 11 the standard deviations on predicted values are insignificant compared to, the
often, observed standard deviation of one to two log units by the use of the linear regression
models. By comparing the predicted and measured logK,. values the same insignificant differences
compared to models based on non-pre-processed data are observed.
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Appendix J

Linearity of logBCF-logK,, relationships for the PCBs

Several studies have evaluated the bioconcentration of the hydrophobic, including the PCBs, to be
parabolic or bilinear function of size or hydrophobicity descriptors. The bilinear or parabolic
logBCF-logK,,, relation has been explained by size restrictions in relation to penetration of the
membrane. However, simple linear regression models estimating logBCF as a function of 10gK.,,,
show no sign of steric hindrance due to restrictions caused by size or steric hindrance as illustrated
in Figure J1.
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Figure JI LogBCF values as function of predicted logK,,™ showing no significant sign of parabolic or
bilinear relationship. The red crosses are the calculated standard deviation on logBCF values found in the
literature.

As illustrated by the red crosses, the standard deviation on the organism denoted fish, and the
Guppy data are fairly homogeneous and below one log-unit. For the rainbow trout data a systematic
increase in standard deviation with increasing hydrophobicity is observed. The logBCF-logK,,, for
the Rainbow Trout data, denoting the CB-congeners by the number of ortho-substituted Cl-atoms,
are shown in Figure J2.



logBCF

logKow

Figure J2 In the figure of logBCF vs. logK,,, the CB congeners are
denoted by the number of ortho-substituted Cl-atoms, i.e. o: zero, +: one,
x: two, and [J four ortho-substituted Cl-atoms. Clearly grouping are
observed, but no information on the total number of Cl atoms or the angle
are included, and therefore it is difficult to draw any conclusions
concerning the observed grouping. However, two of the CB congeners are
significant outliers, which indicates that the twist-angle between the two
phenyl rings may be a significant factor with respect to steric hindrance
by penetration of the membrane.

As seen from figure J2 there is an indication that an increase in the number of ortho-substituted Cl-
atoms results in decreased bioconcentration. However, only one of the di-substituted CB- congeners
show decreased bioconcentration, and additional parameters may contribute in the explanation of
the outliers shown in Figure J2.

With respect to the PCBs it has been shown that the degree of co-planarity, Angle, affect the
measured fixed toxicity endpoints'. Furthermore, the degree of co-planarity show strong influence
on the effective charge delocalization between the two aromatic rings, thereby affecting the dipole
moment of the individual PCBs.

In Figure J3, the loading weights and logBCF' loadings of a PLS-QSAR for estimating the
bioconcentration shows that the angle may in fact contribute in explaining variations in BCF.
However, the significance is strongly influenced by systematic variance inhomogeneities, as shown
by including the standard deviation (stdspe22) on measurements obtained from various sources in
the literature. The significance of the standard deviation is revealed from the PLS model given in
Figure J3
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Figure J3 Plot of X-loading weights in respect to the logBCF-loading (spe22LOGBCE), showing the
significance of the Angle in explaining the variation in the bioconcentration factor. However, as observed
from the high loading of the standard deviation, STDSPE22, a systematic increase in the uncertainty of
experimental data is observed by increasing hydrophobicity (cf. Figure J1).

Bioconcentration is a quantitative measure of the effective exposure concentration of pollutants
towards aquatic organisms. For chemicals acting by non-specific mode of action the
bioconcentration is expected to be linear related to the observed fixed toxicity endpoint. With
respect to the PCBs it has been shown that the degree of co-planarity, Angle, affect the measured
fixed toxicity endpoints. Furthermore, the degree of co-planarity show strong influence on the
effective charge del ocalization between the two aromatic rings, thereby affecting the dipole moment
of the individua PCBs. From Figure J3 it is observed that the non-orthogonality of the biphenyl
rings are not a hindrance for penetrating the membrane. The bioconcentration factor increases with
size as well as hydrophobicity as illustrated by Figure J2 and J3. However, within group of equal
number of Cl-substituent decrease in BCF may be observed at indicated by Figure J2".
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ABSTRACT

SAR/QSAR studies based on various techniques (the UNIversal Functional
group Activity Coefficients (UNIFAC), Molecular Connectivity Indices (MCI),
Electrotopological Indices (EASI), and Molecular Modeling) revealed a
pronounced discrepancy between experimentally determined solubilities and
theoretically predicted values of phthalates . The latter are found to be several
orders of magnitude lower than the experimentally determined values for
phthalates with more than 6 carbon atoms in the alkyl ester groups, whereas
an excellent agreement was found for the lower molecular weight phthalates.
The surface tension of the phthalates, DnBP (di-n-butyl phthalate) and DEHP
(di-(2-ethyl-hexyl) phthalate) in water, is measured as a function of
concentration to investigate any possible surfactant nature of the phthalates
and further to determine the unimer solubility of the phthalates in bulk water.
The formation of micro-droplet dispersions is more pronounced for
phthalates with more than 6 carbons in the ester chain. The environmental
implications, such as the migration potential of the phthalates, are discussed.

1. INTRODUCTION

Phthalates have in recent years caused increasing concern due to reported
weak carcinogenic (Toppari et al. 1995; Rhodes et al. 1995) and estrogenic
effects (Toppari et al. 1995; Nordic Council of ministers 1996; Nielsen and
Larsen 1996) of some of these compounds, thus, possibly affecting the male
reproductive health. Phthalates are continuously used in very high amounts
(Hoffmann 1996), and these compounds must be regarded as being
omnipresent throughout the environment, typically in significant
concentrations (Thomsen and Carlsen 1998). These compounds are present in
significant concentrations in, e.g., sludge-amended soils (Vikelsge et al. 1998),
and are as such potentially leachable. Hence, the environmental behavior of
phthalates calls for special attention. Further, recent studies have
demonstrated that phthalates may be leached from plastic toys when sucked
by children (Rastogi et al. 1997).

The solubility of the phthalates in aqueous solution is a crucial parameter in
determining the environmental fate of these compounds. Thus, the leaching of
phthalates as well as the subsequent migration in terrestrial environmental
matrices will be closely linked to their solubility. This study includes 16
phthalic acid esters for which experimentally determined solubility data are
available in the literature (Thomsen and Carlsen 1998). Structural
characteristics as well as solubility data are summarized in Table 1.

Previous SAR/QSAR studies (Thomsen et al. 1998a) revealed a pronounced
discrepancy between experimentally determined solubilities and theoretically
predicted values. The latter are found to be several order of magnitudes lower



than the experimentally determined values for phthalates with more than 6
carbon atoms in the alkyl ester groups, whereas an excellent agreement was
found for the lower molecular weight phthalates. This fact and the general
expectation of an increased hydrophobic effect with an increase in the solute
hydrophobic surface area suggest that the UNIFAC predicted values
correspond to the solubilities of unimer phthalates (Thomsen et al. 1998a).
This paper discusses the solubility behavior of phthalates based on the
SAR/QSAR studies in combination with surface-tension measurements of
aqueous solutions of the phthalates DnBP and DEHP.

2. METHODS

The UNIFAC method calculates the activity coefficients of solutes in phase
equilibrium in water-air and water-octanol systems respectively (Hansen et
al., 1991; Chen et al., 1993; Kan and Tomson, 1996; Rasmussen, 1998). The
model is based on the assumption that a given compound is composed of a
mixture of groups (sub-structural fractions). The activity coefficient of each
component or molecule can be described through a combinatory part, which
depends on the size and shape of the molecule, i.e., an entropy effect, and a
residual part governed by the interactions between the groups, i.e., an energy
related effect (Rasmussen 1998). The UNIFAC method is further based on the
fundamental assumption applying to group contribution methods, i.e.,
additivity, indicating that the contribution from one structural group of the
molecule is assumed to be independent of that of another group in the same
molecule. This is valid only if the contribution of one group within the
molecule is not affected by the nature of any of the other groups present in the
same molecule.

The Molecular Connectivity Index concept is based on the § and &’
connectivity values reflecting the electronic nature of the individual atoms in
their valence states. The & value for a given atom is a simple count of non-
hydrogenic sigma bonds to neighboring atoms. The molecular connectivity
index is quantified by dissecting the molecule into selected bond
contributions (Hall and Kier 1991; Kier and Hall 1976 ). Thus, the simple first-
order MCI is given by

'X=%,,(66)" 1)

Through the corresponding first order valence-corrected connectivity index
X" it is possible to differentiate between saturated and unsaturated carbon
atoms, as well as take into account the lone pair electrons in possible
heteroatoms present within the molecular structure (Kier and Hall 1981;
1991), whereas the simple indices encode structural features only.



Molecular Modeling was carried out applying the PCMODEL software
implemented for Power Macintosh computers (Serena 1996). The force field
used in PCMODEL is called MMX and is derived from MM2 force field
(Allinger and Yuh 1981). The molecular structures are geometry-energy
optimized.

This study utilizes the build-in option of PCMODEL to calculate the exposed
surface area of the investigated molecules in their energy-optimized
conformation (Serena 1996). Thus, a stochastic algorithm is used that 1)
generates points on the surface randomly, 2) determines if a given point is
exposed or not, and 3) counts the number of exposed and unexposed points.
The number of calculated points and the number of times the calculation is
repeated are used as input parameters (Serena 1996). Since the method is
stochastic, the average surface area, which is the result of the repeated
calculations, is reported. Based on the type of atoms in the molecule under
investigation, the total surface area is subdivided into saturated surface area,
unsaturated surface area, and polar surface area.

3. EXPERIMENTAL

Surface-tension measurements were performed on a Kruss K10 tensiometer
(Hamburg FRG) using the ring method at 25 °C. Stock solutions of the
phthalates, DnBP (37.05 mM) and DEHP (0.045 and 0.224 mM), was made in
methanol from which standard concentration ranges of the phthalates in
water were prepared. The standard solutions were prepared to include the
typical values for the water solubility of DnBP and DEHP based on a
literature study (Thomsen and Carlsen 1998) as well as the UNIFAC-predicted
values (Rasmussen 1998).

4. RESULTS AND DISCUSSIONS

4.1 SAR/QSAR APPROACHES TO PHTHALATE SOLUBILITIES

In a previous study we have demonstrated that the experimentally derived
solubilities of phthalates apparently are satisfactorily reproduced by the
UNIFAC method for phthalates with ester alkyl chains containing up to ca. 6
carbon atoms (Thomsen et al. 1998a). However, it was obvious that for
phthalates with a higher number of carbon atoms in the ester chains,
significant deviations between the experimentally and theoretically derived
values are noted, as shown in Figure 1. It should be noted that several studies
indicate that the experimentally derived values for aqueous solubilities of the
high molecular weight phthalates systematically have been overestimated
(Staples et al. 1997; Leyder and Boulanger 1983; Pedersen and Larsen 1996;
DeFoe et al. 1990).



In order to elucidate the existence of latent informational factors quantifying
possible differences between the phthalates with short and long ester chains,
respectively, principal component analysis (PCA) was carried out
(Hoskuldsson, 1996; Bro, 1996). After elimination of non significant
descriptors within the original data matrix, specific molecular, structural, and
electronic information given by the molecular descriptor variables ‘X, °X, 3Xp,
XXX, dX, dX, S, and S, (Hall and Kier 1991; 1995; Kier and Hall
1990; 1997; Kier et al. 1991) as well as PCMODEL-derived molecular surface
areas and volumes are included in the final PCA. The 2 dimensional
representation of the principal components t, and t, is illustrated in Figure 2.

Based on the score plot in Figure 2, it is clear that the phthalates included in
the present study apparently constitute 3 separate groups, containing a) esters
with aliphatic ester alkyl groups with up to 6 carbon atoms, b) esters with
aliphatic ester alkyl groups with more than 6 carbon atoms and c) esters
where one or both ester groups include cyclic or aromatic structures, whereas
DAP (di-allyl phthalate) is identified as an outlier with respect to the 3
remaining groups possibly due to the 2 unsaturated allyl ester moieties. This
grouping within a homologue class of compounds suggests that different
mechanisms of dissolution may be involved for the different groups of
phthalates. The variable loadings, as shown in Figure 3, demonstrate that the
MCI indices and the molecular surface area and volume are highly
intercorrelated.

The high degree of intercorrelation between the structural descriptors
dominating p,, which accounts for 74.55 % of the total variation, are not
surprising, since ‘X is a measure of the relative size of the molecules, whereas
the higher order indices include the shape effects, e.g., degree of branching
within the molecular structure. The molecular difference indices d'X and d*X,
which primarily describe the non-sigma electronic (Hall and Kier 1991), and
to a lesser extent the ester group electrotopological index S_, (Thomsen et al.
1998), dominate p,, which accounts for 19.13 % of the total variation. It is also
p,, which describes the outlier status of the compounds DAP, BzBP ,DcHP
and DBoEP compared to the di-alkyl esters of the phthalic acid (group aand b
in Fig. 2). It has not been possible to assign separate descriptors to the
splitting of the phthalates into group a and b, and as such it is not possible to
elucidate the different mechanism describing the solubilization of the low and
high molecular weight phthalates, respectively. All of the original variables,
except d'X and d’X, contribute to the separation of the phthalates into a low
and high molecular weight group. The spread of the molecular structures in
the horisontal direction in the score plot (Fig. 2) is caused by the first principal
component, p1, of the loading plot (Fig 3).

Because of the low explained variance of p, and the intercorrelation between
original variables in p,, it appears reasonable to apply the simple first-order



MCI in an attempt to describe the unimer solubility of the phthalates, since
hydrophobic effects are related to the size of the solute. In Fig. 4 the
correlations between X and surface area, respectively, and the experimentally
and UNIFAC-derived solubilities, respectively, are displayed.

The observed linear correlation between the UNIFAC-derived solubilities and
X and the molecular surface area suggests that the solubilities of the unimeric
phthalates are correctly reproduced by the UNIFAC calculations.

4.2 THE THRESHOLD OF FORMATION OF DISPERSED PHASES OF
DnBP and DEHP IN BULK WATER

In order to explain the apparent discrepancies between the experimentally
derived solubility data and the UNIFAC-calculated unimer solubilities, we
must understand the actual molecular structures of the phthalates as well as
the significance of the environment surrounding the molecule.

The results of the surface-tension measurements for DnBP and DEHP,
respectively, can be seen in Figure 5.

The type of behavior indicated by the curves of surface-tension as function of
the bulk water concentration is typical for amphiphatic species (Hiemenz and
Rajagopalan 1997). The break in the curves represents the threshold of the
formation of a dispersion of liquid phthalate in water, i.e., the borderline
between a continuous phase of solubilized unimeric phthalate molecules and
an emulsion. At the point of saturation no further shift in the equilibrium
[Phthalate,,, .cr Phthalate,, ... il OCCUrS, Which causes the surface-
tension to approach a constant value. The surface-tension measurements
show that the unimeric molar solubilities of DnBP and DEHP are -4.2 and -7.4
in log units, respectively. While DnBP lowers the surface-tension about 15
mN/m, DEHP reduces the surface-tension by only 5 mN/m. Neither of the
phthalates can be characterized as very effective surfactants, but the surface-
tension measurements are nonetheless a unique method for distinction
between a true solution and a dispersion of clusters of molecules. The results
of the surface-tension measurements is in perfect agreement with the
UNIFAC-predicted solubilities which are -4.11 and -7.63 for DnBP and DEHP,
respectively (Thomsen et al. 1998a) . The explanation for the apparent
inconsistency in the experimental solubility data found in the literature
(Thomsen and Carlsen, 1998) as well as the apparent discrepancy between
experimentally and theoretically derived solubilities are probably to be found,
partly, in the unawareness of the slow kinetics of macroscopic phase
separation when using the conventional shake-flask method (Staples at al.
1997). More appropriate methods such as centrifugation and turbidity
inflection results in less overestimated unimeric solubilities (DeFoe et al.



1990). Experimental procedures which include extraction of the aqueous
phase is not appropriate since these methods make it impossible to elucidate
the presence of a dispersed oily phase within the bulk water. The
concentrations of DnBP and DEHP in natural surface waters exceed their
unimeric solubilities in several cases (cf. Thomsen and Carlsen 1998 and
references therein). For this reason it is important to be aware of the colloidal
nature of the phthalates, and to consider ways to include the colloidal nature
of organic compounds in fate studies and thus risk assessments.

4.3 ENVIRONMENTAL IMPLICATIONS

The hypothesis that phthalates with more than 6 carbon atoms in the ester
chains in aqueous solution may be present in the form of micro-droplets
obviously may have some pronounced effects with respect to the
environmental fate of these species. Phthalates have been reported to be
significantly retained in soil columns (cf. Thomsen and Carlsen 1998). The
mean value of logK  found in the literature are 4.37+0.7 and 7.06+0.4 for
DnBP and DEHP, respectively (Thomsen and Carlsen 1998). The variation in
the K values found in the literature may partly be caused by the presence of
dispersions of micro-droplets in the bulk water phase. It seems highly
unlikely that possible micro-droplets will be retained in soil columns to any
significant extent. If a top soil is contaminated with phthalates, e.g. through
sludge amendment, the solubilization of the phthalates as micro-droplets may
significantly increase the potential risk of leaching, whereby the underlying
aquifer may be subject to phthalate pollution. It should, however, in this
connection be emphasized that as long as sludge amendment is carried out
rationally, i.e. such as to avoid the any risk of supersaturating the soil water,
the microbial degradation of phthalates most properly will remedy this
problem (Rasmussen et al. 1998; Thomsen at al. 1998b; Vikelsge et al. 1998).

5. CONCLUSIONS

Within a homologue class of compounds such as the phthalic acid esters,
different mechanisms of dissolution may be involved for the different groups
of compounds shown by the PCA. It has not been possible to assign separate
descriptors to the grouping of the di-alkyl phthalates. Thus, it is not possible
to elucidate the different mechanisms describing the solubilization of the low
and high molecular-weight phthalates, respectively.

The surface-tension measurements support the presence of 2 distinct phases
as the concentration in water exceeds the unimeric solubility.

It seems that the formation of a dispersed phase is more pronounced for the
high molecular weight phthalates. A full understanding of this process of



dissolution requires knowledge about the energetics of the process and
thereby the surrounding media to be included in the modeling.

The presence of dispersions in the form of micro-droplets obviously may have
pronounced effects with respect to the environmental fate of the phthalates.
The migration potential of the phthalates can be expected to increase
significantly due to the presence of phthalate micro-droplets in the bulk
water.
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Figure Captions

Figure 1. Experimental solubilities of selected phthalates versus the UNIFAC
predicted solubility values. The diagonal line represents the potential perfect
agreement between the UNIFAC calculated and experimental solubilities.

Figure 2. Two-dimensional representation of the principal component scores,
t, and t,, based on specific molecular structural and electronic information for
the selected phthalates.

Figure 3. Two-dimensional representation of the first two loading vectors, p,
and p,,.

Figure 4. Experimental and UNIFAC derived solubilities of selected phthalates
described through the simple first-order molecular connectivity index ‘X in (a)
and the calculated exposed molecular surface area in (b). (Open circles are
experimental data. Filled circles are UNIFAC calculated values)

Figure 5. Measured surface tensions for DnBP (a) and DEHP (b) as function of
the bulk water concentration.
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Table 1. Structural characteristics and solubility data for the 16 phthalic acid esters

included in this study.
Casr. acronym  |-R; -R, logC, & |logC,,UNIFAC
131-11-3 |DMP -CH; -CH; 1.646 1.60
84-66-2 |DEP _CH,CH, _CH,CHs 2364 |2.42
131-17-9 |DAP -CH,CH=CH, -CH,CH=CH, 3.242 3.45
605458 |DiP3)P  |-C(CHa), ~C(CHa), 2877 |3.26
131-16-8 |DnP(3)P -CH,CH,CH3 -CH,CH,CH3 3.401 3.25
84-605 |DIBP ~CH,CH(CH,), ~CH,CH(CH,), 4238|411
84-742 |DnBP ~CH,(CH5),CHs ~CH,(CH5),CHs 4402|411
131-180 |DnP(5)P  |-CHy(CH,)sCHs ~CH,(CH,)sCH 5839  |4.98
84753 |DnH(B)P  |-CH,(CH,).CHs ~CH,(CH5,).CHs 6.144 |5.85
85-68-7 |BzBP ~CH,(CH.,),CH ~CH,-phenyl 5180 |5.39
117-840 |DnOP ~CH,(CH,)eCHs ~CH,(CH,)eCHs 6.137 |7.63
117-81-7 |DEHP CH,CH3 CH,CH3 6.374 7.63
-CH,CH(CH,)sCH;  |-CHCH(CH,)sCHs
84-61-7 |DCHP -cyclohexyl -cyclohexyl 2.630 5.60
84775 |DnDP ~CH,(CH,)sCH ~CH,(CH,)sCH 6173  |9.42
119-06-2 |DnTP ~CH,(CHy)12.CH5 ~CH,(CHy)12.CH3 6.194 |12.12
117-83-9 |DBOEP (CH»)»-O-(CH,):CHs _ |-(CH,)»O-(CH,)sCH;  |4.049  |4.71

'DMP (di-methyl phthalate), DEP (di-ethyl phthalate), DAP (di-allyl phthalate), DiP(3)P (di-iso-propyl
phthalate), DnP(3)P (di-n-propyl phthalate), DiBP (di-iso-butyl phthalate), DnBP (di-n-butyl phthalate),
DnP(5)P (di-n-pentyl phthalate), DnH(6)P (di-n-hexyl phthalate), BzBP (benzyl butyl phthalate), DBzP (di-
benzyl phthalate), DnOP (di-n-octyl phthalate), DEHP (di(2-ethyl-hexyl) phthalate), DCHP (di-cyclohexyl
phthalate), DnDP (di-n-decyl phthalate), DnTP (di-n-tridecyl phthalate), DBoEP (di-2-butoxyethyl

phthalate)
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Paper I1

Solubilities and surface activities of phthalates investigated by surface tension measurements,
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Abstract—Aqueous solutions of DEP (di-ethyl), DnBP (di-n-butyl), DnH(6)P (di-n-hexyl), and DEHP (di-[2-ethyl-hexyl]) phthal ates
have been investigated by use of surface tension measurements at temperatures between 10 and 35°C. A tensiometric approach
allows for the determination of unimeric solubilities and AG®, which is the standard Gibbs free energy change, for the dissolution
of phthalates in water. The unimeric solubility of the phthalates increase with decreasing temperature. The AG® shows a linear
increase with increasing phthalate alkyl chain length. The contribution of enthalpy (AH®) and entropy (AS’) to AG® were calculated
from the temperature-dependent solubilities. The contributions of both AH° and AS’ are negative and increase in magnitude with
increasing alkyl chain length, suggesting hydrophobic interactions between phthal ates and water. The ability of different phthalates
to lower the surface tension decreases with increasing alkyl chain length, whereas the relative affinity for adsorption in the air—
water interface increases drastically for long-chain phthalates. Despite the low surface activity of phthalates compared with that of
common surfactants, they show significant affinity for adsorption in air—water interfaces of natural surface waters. This property,
combined with their low solubilities, may affect the fate of these compounds within the natural environment, because they form

emulsions above unimeric saturation in agueous media.

K eywor ds—Aqueous solubility

INTRODUCTION

Phthalates are used as plasticizers in a variety of applica-
tions, and they are among the most abundant manmade chem-
icals in the environment. Thousands of tons of plastics are
disposed of annually in landfills, thus possibly enabling phthal -
ate esters to migrate into soil and groundwater [1]. The com-
pounds have the ability to bioconcentrate in animals [2,3]. As
such, the physicochemical properties of the phthalates deter-
mining, for example, migration potential and bioconcentration
are crucial when considering the fate of these chemicalsin the
environment, and among these properties, solubility isof major
importance. The unimeric solubility (C&), above which the
water phase has the physicochemical characteristics of a dis-
persion, iscrucial inthefield of environmental chemistry when
considering fate modeling as well as risk assessment.

Conventional shake-flask methods [4,5] have been used to
determine the solubilities and partitioning coefficients [5,6] of
phthalates. However, results show significant variation, which
we have attributed to phthal ate and water densities being very
similar [7,8]. An agueous bulk phase that is supersaturated
with phthalates may reach local thermodynamic equilibrium
between dissolved and dispersed phthalates fairly rapidly.
However, macroscopic phase separation of a supersaturated
bulk phase may be a slow process, because the densities of
phthalates and water are very similar [9,10]. Some authors
have noted difficulties during experimental studies of phthalate
behavior in aqueous media because of the small difference
between the densities of water and phthalates [4,6,9,10]. Thus,
Howard et al. [4] mentioned difficulties in obtaining samples
of the bulk without contamination from undissolved, light-
density phthalates floating on the surface. This problem is

* To whom correspondence may be addressed (hvidt@ruc.dk).
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reflected through a measured solubility of DEHP (di-[2-ethyl-
hexyl]; 0.34 mg/L + 0.04 mg/L), which is 20-fold greater than
the result of the present study. Solubility data for phthalates
in the literature [11] show an increasing variance between
results obtained using different methods with increasing size
of the alkyl chain length of the phthalates [7,8,11]. We have
compared our results with those of others who have been aware
of the colloidal nature of the phthalates. Centrifugation has
been used to minimize the amount of emulsified phthalate
within the bulk water phase, and a turbidity inflection method
has been used to detect aggregates or microemulsions
[4,6,9,12]. The latter makesit possibleto differentiate between
chemicals in solution and dispersed chemicals in the form of
colloids or emulsions, which scatter light. However, for true
solutions of phthalates with an alkyl chain length greater than
C-6, asurprising increase in solubility has been noted [8]. This
may partly be caused by alkyl folding of the long-chain phthal -
ates [13,14]. For highly overestimated solubilities, a more ad-
equate explanation is the aggregation of phthalate molecules
into clusters consisting of few or many molecules, with the
latter having a more pronounced effect in reducing the solvent-
accessible surface area [15].

The lowest solubilities for the long-chain phthalates have
been obtained by Ellington [13] and Letinksi et al. [14] by use
of the slow-stirring method that was developed to avoid the
occurrence of associating phthalates in bulk water. The method
has been used for measuring octanol/water partitioning coef-
ficients [10,13] and water solubilities [9,13,14] of the long-
chain phthalates. The measured solubility of DEHP is 0.0019
mg/L [14], which is approximately one order of magnitude
less than the solubility obtained in the present study. Several
authors have suggested the colloidal nature of phthalates and
their surface activities [16,17] as a possible explanation for
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Fig. 1. Model representation of phthalates (di-n-butyl phthalate
[DnBPY) in equilibriain bulk and surface aqueous solution. K, is the
equilibrium partitioning coefficient of unimeric phthalates between
surface and bulk, whereas K, is the equilibrium partitioning coefficient
between aggregated liquid phthalate and bulk water phase.

the high variations in both the measured solubilities and oc-
tanol/water partitioning coefficients when using different tech-
niques. This study uses a tensiometric approach to measure
unimeric solubilities of phthalates as afunction of temperature.
Through the tensiometric approach, we can measure the bulk
activity of the unimeric solutes based on the measured activity
of the solute molecules in the surface. When the bulk water
phase becomes saturated, only aminimal further change occurs
in the activity at the surface. Above the unimeric saturation,
a dispersion of aggregates or a formation of microemulsion
occurs within the bulk water phase. The objective of this study
was to investigate the surface activities of the phthalates and
to test the capability of this method for estimating the unimeric
solubilities of the high-molecular-weight phthalates. The limit
of detection of this method depends on a combination of the
numerical solubility of the solute and the effect they produce
on the surface tension.

MATERIALS AND METHODS
Theory

Phthalates in bulk water and at the air—water interface.
The partition of phthalates between a liquid phthalate phase
and the bulk water phase system is described by the equilib-
rium (P* = P,) and the partition of phthalates between the
bulk water phase and the surface (P = Pagytae). This system
is illustrated in Figure 1. Because of similar densities of the
solute and the solvent, an emulsion is formed when the uni-
meric solubility is exceeded. At concentration levels greater
than the unimeric solubility, the aggregates are distributed
throughout the bulk water phase, and equilibrium distributions
are obtained through partitioning of unimeric phthalates dis-
solved in bulk to the surface and the microemulsion, respec-
tively, according to Figure 1. Our model is analogous to mi-
cellar systems; however, in contrast to micelles, the emulsions
are not expected to consist of well-defined, ordered structures.
This results from the less pronounced amphiphatic nature of
the phthal ates.

Relation between the measured surface tension and the
bulk water concentration. In dilute solutions, in which the
concentration of phthalates within the bulk water phase is far
less than saturation, we only need to consider the equilibrium
(Pag = Paurace)- At €ach experimental concentration, the par-
titioning of phthalate between aqueous bulk and air—water in-
terface at equilibrium is determined by u$ = uy (i.e, the

M. Thomsen et al.

chemical potentials of phthalates at the surface and in the bulk
water phase are equal). For adsorption from dilute solutions,
the activity coefficient of phthalate in the aqueous bulk phase
is approximately equal to unity when the standard chemical
potential (w.9) is defined as the infinite dilution standard chem-
ical potential. So defined, the activity can be replaced by the
molar concentration (C), and the change in surface tension ()
is determined by the phthalate concentration in the bulk water
phase through

n_S_ 1 ay

I‘w: _
A In10-RT d log C

S

(€

where I'} is the surface excess concentration of phthalates
given as mol solutes at the air-water interface (n5) per surface
area (A). The Rand T are the gas constant and the absolute
temperature, respectively. From the slope of the surfacetension
(v) versus the bulk concentration in water (log C), we can
determine the surface excess concentration of phthalates [17—
19]. The latter can be expressed as the area occupied per mol-
ecule at the surface by dividing the inverse of I'y by Avoga-
dro’s number (N,). The unimeric solubilities are determined
as the concentration with a significant change of slope (9-y/d
log C). Such determinations were made at 10, 25, and 35°C.

The surface pressure (w) of a solution is defined as the
surface tension of pure water (y,) minus the surface tension
of the solution. The surface pressure of saturated agueous
phthalate solutions (ws®) was calculated at each experimental
temperature.

Sandard free energy of adsorption at the air—water in-
terface. In the low surface pressure area of the curves, we also
evaluated the standard free energy of surface adsorption (A_u.°),
in which the standard states are hypothetically infinite dilution
states using molar fractions as concentrations [19]:

0X

A = —RT |n(5)0 = —RT |n(—5) @

HEREN

istheinitial slope of the w versus a plot, where aisthe activity
that can be replaced by the mol fraction (x) for dilute solutions
[18,19]. The surface pressure data were analyzed using the
method described by Aveyard and Chapman [19].

where

Experiments

The DEP (di-ethyl; 99%; Aldrich Chemical, Milwaukee,
WI, USA), DnBP (di-n-butyl; >98%; Fluka Chemical, Mil-
waukee, WI, USA), DnH(6)P (di-n-hexyl; >98%; Chem-
Service, West Chester, PA, USA), and DEHP (> 98%,; Fluka
Chemical) were used as received. A stock solution of each
phthalate in methanol (MeOH) was prepared. The concentra-
tions of DEP, DnBPR, and DnH(6)P were 40,000, 10,000, and
250 mg/L, respectively. For DEHP, two stock solutions of 100
and 10 mg/L in MeOH were prepared. For each of the phthal-
ates, a series of dilutions in Millipore (Bedford, MA, USA)
water was prepared, keeping the fraction of methanol less than
5% (w/w) [20]. Because of the very similar densities of the
phthal ates and water, no phase separation occurs on exceeding
the unimeric solubility. Instead, a microscopic phase separa-
tion occurs, and a dispersion of oily aggregates of phthalates
forms throughout the bulk water phase. Samples were mixed



Solubility and surface activity of phthalates

75

70

65

60

55

Surface Tension (mJ/m?)

]

L S AL B e e

vl v e b b Ly

IS S U R S

-2

50II111IIAJLIAL
-5

'

[+2]
'

-

-4 -3
Log C (mg/mL)

75 ‘

70

65

60

55

Surface Tension (mJ/m?)

LA L L e e By B
PN PSRN AT S S NS S RS

PRI GO SOUUU RN ST S Y N S S

50 b1 Lo ]
-8

v
©

\
A

-7 -6
Log C (mg/mL)

Fig. 2. Surface tension of phthalates as function of concentration in
bulk water. A. DEP (@) and DnBP ([]]) at 25°C. B. DnH(6)P (H) at
25°C and DEHP (O) at 22°C. DEP = di-ethyl, DnBP = di-n-butyl,
DnH(6)P = di-n-hexyl, DEHP = di-2-ethyl-hexyl.

in a thermostated, shaking water bath for 24 h at 10, 25, and
35°C, respectively, to increase the rate of formation of a ho-
mogeneous solution or mixture of phthalates within the bulk
water phase. After this, the samples were left at rest in the
thermostat for another 24 h, allowing the equilibria, as de-
scribed in Figure 1, to be established. Solutions were then
individually transferred to the thermostated sample container
within the K10 Kriiss Tensiometer (Hamburg, Germany). The
surface tension was measured with the Du Nouy ring method
[18].

Before use, al glassware was carefully washed in 10% (v/
v) ethanolic HCI, which was followed by heat treatment at
110°C for severa hours. The glassware was kept packed in
aluminum foil until use to avoid contamination.

RESULTS

Figure 2 shows the surface tension measurements as afunc-
tion of bulk concentrations in water for DER, DnBPR, and
DnH(6)P at 25°C and DEHP at 22°C. A critical aggregation
concentration can be determined when the surface tension ex-
hibits two distinct linear concentration regions [18]. The un-
imeric solubilities (log Cs) of the phthalates are determined
as the intercept concentrations between the steepest, first part
of the curves and the flat, later part of the surface tension
curves, asillustrated in Figure 2. The solubilities so determined
are summarized in Table 1. The shapes of the curves look
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Table 1. Unimeric solubilities and standard Gibbs free energy of
dissolution (AG®) of phthalates at different temperatures®

Com- AG® TAS AH°
pound® T (°C) Ct (mg/L) (kd/mol) (kJ/mol) (kJmal)

DEP 10 1113 (=14)° 21.93
DEP 25 938 2351 -352 —116
DEP 35 741 (%7) 24.91
DnBP 10 13.3 (x1.4) 32.68
DnBP 25  14.6 (+0.8) 3439 -57.0 -215
DnBP 35 5.5 (=0.8) 38.03
DnH(E)P 10 0.94 39.55
DnH(6)P 25 052 (+0.03) 4311 —69.4 —264
DnH(6)P 35  0.38(+0.06)  45.36
DEHP 22 0017 (+0.003) 51.39  ND¢ ND

a Standard enthalpy and entropy contributions at 25°C.

> DEP = di-ethyl, DnBP = di-n-butyl, DnH(6)P = di-n-hexyl, DEHP
= di-2-ethyl-hexyl.

¢ Values in parentheses represent standard deviations.

dND = not determined.

similar to curves for typical detergents[18], in which the con-
centration at the break equal sthe critical micelleconcentration.
However, for phthalates, it represents the critical aggregation
concentration above which a dispersion of aggregates or clus-
ters is formed, as illustrated in Figure 1. Figure 2 does not
show any undershoot of the surface tension just before the
solubilities are reached, which would have indicated the pres-
ence of more hydrophobic or surface active components than
the main component [18]. In the present experiments, the con-
centration of MeOH in the phthalate solutions was kept less
than 5% (w/w) and, in most cases, much lower. At these con-
centrations, MeOH was not expected to affect the solubility
of phthalates [20]. The influence of the MeOH in the phthalate
solutions on the measured surface tension was estimated by
comparing the experimental measured graphs with the MeOH-
corrected graphs, assuming additive contributions of MeOH
and phthalates. The corrected graphs were obtained by simply
adding the surface tension lowering of MeOH at relevant bulk
water concentrations to the measured surface tensions of
phthalate solutions. The changes in the slope and intercept of
the curves because of MeOH were approximately 1.4 and
0.4%, respectively. Thus, the uncertainty introduced by MeOH
is negligible compared with that of each measurement (Table
1), and as such, we did not correct for MeOH in the further
interpretation of the experimental data.

At the low concentration side of the break in the curves,
the form of the Gibbs equation given in Equation 1 can be
used for analysis of the surface tension data. From the slope
of the linear range of concentrations in Figure 2, the surface
excess concentrations of the respective phthalates at C were
calculated by use of Equation 1. In Table 2, surface excess
concentrations and surface areas occupied per molecule at the
air-water interface at the point of saturation of the agueous
phase are given.

The solubility of phthalates depends on temperature, as
shown for DEP in Figure 3, which illustrates that the solubility
determined by the concentration break in the curve decreases
with increasing temperature. Decreasing solubilities with in-
creasing temperature are common for hydrophobic organic
compounds at environmentally relevant temperatures[15]. The
measured unimeric solubilities at the different temperatures
are summarized in Table 1. For the phthalates DEP, DnBPF, and
DnH(6)P, these data show an overall decreasing solubility with
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Table 2. Surface excess concentration, area occupied per molecule at
the surface, and surface pressure at the unimeric saturation of the
agueous phase

log
1(T'%-N,) (ws2/
log Cgt  I'y-10° (A2/mol- o=t Xet)®
Compound? T (°C) (M) (mol/m?) ecule) (MJm?) (MmIm?)

DEP 10  —2.30 63 265 NC° NC
DEP 25  —2.37 69 240 196 54
DEP 35 -248 80 207 NC NC
DnBP 10 —432 57 294  NC NC
DnBP 25  —4.28 52 323 178 7.3
DnBP 35  -470 130 153 NC NC
DnH()P 10  -555 75 222 NC NC
DnH(P 25  -581 110 159 166 88
DnH(E)P 35  -595 128 137  NC NC
DEHP 2 735 33 543 45 98

aDEP = di-ethyl, DnBP = di-n-butyl, DnH(6)P = di-n-hexyl, DEHP
= di-2-ethyl-hexyl.

b X = The unimeric solubility given in molar fractions.

¢NC = not calculated.

increasing temperature. Furthermore, the change in the stan-
dard Gibbs free energy (AG®) for the dissolution of the phthal-
ates from pure liquid to the agueous phase is calculated from
the molar fraction of phthalates in the saturated solution
) by AG® = —RT In X, assuming an activity coefficient
that is equal to unity. The temperature dependence of the sol-
ubility and, thus, of AG® allows the determination of AS’. The
change in entropy on dissolution is evaluated through the par-
tial derivative of AG® with respect to temperature. Knowing
AG® at the three experimental temperatures and AS’, the stan-
dard enthalpy (AH°) is easily obtained as AH° = AG® + TAS.
Values of TAS at 25°C and of AH® are summarized in Table
1. As shown, the AG® values are positive, and the magnitudes
increase with increasing temperature. The entropy and en-
thalpy contributions to AG® are large and negative for al the
phthalates. A one-tailed F-test (p = 0.05) demonstrated that
the observed variation in solubility with temperature was sig-
nificant compared with the variation on repeated measurements
at each experimental temperature.

DISCUSSION

Surface activity and adsorption of phthalates

The phthalates studied reduced the measured air—solution
surface tension from the value of 71.9 pJ/m? at 25°C for water
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Fig. 3. The surface tension of di-ethyl phthalate (DEP) as function of
concentration in bulk water at 10°C (@) and at 35°C (O).
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(vo)- The difference between the surface tension of water and
a saturated phthalate solution (w*) decreases with increasing
akyl chain length, as seen in Table 2. Changes in surface
excess concentration, and in area occupied per moleculein the
surface, at C are observed with temperature when looking
separately at the data for DER, DnBR, and DnH(6)P, as shown
in Table 2. The surface excess concentration at Cs& increases
with decreasing aqueous solubility. The increase in surface
excess concentration corresponds to closer packing of solutes
present in the surface (i.e., the surface area occupied per mol-
ecule in the surface decreases) [18].

When comparing the data between different phthal ates, the
surface pressure, asgiven at 25°C for DEP, DnBP, and DnH(6)P
and at 22°C for DEHP, decreases with increasing alkyl chain
length. This reflects a decrease in surface excess concentration
at C2 for the high-molecular-weight phthalates. The insignif-
icant lowering of the surface tension by DEHP might partly
result from the branching in the alkyl chain, which is not
present in the lower-molecular-weight phthalates included in
the study. According to Traube's rule [15], the ratio of the
concentration at the surface layer to that in the bulk medium,
expressed as ws/x3, increases approximately threefold for
each CH, group added to the akyl chain of a homologous
series. In going from DEP to DnH(6)R, an increase of eight
CH, groups occurs in total. From DnH(6)P to DEHP, an ad-
ditional increase of two CH, and two CH; groups occurs. Ne-
glecting the possible effect of the branching of DEHP, we
would expect the ratio of the surface to the bulk concentration
of the phthalates to increase by a factor of 32 when going
from DEP to DEHP. The surface to bulk concentration ratio
increases by a log factor of approximately 4.5, as shown in
Table 2, which is less than the expected value of 5.7 according
to Traube's rule [15]. This might very well result from the
branching of DEHPR, because the effect of alkyl folding for the
solubility of high-molecular-weight phthalates has been esti-
mated to involve a significant increase in unimeric solubility
[14]. The increase in the surface to bulk ratio has been ob-
served for other homologous series with different polar groups
[15], and these results suggest that migration to the surface
results from a low affinity between hydrocarbons and water
(i.e., hydrophobic effects). Furthermore, if the attraction be-
tween the hydrocarbon chains in the bulk phase was important
for migration to the surface, the process would show coop-
erativity at low solute concentrations, and the bulk and surface
concentrations would not be linearly related [15].

Despite the absolute lower surface coverage, expressed as
the surface area occupied per molecul e at the surface, of DEHP
compared with DER, the relative affinity for adsorption at the
surface increases significantly with increasing akyl chain
length. The numbersin Table 2 refer to a saturated bulk phase.
At aconcentration of 0.017 mg/L (i.e., the solubility of DEHP),
none of the lower-molecular-weight phthalates would be pre-
sent at the surface to any significant degree (compare with the
concentration rangesin Fig. 2). Theincrease in surface to bulk
concentration ratiosis further supported by the cal cul ated stan-
dard free energy of adsorption at infinite dilution, as shown
in Table 3.

Theaverage A p.° for the adsorption of one methylene group
from dilute agqueous solution is —2.43 kJmol according to
Aveyard et a. [19]. However, they found a slightly smaller
value for diesters, which was explained by a modification of
the hydration energy close to the polar ester group. In Table
3, we compare the increment in the calculated standard free
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Table 3. Measured and calculated standard free energies of phthalate
absorption at the air-water interface

Compound DEP DnBP DnH(6)P DEHP

A (kJmol) (experimental) —34.1 —442 532 -60.8
A e’ (kJmol) (predicted)® -341 —-438 -539 -630

aDEP = di-ethyl, DnBP = di-n-butyl, DnH(6)P = di-n-hexyl, DEHP
= di-2-ethyl-hexyl.
b Predicted assuming —2.43 kJ/mol per CH, group [19].

energy of adsorption with the predicted value of —2.43 kJ/
mol for each methylene group compared with DEP as astarting
point. The increment in A u° corresponds closely with an in-
crease of four methylene groups when going from DEP to
DnH(6)P. This increment has been argued to reflect a flat ori-
entation of the alkyl chains, parallel to the surface at infinite
dilution [19]. However, the low area occupied per molecule at
the surface at Cs, as shown in Table 2, compaged with a
calculated [21] surface area of approximately 374 A2 for DEP
to 787 A2 for DEHPR, supports an orthogonal-to-the-surface
orientation for all the phthalates at bulk saturation, as illus-
trated in Figure 1. For DEHR, the experimentally determined
increase in A u° is slightly lower, suggesting that branching
of the alkyl chain is reducing the solvent-accessible surface
area.

Standard free energy of dissolution

The calculated AG®, AH®, and TAS’ values (expressed as
kJmol) at 25°C for DEP, DnBP, and DnH(6)P have been lin-
early related to the number of C atoms in the alkyl chains (nc)
of the phthalates:

AG® = 24nc + 143  AH° = —1.9n; — 5.0

TAS = —43n; — 194

If the model of dissolution of unimeric phthal ate molecules
from the oily phthalate phase (P* = P,,) is correct, we would
expect the slope of the AG® — n. relationship to correspond
with the Gibbs free energy change when a methylene group
is transferred from the organic phthal ate phase into water. The
intercept would correspond with the AG® for transferring the
phthalic acid part of the solute from the organic phase into
the water phase. For aliphatic hydrocarbons, Tanford [15] gives
a value of 3.4 kJ/mol for the dissolution of one methylene
group from bulk liquid hydrocarbon into bulk water, which
should be compared with the value of 2.4 kJ/mol found in the
present study. Overall, the solubility is favored by the negative
enthalpic contribution but is controlled by the increasing and
dominating negative entropy contribution because of hydro-
phobic effects [15].

Comparison with other methods for estimating unimeric
solubilities of phthalates

The solubility (log C&) decreases with increasing alkyl
chain length, and the measured solubilities are in agreement
with results of earlier quantitative structure-activity relation-
ship studies on the phthalates [7,8]. The UNIFAC-calculated
solubility of DEHP at 25°C is 0.0092 mg/L, which isin good
agreement with the measured [7] solubility of 0.017 mg/L in
this study.

The surface tension method shows a linear decrease in sol-
ubility up to Cg phthalates. Hence, this method appears to be
superior to conventional shake-flask methods followed by cen-

Environ. Toxicol. Chem. 20, 2001 131

trifugation [4,9,12]. The latter obviously obscures measure-
ment of the true solubility because of the inability to differ-
entiate between true solutions and dispersions. The limitations
of the shake-flask method followed by centrifugation liein the
very similar densities of phthalates and water, which make a
macroscopic phase separation virtually impossible. Thus, the
results obtained with this method are a function of the effec-
tiveness of the centrifugation (i.e., the time range and revo-
lutions per minute) [4,9,12].

The limitations of the turbidity approach [6] lie in its de-
pendence on cooperativity of the cluster formation within the
bulk phase. Thus, the high solubility of DEHP found by use
of the turbidity method could indicate low cooperativity of the
aggregation process of DEHP within the bulk phase and, there-
by, a reduced ability to scatter light at low aggregation num-
bers.

The limitations of the surface tension method lie in the low
surface activity of the high-molecular-weight phthalates. The
resolution or accuracy of our tension measurement is approx-
imately 0.1 to 0.2 mJ/m?, and the temperature precision is
+1°C. The resolution of this type of method can be increased
to 1 pJm? and the temperature constancy to =0.1°C. An im-
provement in the sensitivity and accuracy of the method might
make it possible to measure the solubilities of phthalates with
more than six carbons in the alkyl chain.

Even the high relative standard deviation of the measured
solubility for DEHP does not explain the difference between
the measured solubilities for DEHP in this study, which are
in agreement with the UNIFA C-calculated solubilities[7], and
the results obtained by Letinksi et al. [14]. The reason for the
lower solubility found by Letinksi et al. may partly be the
experimental procedure of the slow-stirring methods. The
long-chain phthalates in particular have high affinities for ad-
sorption at interfaces of laboratory equipment, and increasing
the preprocessing of the sample may reduce the recovery sig-
nificantly [22—24]. Furthermore, because the affinity for sorp-
tion at interfaces varies significantly between different phthal-
ates and as function of bulk concentration, the quantified re-
coveries obtained by use of internal standard may beinaccurate
[13].

Impacts on the environment

That phthalates with more than six carbon atoms in their
ester chains apparently exhibit much lower unimeric solubil-
ities in pure water than previously argued may have some
pronounced effects regarding the environmental fate of these
compounds in natural waters. At environmental concentration
levels [11,25], the adsorption of DEHP at air—water interfaces
can be expected to be most significant when compared with
that of the lower-molecular-weight phthal ates. Because surface
excess concentration increases with increasing temperature, in
contrast to the corresponding water solubility, we can expect
to observe asimilar, seasonal variation in natural surfacewater.
An increased presence of phthalates in surface waters [25],
partialy through adsorption in the air—-water interface, may
increase the bioconcentration in microbes feeding in surface
waters [24,26].

The inverse relationship between measured bioconcentra-
tion factors and octanol/water partitioning for the high-mo-
lecular-weight phthalates might very well result from exposure
concentration levels greater than the unimeric solubility [3].
The 24-h exposure data on DEHP in the work of Mayer [2]
confirm this. Mayer measured an increase in bioconcentration
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with increasing exposure concentration from 0.002 to 0.0081
mg/L, with the latter value being in excellent agreement with
the unimeric saturation concentration found in the present
study. When the exposure concentration is further increased,
from 0.014 to 0.062 mg/L, the bioconcentration factor de-
creases [2].

Because of the very similar densities of phthalates and wa-
ter, transport from natural surface waters most likely occurs
through adsorption to dissolved organic matter, followed by
sedimentation, or through uptake by microbes feeding on sur-
face waters, followed by turnover sedimentation of nonde-
graded phthalates. Transport through continental surface wa-
ters might differ from that expected when assessing the risk
of this class of compound based on solubilitiesin theliterature,
because the nature of an emulsion differs significantly from
the properties of a true solution. An agueous emulsion of
phthalates can be expected to behave similarly to dispersed
organic matter, because both are agueous dispersions of col-
loidal size. In the terrestrial environment, phthalates in the
form of microemulsions may, in respect to the earlier com-
parison, cause an increased potential risk for leaching of these
substances to underlying aquifers [27], because microemul-
sions are unlikely to be retained in soil to any significant extent
compared with phthalates in their unimeric form. Furthermore,
even at low concentrations, surfactants seem to alter the soil
physics, chemistry, and biology in various ways (e.g., the wet-
ability and stability of soil particles) [28].

The solubility of the phthal ates decreases significantly with
increasing temperature in the range from 10 to 35°C. Even
though the surface pressure of the phthalates decreases sig-
nificantly with an increasein the alkyl chain length, therelative
affinity for adsorption at the air—water interface increases dras-
tically for the high-molecular-weight phthalates. Compared
with common surfactants (e.g., sodium dodecyl sulfate), linear
alkylbenzenesulfonates, and nonylphenol ethoxylates, the sur-
face activities of the phthalates are less pronounced. Despite
this, they show high affinity for adsorption at air—water inter-
faces, with the standard free energy for adsorption increasing
with an increasing number of methylene groups in the alkyl
chain. The results of the increment in the standard free energy
of adsorption per methylene group, the increase in surface to
bulk ratio at C&, and the AG® — n. relationship support the
idea that migration to the surface as well as the process of
dissolution are caused solely by hydrophobic effects.
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ABSTRACT

In this case study, based on the notorious PCBs, the performance of selected empirical (EM) versus
non-empirical and quantum chemical (NEM-QC) descriptors in multivariate QSARS have been
evaluated. Theinformational content of the EM descriptors has been evaluated with respect to the
physical understandable NEM-QC descriptors. Models for estimating key parameters for risk
assessment have been developed, based on two-dimensional EM and three-dimensional NEM-QC
descriptors, respectively. In spite of the ssmplicity of the two-dimensional descriptors, no evidence
of lower predictive ability of the EM descriptors compared to the NEM-QC descriptors was
observed. Homogeneity of variance within and between experimental methods, species and PCB
congeners has been analysed, disclosing the importance for the need for handling uncertainty
aspects of the results obtained by different laboratories and methods. The latter appears crucial for

the model developments when using data from more than one source.

Key words: QSAR, solubility, partitioning, Chromatographic retention, CY P1A induction



INTRODUCTION

The empirical descriptors developed by Kier and Hall [1-10] have been used in a variety of QSAR-
studies for estimating endpoints determining the fate and effects of chemical substances within the
environment [1-4,7,10-19]. Due to the simplicity of the empirical descriptors their performancein
QSAR models have been questioned, especially due to their apparent low capacity in quantifying
changes in the electronic nature of molecules[20]. Three-dimensional descriptors, derived from
semi-empirical or ab initio geometry optimised molecular conformations, have found pronounced
use especially for estimating endpoints involving interaction with bioreceptors [20]. This approach
allows for a search for micromechanisms of interactions of the active molecule with the bioreceptor,
if the structural characteristics of the bioreceptor are known. Often, however, the nature of the
bioreceptor is unknown, and therefore the greatest task within multivariate QSARSs is to quantify
every possible variation in the structural and electronic properties of the active molecules. The
three-dimensional descriptors exhibit a higher degree of specificity toward the spatial arrangements
of atoms. In contrast to the empirical descriptors, they correspond directly to real molecular
properties, which makes it easier to gain insight and elucidate possible cause-related interactionsin
respect to an observed endpoint. The informational content of the two-dimensional empirical
descriptors, in contrast, is difficult to understand, as they do not have an intuitive physical meaning.
The present case study, based on the notorious PCBs, focuses on devel opment of models for
estimating endpoints of varying complexity. Endpoints included in this study are bulk properties, such
as solubility (IogC,™) and octanol-water partitioning (IogK o), Surface adsorption elucidated through
chromatographic retention volumes (V) [21], and enzymatic induction properties through ECs, values
on theinduction of CY P1A activity [22]. The main objective of the present study is to evaluate the
informational content and model performance, based on 1) empirical (EM) and 2) non-empirical

and quantum-chemica (NEM-QC) descriptors, respectively.



DESCRIPTORS

The three-dimensional conformations of the 209 PCB congeners have been geometry optimised by
the AM 1 semi-empirical, unrestricted Hartree-Fock method [23]. A number of the two-dimensional

empirical descriptors are calculated from input files incoding molecular configurations [24].

Empirical Descriptors

The empirical descriptors used comprise: simple molecular connectivity indices (MCIs), Pxo-x10, ©
Y3, "4, quantifying variations in structural characteristics[2], valence MCIs,”y o-"x " 10,%"3,"x "5
[8,10], the sum of electrotopological state indices for aromatic carbons and chlorine atoms, Sc and
Sai, quantifying information on structural and electronic properties of the molecules [6], the dy,=P"x
- Px'n for n=0to 10 as descriptors for strictly electronic properties [5-6,25] and the number of

ortho-substituted Cl atoms, as a simple descriptor for the degree of coplanarity in the CB-congeners,

respectively. The empirical descriptors are calculated using the programme Molconn-Z [24].

Non-Empirical and Quantum Chemical Descriptors

The quantum chemical descriptors used comprise energies of frontier orbitals, Eqomo and E_ymo, the
second lowest and second highest MO energies, Exnomo and EnLumo, the Debye dipole moment, the
twist-angle between the two phenyl rings, Angle, heat of formation, dHs, solvent accessible areaand
volume, Ass and V& and van der Waals molecular surface areaand volume, Ayaw and Vyaw,
respectively. The quantum chemical descriptors are obtained from optimisations run by the
commercia software HyperChem [23]. The solvent accessible area and volume, and van der Waals

molecular surface area and volume, were calculated by ChemPlus included in HyperChem [23].



INFORMATIONAL CONTENTS OF THE EM AND QC-NEM X-MATRICES

The capability of the EM and the NEM-QM descriptors in quantifying variationsin structural and
electronic properties of the 209 PCB congeners are evaluated through principal component analysis
(PCA). The main objective isto investigate the informationa content of the empirical descriptors

in reference to the physically interpretable NEM-QC descriptors. Results are shown in Figure 1.

Asillustrated in Figure 1, there are several similarities between the PC-analysis based on the EM
and NEM-QC descriptors, respectively. The projection of the descriptors onto the 2-dimensional
space spanned by PC1 and PC2 captures 75 % and 7% of the original variance of the EM
descriptors, and 77 % and 9 % of the original variance of the NEM-QC descriptors. Both the EM
and the NEM-QC descriptors contain class variables grouping the PCBs into clusters of different
degree of Cl-substitution. This can be seen from the score plots of PCBs described by the EM
descriptors (Figurel, A1), and NEM-QC descriptors (Figurel, B1). Class variables are descriptors
which groups the chemical structuresinto clusters, and is normally used for classification of
chemicals into group-memberships before further analysis. However, the objective of thisstudy is
to model fate and effect related parameters for of al 209 PCBs in the same model, and for this
reason it is of outmost importance to obtain an optimal homogeneous span of the PC-space. The

latter is obtained by identifying and excluding class variables from the X-matrix.

PCA based on the NEM-QC Descriptors

For the NEM-QC descriptors the class variables are the molecular orbital energy descriptors
(EHOMO, ELUMO, Ennomo and ENLUMO) which show insi gnificant withi n-group variance Compared to
between-group variance. By eliminating these descriptors, the PC-space gets more homogeneously
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spanned with less grouping as shown in Figure 2.

A homogeneous span of the PC-plane isobtained by excluding the most significant class variables.
The van der Waals surface and volume descriptors are excluded to reduce groupings according to

increasing number of Cl-substituents. The twist-angle, which is restricting the overlap between
the pi-orbital clouds of the two aromatic ring systems, adopt values of close to 40° for non-ortho

substituted PCB, close to 60° for mono-ortho substituted PCB and close to 90° for di, tri and tetra-
ortho substituted PCB. There is no significant correlation between the Angle, and the remaining
descriptors, i.e. the dipole moment, dH,, E_, A, and V_,,, and accordingly this descriptor reduces

score-groupings in the plane spanned by PC1 and PC2.

The explained variance in horizontal direction, PC1, is 72 %, while the explained variance of PC2 is
17 %. The significance of the dipole moment is reflected in the score plot (upper plot, Figure 2).

All the symmetrically substituted chlorinated biphenyl (CB) congeners have high negative scoresin
PC2, i.e. CB15, CB54, CB80, CB153, CB155, CB169, and CB209. The dipole moment increases
with increasing PC2 score value, and in the top of the score plot CB125, with the highest dipole
moment is placed. From left to right in horizontal direction the surface are and volume isincreasing
with increasing number of Cl-substituents. Last the twist-angle isincreasing from the fourth to the
second quadrant in overlapping areas parallel to the full-drawn bold line shown in the score plot

(upper plot, Figure 2).

PCA based on the EM Descriptors

First step was to exclude all “degree of Cl-substitution” class variable from the data set. These are
Seir Se, Pxo,Px Vo, Ao, Py Px V1, P2, and Py, Second step was to exclude variables with insignificant
within group variance (6% < 0.6), and, thirdly, we excluded variables with insignificant variance
when grouped by “number of ortho-Cl substituents’. By this approach, analogue to the optimisation

6



process of the physical interpretable NEM-QC descriptors, the result of the PC analysis developed

as shown in Figure 3.

The explained variance in horizontal direction, PC1, is 74 %, whereas the explained variance of
PC2, on the abscissa, is 11 %. Thus, atotal explained variance of 85 % compared to 89 % for the
NEM-QM descriptorsin Figure 2. The twist-angle, which in the EM space, is described by the
number of ortho Cl-substituents, orthoCly, isincreasing when going from the second to the fourth
quadrant. The empirical descriptor dy1 seemsto be reflecting the MO-energy levels to some extent,
the Pearson correlations varying between 0.63 and 0.92. The dy,, with highest loading in PC2, does
to aminor extent reflect the variation in dipole moment, however low inverse correlations between
+0.3 and +0.4 exists. The groupings in scores have been minimised, allowing for PLS regression

without splitting into submodels according to group-memberships.

ANALYSIS OF VARIANCE

Both in traditional regression analysis and in multivariate projection methods the quality of
experimental data used in model calibration are very important. Results on different endpoints vary
between laboratories, as well as between methods used for obtaining the result. Most of the results
included in the logC,,™ data set are measured by are shake-flask methods with UV and GC/ECD
detection, generator column coupled with HPLC-UV detection, and slow-stirring methods [26].
Our data includes results from different methods and different laboratories, and therefore the
standard deviations are increased compared to, e.g., standard deviation levels on physical-chemical
properties of the PCBs obtained by Hansen et a. [27]. However, we need to be able to deal with
the differences in results obtained from different sources, by eliminating outlier values and ensuring
that the variation on the mean value is acceptable, i.e. low and homogeneous. For all of the 47

PCBs included in the solubility data set, the mean solubility and confidence interval (ClI) of the



mean value at 95 % confidence level was calculated. Vaues exceeding the upper or lower Cl were
excluded from the data set. The mean variance on the solubility data, which include the variance

between methods, was then calculated as

47
Z O-wilhianCB
_ h=1

O-mean—wllhin -PCB — 47 Eqn 1

where /4 is the number of PCBs, and &;,in-rcs 1S the variance of results for the individual PCBs

caculated as:

(xmethod B x)z

O \ithin-rc = 1 Eqn.2

where n is the number of measurements per PCB, x is the mean solubility for the individual PCBs,
and x,..in0q 1S the results obtained for the individual methods. The total number of measurements
equals 243.

The mean variance given in Eqn.1 should be significantly lower than the variance between the mean

values of each PCB, calculated as:

_ h=1
O-between -PCB — Eqn ' 3

where x isthe grand mean of all results. The degree of freedom, df, calculated F-value and critical

F-value at 95 % confidence level, isgivenin Table | below.



Table | shows, that the variation in solubilities between PCBs s significantly higher than the
variance between mean values. The latter variance, mainly caused by variations between methods
and laboratories, is verified as insignificant compared to the variation in solubilities between the

individual PCBs according to Table .

In addition to the above variance analysis, if the variance within each PCB (cf. Eqn.2) exceeds the
mean within variance, o;,in.pcp 1S SUbmitted to an F-test against the mean within variance (cf.

Eqgn.1) to secure a variance homogeneity of the input data. Theresultsare givenin Tablell, and in

causes where the F-value exceeds the critical F-value the PCB are left out of the data set.

The degrees of freedom for the mean within-PCB variance 242, and for each PCB n-1, wherenis
givenin Tablell. The calculated F-value exceeds the critical valuein the case of CB3, CB194 and
CB209, which are excluded from the data set.

The same kind of variance analysis was performed for the logK o.-values to insure the quality of
data before further analysis.

In the following data analysis, data was mean centred and variable weighted by the individual
standard deviation, to obtain unit variance of the individual variables before Projection into Latent

Structures (PLS) regression.

RESULTS AND DISCUSSION

Solubility and Partitioning

If the interpreted informational content of the EM descriptors versus the NEM-QC descriptors are

correct we would expect the variability in solubility between the PCBs to be described, most

c,V_ pc,V

significant by the size (®xz, "x7, "xo,Px"3, Px"7, "o, “x3) and shape (x4, "z, *x"4) descriptors, and
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secondary by the electronic property descriptors (dy"y, dy'», dy"s dy'7, dx's). Theresults of the PLS
regressions, based on the EM and NEM-QC descriptors, using the variance minimised mean

logC,™ data are shown in Figure 4.

Both models are one-component models; i.e. PC2 shown in Figure 4 does not contribute to the
estimated variance in solubility. The EM and NEM-QC models using 77 % and 79 %, respectively,
of the variance in X to explain 93 and 90 % of the variation in the solubility, respectively. The
informational contents of the EM contra NEM-QC descriptors can be evaluated qualitatively by
comparing the correlation patterns between descriptors and the solubility in plot A2 and B2, Figure
4. Ascan be seen from A2 and B2 the descriptor dy, is related to the solubility in similar manner
to the heat of formation and the total energy of the molecules. This supports the results of the PCA
analysis, that the informational content of dyi, which isindependent of the size of the molecules, is
quantifying information concerning the electronic properties of the molecules. The descriptor dy.
shows some tendency to decrease with increasing dipole moment, however the Pearson correlation
coefficient isinsignificant. Lastly the ssmple and valence chi indices incode information concerning
the structural properties of the molecules, and in analogy to the surface accessible area and volume,
these descriptors have negative loading weightsin PCL, i.e. are inversely related to the solubility.
Dipole moment descriptors are insignificant in explaining the variability in solubilitiesin respect to
the size and total energy descriptors for both models.

The score and loading plots of the models for estimating logK,, are shown in Figure 5.

The correlation patterns between descriptors and octanol-water partitioning, logK oy, are reversed
compared to the solubility models as expected. The partitioning increases with increasing size, and
decreases with increasing energy of the frontier orbitals, the latter being expressed through dy; in

the empirical model.
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The insignificance of dyin reflecting the dipole isrevealed by, e.g. the high score of CB116in
Figure 5, Al. In general the significance of the dipole moment is unexpected low. The explanation
isto be found in the degree of coplanarity, Angle, strongly influencing the effective charge
delocalization between the two aromatic rings, i.e. the dipole moment is describing variations

within classes which is suppressed in the modelsincluding all 209 PCBs.

Chromatographic Retention

The modelling of retention volumes by adsorption of selected non-ortho substituted CB-congeners
resulted in the lowest calibration (r?) and validation (q?) correlation coefficients, and highest,
RMSEP, root mean sgquare error of predictions. The influence of the dipole moment and Angleis
increased compared to the models of bulk properties. Vg increases with increasing polarity and

decreases with increasing twist-angle between the biphenyl rings.

The EM model is athree component model (cf. Table I1l) using atotal of 89 % X variancein
explaining 90 % of the variation in retention volumes. The explained X and Y variance in the NEM-
QC model was improved by including the descriptor Angle, the number of principal components
included increasing from one to three. The X variance increased from 76 % to 100 % and the
explained variance in V. increased from 59 % to 89 %. Furthermore, the RM SEP was decreased by
including two more PC’s (cf. TableIll). Theincreasein principal components indicates an increase
in complexity of the endpoint compared to the bulk properties 10gC,™ andlogK . Increased model
performance by including the twist-angle descriptor is not surprising since the interaction with the
solid phaseis strongly influence by the planarity of the CB-congeners.

Asshown in plots B1 and B2, Figure 6, the retention by the adsorbent is strongly related to the twist
angle between the two phenyls. The explained variance by PC2 is significant in both of the models,

i.e., 46 % Y variance in the EM model and 23 % Y variance in the NEM-QC model. The inverse
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relation between dipole moment and dy is strong and verified by the score plot, i.e. the
symmetrically substituted CB-congeners having high negative score vauesin PC2, while the CB-
congeners with highest dipole moment have high positive score valuesin PC2. The higher
significance of PC2 in the EM model relative to the NEM-QC model is to be found in the ability of

the MCI descriptors to incode information concerning substitution patterns of the PCBs.

CYP1A Induction

The toxicity of the PCB congeners has been shown to depend on the substitution patterns, the
more toxic PCB congeners being the non-ortho substituted coplanar CB congeners [22]. The X-
space turned out to be best explained by including all of the original variables in both models.
This is due to the small and equal number of CB-congeners from each class, which leaves the X-
space homogeneously spanned as shown in Figure 7, Al and B1. The data set consists of three
tetra-, three penta-, two hexa- and one hepta-substituted PCBs, and the results of the PLS

regressions are shown in Figure 7 below.

The X-loadingsin PC1 and PC2 (61 % and 30 %, respectively) for the EM model, are used to
explain atotal of 93 % variance in EC50. For the NEM-QC model 79 % and 14 % are used to
explain atotal of 94 % variance in EC50. As seen from Figure 7 the twist-angle is the most
significant descriptor as expected, and again the structural M CI descriptors show high specificity in

describing differences in substitution patterns.

SUMMARY AND CONCLUSIONS

All of the multivariate data analysisin this study was performed by use of Unscrambler and Systat

[28,29]. A summary of the performance of the individual modelsisgivenin Tablelll.

12



The study has revealed the significance and informational contents of the empirical descriptors.
Despite the simplicity of the empirical descriptors, they do seem to incode information’s
concerning the electronic properties of the PCBs. Furthermore the ability to quantify substitution
patterns seems to be significantly contribution in explaining endpoint which include complex
interactions such as surface adsorption and enzyme induction processes. From models included in
this study (cf. Table I11) no indication of decreased model performance due to the simplicity of the

empirical descriptors is observed.
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Table I Variances within and between individual PCB solubility data.

Type o (type) df  (dfl,df2) F-ratio F-critical
mean variance within each PCB, 0.2 242 (46, 242) 8.0 16
Egn.1

variance between mean PCB’s, 17 46

Egn.3

df-degrees of freedom
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Table II Variancesin solubility data found in the literature.

PCB logC,*" o F-value Fjcq 1
biphenyl 0940 0.09 043 12
CB1 0693 0.00 0.2 4
CB2 0258 0.04 0.9 4
CB3 -0.324 062 291 254 10
CB4 -0174 038 1.80 277 8
CB5 -0.046 0.02 0.10 7
CB8 -0330 023 107 476 3
CB9 -0.090 015 0.72 6
CB10 0103 007 0.34 4
CB15 -1234 001 0.06 11
CB18 -1.013 030 140 254 10
CB26 -0.665 0.01 0.04 2
CB28 -0.831 004 017 10
CB29 -0.877 002 008 6
CB30 -0.648 0.00 0.02 4
CB31 -1.043 001 003 3
CB40 -1547 006 0.26 3
CB44 -1103 007 035 4
CB47 -1220 001 0.2 2
CB52 -1.482 006 0.29 13
CB53 -1413 051 240 315 6
CB60 -1.406 0.01 0.06 5
CB61 -1776 002 0.08 10
CB66 -1.550 0.12 0.5 6
CB77 -2707 094 443 315 6
CB80 -3075 0.05 0.26 2
CB8 -1.903 011 0.50 7
CB87 -1.964 0.09 043 5
CB88 -1.913 0.00 0.00 4
CB95 -1.773 0.03 0.12 3
CB99 -2195 011 052 2
CB100 -2.055 0.02 0.08 2
CB101 -2111 022 1.05 232 12
CB116 -2.187 0.07 0.35 6
CB128 -3.095 0.12 058 6
CB129 -2.720 0.8 0.87 3
CB134 -2565 045 212 6.82 2
CB136 -2523 0.17 0.82 3
CB153 -2.677 023 1.07 6
CB155 -2938 0.11 053 5
CB171 -2.670 023 1.06 476 3
CB185 -3.325 0.00 0.00 2
CB194 -3085 079 371 393 4
CB202 -3426 0.14 0.65 5
CB206 -4.255 0.12 0.7 4
CB208 -4.490 0.13 059 2
CB209 -4235 262 1230 282 4
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Table III Mode performance parameters.

NEM-QC models EM models

Endpoints n nPCs ¢ ¥  RMSEP nPCs ¢ r  RMSEP
logCy™ 42 1 095 097 0311 1 096 096 0.364
|0gK ow 4 1 093 094 0405 3 095 096 0274
Vi 16 1 079 067 11523 3 087 095 9.143
V2 16 3 083 094 8683

EC50EROD® 19 3 088 099 1821 2 085 096 1.824
EC50MROD 20 2 098 099 0524 2 097 099 0.946

#The descriptor Angle included

PClass specific descriptors included
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FIGURE CAPTIONS

Figure 1 Score and loading plots represented by, on the ordinates, the first principal components
(PC1’s), and, on the abscissa’s, the second principal components (PC2's). Al : the PCB scores, and
A2: theloadings of original EM-descriptors. B1: the PCB scores and B2: the loadings of original
NEM-QC descriptors. The score plots, A1 and B1, where the individual CB congeners are denoted
by the number of ortho-substituted Cl-atoms on the two phenyl-rings, shows that variation in the
degree of ortho-substitutions vary, to some extent, independent of the total number of Cl-atoms
within the biphenyls as quantified by PC2. The within group variation in the number of ortho-
substituted Cl-atomsis quantified in PC2 by the total number of ortho-substituted Cl-atoms,
ortoCltot, in the empirical model (A2). In the NEM-QC model the change in dipole moment is the
most significant descriptor in PC2, i.e. the total substitution pattern of the biphenyl is more

pronounced in describing the variations in electronic properties than the twist-angle in PC2.

Figure 2 Score plot of the 209 PCB’s, and loading plot of the NEM-QC descriptors excluding the

most significant class variables.

Figure 3 Score of the 209 PCB’s and loading plot of EM descriptors excluding class variables.

Figure 4 Bi-plots showing the score and X-loading weights in the EM-model (A1) and the NEM-
QC-mode (B1), respectively. Plotsof X-loading weights with respect to the Y -loading for the EM

descriptors and NEM-QC descriptors as shown in A2 and B2, respectively.

Figure 5 Bi-plots showing the score and X-loading weights in the EM-model (A1) and the NEM-
QC-mode (B1), respectively. Plotsof X-loading weights with respect to the Y -loading for the EM

descriptors and NEM-QC descriptors as shown in A2 and B2, respectively.
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Figure 6 Bi-plots showing the score and X-loading weights in the EM-model (A1) and the NEM-
QC-mode (B1), respectively. Plotsof X-loading weights with respect to the Y -loading for the EM

descriptors and NEM-QC descriptors as shown in A2 and B2, respectively.

Figure 7 Bi-plot showing the score and X-loading weights in the EM-model (A1) and the NEM-
QC-mode (B1), respectively. Plot of X-loading weightsin respect to the Y-loading for the EM

descriptors (A2), and N (42), and NEM-QC descriptors (B2).
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Paper 11l. EVALUATION OF EMPIRICAL VERSUS NON-EMPIRICAL DESCRIPTORS,FIGURE 1

PC2 Scores PC2 \X-loadings
dx10
Al 0.4 A2
» w Kz Y o X10
N (2] m m fas)
10 8 £ m (@] O O m o dx2 ax8
o) (@) Q & & & ((é m o 10
i .
5 5 = g 3 é el % ) 2] X6
£ 10 2 § 3 (@] 8 X7 yve
90 5008 A ) o & x
% L) 3% S § dxo %o
3 01 et dXx1
0+ Th T O Y S€, d
2 Scl .
e dxaRVSC4
axkv4
0.2+ X¥s
10
oy ortoCltot oy
T T T T T T T T
-10 5 0 5 10 15 -0.4 0.2 0 0.2 0.4
FigureLNEM, X-expl: 75%,7% FigureLNEM, X-expl: 75%,7%
[2)
PC2 S N PC2 X-loadings
cg;’es m » " 1.04 [e]
m %8 om B1 oip B2
» 8 O %)
59 \U) 7] m (®) e (B O N on
- O & 1B § &8 g
: @] = o) s £ & & O
(o] - + T = &
c S " k3] 0.5
o o) 8
ol E 22 c
: el Angl
% 2211 ngle
2 00 g-éo 221 22
Yoo i
0+ NFHOMO
5 NLUMO S
pct 057 pCt
T T T T T T T T T T
-10 5 0 5 -0.4 0.2 0 0.2 0.4 06 038 1.0

FigureINEMQC, X-expl: 77%,9%

FigureINEMQC, X-expl: 77%,9%

22



Paper 11l. EVALUATION OF EMPIRICAL VERSUS NON-EMPIRICAL DESCRIPTORS,FIGURE 2
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Paper 11l. EVALUATION OF EMPIRICAL VERSUS NON-EMPIRICAL DESCRIPTORS,FIGURE 3
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Paper 11l. EVALUATION OF EMPIRICAL VERSUS NON-EMPIRICAL DESCRIPTORS,FIGURE 4
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Abstract

The inherent chemical properties of eight different dissolved organic matters (DOMS)
originating from soil, surface- and groundwater have been analysed. The samples consist of
isolated fulvic acids (FA), humic acids (HA), and humic substances (HS), i.e. natural mixtures
containing a humic and a fulvic fraction. The humic substances have been characterised by
elemental analysis (EA), size exclusion chromatography (SEC), E2/E3 and E4/E6 UV
absorption ratios, and liquid-state *C-NMR spectroscopy. The information contents of the
different analytical methods have been investigated by pattern recognition, i.e. cluster analysis
(CA) and principal component analysis (PCA). A comparative study of the information
contents of DOM descriptors derived from different analytical methods is presented. Through
extraction of information content of the individual analytical methods the inherent properties
of DOM are quantified. Pattern recognition reveal ed significant quantitative differencesin the
inherent properties of DOM of different origin and type. PCA based on the NMR descriptors
showed highest explained variance. However, all models showed low robustness due to the
limited number of samples. The supervised pattern recognition indicates a classification of

DOMs into groups of similar properties by an increase in the number of samples.

Keywords: Dissolved Organic Matter (DOM); UV-VIS; liquid-state **C-NMR spectroscopy
(NMR); Size Excluson Chromatography (SEC); Elemental Analysis (EA); Principal

Component Analysis (PCA), Cluster Analysis (CA).



1. Introduction

Humic materials of different origin constitute a heterogeneous group of macromolecules with
varying sorption capacity towards pollutants. The dissolved fraction of humic materias, i.e.
dissolved organic matter (DOM), therefore affects the fate, and hence the exposure and
potential effects, of pollutants to a varying degree. DOM is the major organic constituent in
natural waterbodies (Holmstrom et al., 2000; Ran et al., 2000) and its presence in agueous
bulk phases of environmental compartments allows for third-phase effects (Kalbitz et al.,
2000; Periago et al., 2000; Shen, 1999) or colloid-mediated transport of pollutants to occur.
Impacts of the presence of DOM may be increased apparent solubility of pollutants of low
polarity and thereby increased transport through the aquatic compartment. Another exampleis
vertical colloid-mediated transport by binding to mobile fraction of organic matter, DOM,
within the terrestrial compartment (Kaiser et al., 2000).

The equilibrium partitioning of hydrophobic organic pollutants between natural organic
matter and an agqueous bulk phase have traditionally been estimated by the use of simple
linear logK,.-10gK,,, regression models using the octanolic phase as a model phase for natural
organic matter (EC, 1996). The chemical domain of logK,.-logK,, regression models is
limited to simple hydrophobic pollutants for which the partitioning is driven mainly by the
hydrophobic effect. However, for more complex organic pollutants, where specific
interactions between the pollutant and the sorbent phase are pronounced, the electronic and
structural characteristics of the sorbent, eg. DOM, affects the equilibrium partitioning
coefficients. In the latter case a quantification of the inherent properties of organic sorbent
phase is needed to gain knowledge about organic sorbent properties parameters influencing
the sorption capacity towards different pollutants.

Several studies focussing on the characterisation of structural properties of natural organic

matter exist (Artinger et al., 1999; Ran et a., 2000; Zsolnay et a., 1999). However, a simple



guantitative description of the nature and diversity of DOM is missing. Furthermore, thereis a
need for an evaluation and harmonisation of the large number of characterisation
methodologies in order to obtain simple and consistent methods for classification (Artinger et
al., 1999; Daviset a., 1999) and quantification of the inherent properties of humic materials.

The objective of the present study is, by use of classica characterisation methodologies
(Artinger et a., 1999; Hautala et a., 2000; Schulten, 1996; Steelink, 1985), to extract and
evauate relevant information for characterising the similarities and dissimilarities in the
inherent properties of DOMSs of different origin. The explanatory capability of descriptors,
based on NMR, UV, SEC and EA data, for quantifying inherent properties DOMs are
evaluated. Focus will be on the mobile, non-fixed, organic matter, i.e. DOM originating from
soil pore water, as well as organic matter extracted from surface and groundwater. In spite of
the relatively low number of samples, and varying uncertainties in experimental data, the
present study presents an approach of how to explore and quantify the inherent properties of

DOM.

2. Materials and methods

2.1 Humic substances

The origin of the individual humic substances included in the present study is given in Table

1.

2.2 Methods

2.2.1 Liquid-state >C-NMR



Liquid-state *C-NMR spectra were recorded in 0.5 M NaOD (50 mg in 0.5 ml) on a Bruker
250 MHz instrument. Spectral width set to 17 kHz, and pulse width 3.5 ps (45°). No NOE
build up during the waiting period. Typically 70000 FIDs were collected. A line broadening
of 80 Hz was applied. The spectra were referenced to external TMS.

The spectra were divided into the following regions, here given as averages of all spectra: 3(x
6)-52(+x9) ppm, un-substituted aliphatic C (4lkHC); 55(x10)-91(x7) ppm, N-alkyl and
methoxy C including a maor fraction of carbohydrates (A/kO); 94(x8)-146(+8) ppm, un-
substituted aromatic C (4rHC); 145(£5)-165(x6) ppm, aromatic O-substituted C (4r0); 165(x
6)-188(x2) ppm, carboxylic and ester C (COO); 190(x3)-214(+4), C atoms of quinonic and
ketonic groups (CO). Variation in chemical shift regions is partly due to the complexity and
heterogeneous nature of DOM, and partly because of the presence of paramagnetic inorganic
species, which may affect both the width and shape of each peak (cf. section 3.1). The regions
were integrated and the relative carbon content of each area was calculated. Peak widths were
measured. *C-NMR was not performed on water pond HS due to limited amount of sample,
nor on Aldrich HA (Na’) due to the presence of inorganic impurities consisting mainly of

Fe**, which prevents observation.

2.2.2 Size exclusion chromatography (SEC)

SEC was performed on solutions of the humic substances with a concentration 300 mg/l at pH
8.3 using a Sephadex® G-50 Medium gel (Code No. 17-0043-01 Pharmacia Biotech AB).
The diameter of the column used was 13 mm, the height of gel 12 cm, and the flow rate was
approximately 15 ml/h. The SEC elution profiles were monitored by UV absorbance at 400

nm.

2.2.3 UV-VIS spectroscopy and elemental analysis (EA)



UV-VIS spectroscopy of the solutions of humic substances was carried out using a Cary 50
UV-Visible Spectrophotometer. Concentrations of each humic substance solution were
determined at 400 nm. UV-VIS spectra of the humic substances were recorded from 700 to
200 nm. The E2/E3 ratio (the absorbance at 250 nm divided by the absorbance at 365 nm) and
the E4/E6 ratio (the absorbance at 465 nm divided by the absorbance at 665 nm) were
calculated (Malcolm, 1989; Chen et al., 1977; Lassen et al., 1994). The absorptivity at 272 nm
is used as descriptor quantifying the aromaticity of the samples.

EA of the humic substances was done on an EA 1110 CHNS analyser, using 5 mg of dry

sample per measurement.

2.2.4 Cluster Analysis (CA)

CA was performed separately on SEC, UV and NMR data and compared to CA based on all
data. In the CA based on all data, the descriptor variables were block-standardised by range
prior to CA, to avoid any effects of scale of units on the distance measurements. Similarities-
dissmilarities were quantified through Euclidean distance measurements, the distance

between two objects (humic materials), i and j, is given as (Everitt, 1993):

d, = ;(x,-k —x,)° D)

where d, denotes the Euclidean distance, x; and x;; are the values of variable k for object i
and j, respectively, and m is the number of variables. The dendograms shown in Figure 3 are
based on the method of complete linkage (Everitt, 1993). The most similar objects, i; and i>,
are united in one cluster i;, and the distance, d, of this cluster to all the remaining objects

(humic samples) j is calculated as.



d(iy,, J) = O'Sdil,j + O'Sd/Z,j + O'S(dil,j - diz,j‘ 2

In the complete linkage method the distance between clusters are determined by the greatest

distance between any two objectsin different clusters.

2.2.5 Principal Component Analysis (PCA)

The main goal of PCA is a quantification of the significance of variables that explain the
observed groupings and patterns of the inherent properties of the individual DOMs. Through a
linear combination of the original property variables (measured characterisation properties) in
the data matrix X, the property space is reduced and explained by a set of principal

components (PCs). The PCA in matrix form is aleast-square model and is expressed by

X=A[F+E 3

X isthe original data matrix, F the values of the object in the projection space, and A is the
loadings of the original variables in the in hyperspace projected by the principal components
(Hoskuldsson, 1993) and E contains the residuals.

The PCs account for the maximum explainable variance of all original property parametersin

a descending order, and are non-correl ated.

PC,=a,x,+a,x,+..+a ,x 4

mntn

The loadings, a, of each original characterisation variable (x; to x,) in PC number j, reflects

the importance of variable 1 to » in describing the patterns in scores in the direction of PC).

3. Results



3.1 Liquid-state >C-NMR Spectra

In addition to the peak area the peak width is included since, e.g., the width of the chemical
shift range of O-substituted aromatic carbons depends on the substitution patterns of the
aromatic system. Hence, the width of chemical shift zone in the NMR-spectra may be just as
important as the intensity when quantifying the chemically and structurally characteristics of
humic substances. Furthermore, integrated peak areas divided by the corresponding peak
widths are included as a descriptor quantifying the shape of the individual peaks. Descriptors
based on liquid-state *C-NMR measurements are given in Table 2.

The *C NMR spectra of the humic acids (Purified Aldrich HA, Kranichsee HA and Gohy-
573-HA-(HI), the fulvic acids (DE72 and FA-surface), and humic substances (Gohy-573-
HS-(H"II) are shown in Figure 1.

The un-substituted aliphatic region (0-50 ppm), denoted 4/kHC, is more pronounced for FA-
surface compared to the remaining humic materials. Methoxy, carbohydrates mainly and N-
alkyl groups in the region of 50-90 ppm, are denoted by A/kO. As seen from the spectra
(Figure 1), Kranichsee HA has higher content of O- and/or N-substituted aliphatic carbons
than the fulvic acids DE72 and FA-surface. This is atypical in respect to the genera
expectation of higher polarity of the fulvic acids compared to humic acids.

The aromatic region, often assigned by the region 110-160 ppm consists of a down-field
signal region assigned to O-substituted aromatic substructures (4r0O) (145-165 ppm), and
lesser shielded aromatic C-nuclei region (4rHC). The content of un-substituted or C-
substituted aromatics is highest for Gohy-573-HA-(H)II and Purified Aldrich HA. FA-
surface is highly aiphatic and has virtually no detectable content of O-substituted aromatics.

The fulvic acid fraction of Gohy-573-HS-(H")II, contains a significant amount of O-



substituted aromatics observed by comparing with a content of only 8 % in the isolated HA-
fraction, i.e. Gohy-573-HA-(HM)II.

Typicaly the most obvious difference between fulvic and humic acids is the large fraction of
carbohydrates (4/kO) of the former. Thisisin agreement with a high content of carbohydrates
in the fulvic acids DE72 and FA-surface compared to the humic acids Gohy-573-HA-(H™)II
and Purified Aldrich HA. Kranichsee HA originates from interstitial soil water of a raised
bog, characterised by a slow humification process, which may explain the high content of
carbohydrate or O-substituted carbons.

The content of carboxyl carbons, which include carboxylate ions, is highest for the fulvic
acids, whereas the variability and contents of carboxy groups of esters and amides are low for

al humic materials.

3.2 Size Exclusion Chromatography (SEC)

SEC was used to separate the single samples of humic substances by size. The Sephadex G50
column material has a fractionation range of 1,500-30,000 Da for globular proteins and 500-
10,000 Da for dextrans. Since humic materials are more spherical than dextrans, the
fractionation range for humic materials is possibly between dextrans and globular proteins
with a higher similarity to dextrans. No external calibration standards for fulvic acids or
humic acids were used, and the SEC results given in Figure 2 are therefore qualitative.
However, relative high and low average molecular weight (MW) fractions of each sample
were quantified by normalising to the total peak area (data given in Carlsen et a., 2000).

For humic substances and humic acids two well-separated elution peaks are observed. The
low average MW fractions are retained on the column and separated according to size
distribution. The high average MW fractions, with a molecular weight above 10,000 Da, are

eluted with the eluent front. The SECs of the fulvic acids are different. FA-surface only



displays the low MW fraction peak, whereas a minor shoulder in the high MW elution range
isobserved for DE72. The missing resolution of the two average MW fractions of DE72 may
be caused by a high degree of intermolecular hydrogen bonding network between humic
monomeric units (Conte and Piccolo, 1999), caused by the significant higher content of
carboxylic groups in DE72 compared to the other HSs.

The shape and size of the high MW elution peaks of Gohy-573-HS-(H")I1 versus Gohy-573-
HA-(H)II and Aldrich HA (Na") versus Purified Aldrich HA, reveal that the nature of the
high average MW fraction is significantly influenced both by fractionation and purification of
the humic samples. The approximate 50 % decrease in intensity of the high average MW
fraction in the Purified Aldrich HA compared to the non-purified Aldrich HA (Na"), indicates
asignificant influence of inter- and intra-molecular metal ion-DOM bindings on the structural
characteristics of the Aldrich HA (Na") (Robertson and Leckie, 1999). Aggregation of humic
materials is promoted by the presence of positive ions in the solution, and the effect is
amplified in cases where the salts contain divalent metal ions (Ragle et al., 1997; Kim et al.,
1990). The ash content of Aldrich HA (Na") is close to 10 %, with major constituent being
divalent ions such as Mg*", Fe?*, Ca®™*, and Si** (Kim et al., 1990). Therefore, an increased
amount of aggregated structures in Aldrich HA (Na"), compared to Purified Aldrich HA,
appears to be a very likely explanation for an increased intensity of the high average MW
peak of Aldrich HA (Na"). The same pattern, although |ess pronounced, is observed for Gohy-
573-HA-(H"I1 compared to Gohy-573-HS-(H)II.

Qualitative evauation of the average MW derived from the SECs are as expected: Fulvic
acids < humic substances < humic acids. As FA-surface has no high average MW elution
peak, this fulvic acid must be considered as having the lowest average MW compared to the
other humic samples. The missing high MW peak for FA-surface is supported by the NMR

results, as these show high aiphaticity, high acidity and insignificant amounts of aromatic
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sub-units, e.g. leading to increased flexibility and thereby curling-up of the macromolecular

colloids (Tombéacz, 1999).

3.3 UV-VIS and EA data

The EA data are based on conventional C, H, N- analysis (the content of oxygen is found as
the difference from 100 % even in cases in which ash is present) (Steelink, 1985). Due to
significant ash content of some samples EA data was not included in the pattern recognition
analysis (cf. section 4). Elemental analysis and the UV -spectroscopic data are given in Table
3.

Generdly, the E4/Es ratio is expected to decrease with increasing MW and content of
condensed aromatic rings (Malcolm, 1989). In addition the ratio is expected to increase with
an increase in oxygen contents (Chen et al., 1977). The E4/Es ratios for FA-surface, Gohy-
573-HS-(H)II, Purified Aldrich HA, and Aldrich HA (Na"), are decreasing with increasing
molecular weight of the high average MW fraction, whereas the opposite is seen for the low
average MW fraction (Carlsen et a., 2000). The E4/Es measurements indicate also that the
Water pond HS sample should have the lowest MW range, which is in disagreement with the
SEC data, but high E4/Es ratio and H/C ratio are in agreement with a low aromaticity of the
Water pond HS. However, this could not be checked by NMR data, due to lack of sample

material to record the **C-NMR spectrum of the Water pond HS.

3.4CA

The ambiguity of the quantified characterisation data is reflected in Figure 3, showing the
results of analysing the similarities-dissimilarities between the humic materials based on SEC,

NMR, UV data separately and al data, respectively.
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3.4.1 CA based on NMR data

The dendogram based on NMR data (cf. Figure 3a) unites the two humic acids Purified
Aldrich HA and Gohy-573-HA-(H")II by the lowest distance. In spite of the same origin
Gohy-573-HA-(H"I1 is classified more similar to Aldrich HA (Na') than to Gohy-573-HS-
(H)II. This indicates the significant change in inherent properties by the presence of a polar
fulvic acid fraction. DE72 and Kranichsee HA have the same degree of similarity as Purified
Aldrich HA and Gohy-573-HA-(H"I1, whereas the distance between the two clusters are
significant. These four humic substances are linked together through Gohy-573-HS-(H")I1, by
asmall distance, indicating intermediate characteristics of Gohy-573-HS-(H™)II in respect to
the four sub-clustered humic substances. FA-surface is dissimilar to all humic substances,
most pronounced compared to Gohy-573-HS-(H")II. This is due to the low degree of

aromaticity and very high aliphaticity of FA-surface (cf. Table 2).

3.4.2 CA based on SEC data

The dendogram based on SEC data (cf. Figure 3b) links Gohy-573-HS-(H"II and Purified
Aldrich HA by shortest distance, i.e. indicating highest degree of similarity between these in
respect to the remaining sub-cluster humic materias. The relatively high linking distance of
FA-surface and Water pond HS indicates significant differences in inherent properties, even
though they are in the same sub-cluster. The low average MW of DE72 and Kranichsee, are

identified by the high linking distance to the remaining clustered humic materials.

3.4.3 CA based on UV data
The UV data (cf. Figure 3c) unites Water pond HS and FA-surface, Kranichsee and DE72,
respectively, in the same clusters. These cluster-groupings are similar to the results of the

SEC data. However, the degree of similarity differs markedly in the two dendograms.
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Aldrich HA (Na) is clustered together with Aldrich HA and Gohy-573-HA-(H™)II, in respect
to the content of chromophores, most similar to the latter. Similar Gohy-573-HS-(H")II show
properties most similar to DE72 and Kranichsee. This indicates that the fulvic acid fraction of
Gohy-573-HS-(H)II is significant, i.e. changes the properties significantly with respect the
isolated HA fraction (i.e. Gohy-573-HA-(H"II). This change in cluster patterns in respect to
the dendogram based on NMR data could be due to Aldrich HA (Na'*), on which no *C-NMR

spectra could be obtained.

3.4.4 CA based on all data

In spite of missing data, as well as data of varying quality, the dendogram based on all data
(cf. Figure 3d) seems reasonable, and most significantly supported by the NMR data.
Furthermore, it should be noted that none of the characterisation data results in groupings of
the two conventionally defined (cf. Table 1) fulvic acids, DE72 and FA-surface, in the same
cluster. As unsupervised pattern recognition, e.g. CA, does not reveal information concerning
the causes to observed similarities-dissimilarities, the cluster patterns can only be compared to
the conventional definition of humic acids, fulvic acids and humic substances, as defined in
Table 1. The dendograms in Figure 3, however, indicates that the inherent properties of DOM
may be more varied, than grouping according to origin and fractionation procedure.
Classification by the conventional method could therefore be inadequate. The dendograms
based on the UV and SEC data indicate a significant similarity of Water pond HS and FA-
surface as seen from Figures 3b, 3c and 3d, which indicates that the inherent properties of
Water pond HS is closest to average fulvic acids propertiesif such an average exists.

The similarity between Kranichsee HA and DE72 in all dendograms is attributed to the high
content of carbohydrates in Kranichsee HA, which indicates that the definition of “type”, i.e.
humic acid, fulvic acid and humic substance (cf. Table 1), according to extraction procedures

is insufficient. This reflects the inadequacy in the general statements of differences in
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properties of humic and fulvic acids, i.e. by high/low size, polarity, aromaticity, aiphaticity.
These general qualitative classification indices may not be valid as aquatic fulvic acids

originating from surface runoff may be aclass in between FA of aquatic origin and HA.

3.5 PCA

Figure 4 illustrates the results of a PCA model including all types of NMR variables (cf.
Table 2). The figure is a bi-plot of the two most significant variables of the projection space,
i.e. principal component number two, PC,, as function of principal component number one,
PC;. The bi-plot includes the scores of the individual humic materials and the loadings of

each original variablein PC; and PC>.

The model explains 76 % of the variance in the original X space, and illustrates the usefulness
of PCAsfor getting a simple summary of the correlation patterns of the descriptors, as well as
the overal span in characteristics of the humic materials.

In the horizontal direction, i.e. PC;, the aromaticity is decreasing from left to right, which is
seen from the large and positive loadings of the descriptors ArHC;, ArHC,,, ArHC,,,
ArHC/AIHC; and ArHC/AIkO;. In opposite direction an increase in the aliphatic content is
observed, which is seen from the large and negative loading values of the descriptors A/kO;,
AlkO,,, and AIkHC .

The vertical direction, i.e. PC,, reflects decreasing contents of ketonic and O-substituted
aromatic groups downward explained by the large and positive loadings of the descriptors
ArO;, ArOip,, Ar0O,,, CO;,, and CO;. In addition the shape and width of the peak quantifying
the content of ester groups seems significant in explaining the variation in PC, score values.
The score values of the individua humic materials indicates four grouping, i.e.

“conventional” a high aliphatic high polar group (FA-surface and DE72), a high aromaticity
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and low polarity group (Purified Aldrich HA and Gohy-573-HA-(H")II), a high aromatic and
more specific high content of O-substituted aromatics (Gohy-573-HS-(H"I1). In addition, the
score of Kranichsee HA, indicates a group of properties, intermediate to that of fulvic and
humic acids exists, i.e. significant degree of aromaticity and high polarity, distinct from
Gohy-573-HS-(H)II humic substance properties. Model performance parameters for the PCA
corresponding to Figure 4 is given in Table 4, model 2.

In Table 4 the explained variance of the individual principal components for four different
models are given in the order of descending total explained variance. Model 1 is based on
NMR integrated area (NMR;), model 2 on the NMR data given in Table 2, model 3 on NMR
and UV (NMR/UV) data and model 4 on NMR and SEC (NMR/SEC) data.

In general, the robustness of the PCAs in Table 4 are low due to limited number of humic
samples, the groupings, and high influence of e.g. FA-surface, and inevitable the presence of
variables of skewed distribution. The PCA model 1, based on the peak area integrated NMR
data is insignificant by cross-validation. This is due to the significant skewness in the
aliphaticity descriptor based on the current data set. By eliminating the Al/kHC; descriptor and
furthermore expanding the explanatory X-space by the width and area-to-width descriptors
(cf. Table 2), the robustness of model 2 isincreased noticeable. The explained variance in PC;
is slightly increased by including the absorptivity in model 3, whereas the SEC data decreases
the explained X-variance by calibration and validation due to the skewness of these variables
in analogy to model 1. On the present basis the NMR-derived descriptors including the molar
absorptivity seem to be the most well performing parameters for describing the patterns in
properties of the individual humic materials. More samples are needed to reveal the
significance of groupings, or increase homogeneity of spanning the X-space. A significant
variation in the inherent properties between humic substances of different origin, as well as

different size fractions has been quantified.
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4. Discussion

According to previous investigations, the absorptivity of humic materials increases with
increasing molecular weight, % C, degree of condensation, and ratio of aromatic C to
aliphatic C, whereas the absorptivity of fulvic acids from various sources are fairly similar
(Malcolm, 1989; Korshin et a., 1999). The abscissa of the SEC spectra in Figure 2, reflects
the relative absorbance as a function of time, and as no external standard was applied in the
study, it is not possible to quantify absolute size ranges of the two peak eluents. Furthermore,
a calculation of the absolute concentration would require known absorptivities of the two size
fractions, as the capacity for light absorbance generally differs for humic samples of different
origin according to the nature of chromophores present within the different size fractions.
Generaly, ahigh E4/E6 ratio indicate low average MW and particle size, whereas low E2/E3
indicate high degree of aromaticity (Hautala et a., 2000). However, the absorptivities and
absorbances were measured on the non-fractionated samples, and an interpretation of the
SECsis possible only by assuming equal distribution of content and type of functional groups
between the two MW fractions. In this respect, the SEC data is virtually of no use without
correcting for differences in absorptivities, and concentration determination by obtained
calibration curves of theindividual size fractions.

In spite of the above considerations, the correlation between the total area normalised low
average MW peak and the E4/Es, E /Es ratio, respectively, is —0.94 and —0.67. This is in
agreement with the general observance of increasing E4/E¢s with decreasing MW and particle
size. Furthermore, the degree of aromaticity quantified by the E,/Es ratio increases with
decreasing average MW. The relative area of the high MW peak eluent is, oppositely, positive
correlated with the E4/Eg and the Eo/E; ratio.

E4/E6 have aso been shown to increase with an increase in the oxygen content (Chen et a,

1977; Hautala et a., 2000). This aspect is again tested by simple correlation analysis, which
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shows that negative correlation between the E4/Es ratio and the descriptors ArHC;, ArHC,,,
ArHC,,, respectively, are observed, whereas a positive correl ation between the E4/Eg ratio and

the descriptors COO;,, and COO; are observed.

This study shows problem with the quality of data, i.e. the influence of impurities on the EA
data, and design of experiments, i.e. SEC-fractionation contra hole sample UV-measurements.
The ash content is the most critical parameter, i.e. obscuring the elemental composition, as
well as data derived from size exclusion chromatograms. With respect to the usual range for
the elemental composition of humic materials, strong indication of underestimated contents of
C, H, and N, most significant for % C, is observed for Gohy-573-HS-(H")II and Aldrich HA
(Na") (Steelink, 1985). As the purity of the humic material is crucial for the elemental
analysis, these data was left out of the pattern recognition analysis, due to a significant

influence from impurities.

5. Concluding remarks

In spite of inadequate spanning and homogeneity of the X-space, principal component
analysis based on liquid-state *C-NMR and to a lesser extent UV-VIS spectroscopy showed
highest specificity and capability of characterising the inherent properties in DOM. Inclusion
of the width and area-to width descriptors increased the explained variance in PC,.  Pattern
recognition in the inherent properties of DOM, indicates a continuous spectrum of properties
ranging from high to low aromaticity and degree of aliphatic content, and at the same time a
wide range of polarities, which is more specific quantified by content of O-substituted
aromatics, carbohydrates, and ester groups. The PCA analysis indicates that the inherent
properties of humic materials are more continuously distributed than a classification as fulvic

acids, humic acids or humic substances.
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A further investigation of the heterogeneity in the structural and compositional characteristics
of humic materials is needed, as thisis the basis for explaining the varying sorption capacities
crucia for the fate (exposure) and effects (bioavailability) of pollutants by the presence of

DOM.
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Figure captions

Figure 1 Liquid-state *C-NMR of six humic substances.

Figure 2 Size exclusion chromatograms of the humic substances, expressed as the relative

absorbances at 285 nm as function of retention time.

Figure 3 Results of hierarchical cluster analysis, showing dendograms of range-normalised
data a) based on the NMR data given in Table 2, b) based on SEC data, c¢) based on UV data,
and d) all data, and by use of data derived from the different characterisation methods (bottom

4), respectively.

Figure 4 Bi-plot of loadings and scores, showing PC; on the ordinate and PC, on the

abscissa. PC; explains 57 %, and PC2 29 % of the variation in X.
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Table 1 Types, names and origin of the eight humic substances included in the present study.

Type Names Origin
Fulvic acids DE72 Fulvic acid fraction, Dervent Reservoir,
Derbyshire, U.K.
FA-surface Fulvic acid fraction of surface water,

Soulaines, France

Humic acids Aldrich HA (Na") Commercial
Purified Aldrich HA
Kranichsee HA From pore water in raised bog, Kleiner
Kranichsee, Germany
Gohy-573-HA-(H)Il  Isolated humic acid fraction of dissolved
organic matter in groundwater, Gorleben,

Germany

Humic substances  Gohy-573-HS(HY)!I Dissolved organic matter in groundwater,
Gorleben, Germany
Water pond HS Dissolved organic matter from surface
water, National Environmental Research

Institute, Roskilde, Denmark

The size distribution and chemical composition of humic materials depends on the type and
origin as shown in Table 1, and are classified, by “type”, as fulvic acids (FA), humic acids
(HA) and humic substances (HS). This way of classifying humic materials is traditionaly
based on specific steps in the experimental fractionation and isolation procedures (e.g.

Malcolm, 1990).

24



Table 2 The percentage of the different fractions of chemical building blocks of the humic

substances as determined by **C-NM R-spectroscopy.

HS, Peak area": CO; CO00; ArO; ArHC; AlkO; AIKHC;
DE72 301 3147 707 2422 1304 2118
FA-surface 500 2246 000 708 1394 5152
Gohy-573-HA-(H)II 121 890 801 5268 195  27.25
Gohy-573-HS-(H")II 642 1280 1858 3947 675 1599
Kranichsee HA 176 1831 974 358 1809 1518
Purified Aldrich HA 378 1610 542 5055 455 1958
HS, Peak width®: co, C00, Ar0, ArHC, AIkO, AIKHC,
DE72 2997 2689 2301 4996 4491  40.02
FA-surface 3195 2094 000 4800 3396  58.99
Gohy-573-HA-(HY)II 2495 2499 1996 5594 2398  70.04
Gohy-573-HS-(H")II 2097 1567 2627 5698 2094 4201
Kranichsee HA 2197 2194 2294 5296 4197  39.9
Purified Aldrich HA 2201 2797 1494 5303 399 6197

HS, Peak Area/Peak width®: CO;,,  COOy,  ArOy, ArHCy, AlkOy, AlKHCjy,

DE72 0.10 117 0.31 0.48 0.29 0.53
FA-surface 0.16 0.75 0.00 0.15 041 0.87
Gohy-573-HA-(HMII 0.05 0.36 0.40 0.94 0.08 0.39
Gohy-573-HS-(H)II 0.31 0.82 0.71 0.69 0.23 0.38
Kranichsee HA 0.08 0.83 0.42 0.68 0.43 0.38

Purified Aldrich HA 0.17 0.58 0.36 0.95 0.11 0.32
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The descriptors represents quinolic and ketonic carbon atoms (CO), carboxylic and ester
carbon atoms (COO), O-substituted aromatics (4r0O), un-substituted or C-substituted
aromatics (4rHC), carbohydrate or O-substituted aliphatic carbons (4/k0O) and un-substituted
aliphatic carbons (4/kHC), respectively.

@The subscript i denotes descriptors quantified by integrated peak area.

P The subscript w denotes descriptors quantified by peak widith.

¢ The subscript i/w denotes descriptors quantified by peak area divided by peak width.
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Table 3 Elemental composition and spectroscopic data.®

Humic substances Elemental analysis UV-VIS data

%C %H %N %0 HIC (N+O)/ E4Es EJE; £272

C

Gohy-573-HS-(HO)II 3403 505 114 5948 178 135 827 330 0.016
Gohy-573-HA-(H")Il 57.32 476 177 3615 1.00 05 620 289 0.034
AldrichHA (Na") 3837 468 057 5638 146 112 556 267 0.029

Purified AldrichHA 5327 488 093 4092 1.10 059 743 248 0.039

Kranichsee HA 4934 407 160 4499 0.99 0.71 882 310 0.024

DE72 49.06 418 060 46.16 1.02 0.72 11.80 3.00 0.022

FA-surface 4876 503 114 4507 124 0.71 1097 7.92 0.007

Water pond HS 2829 483 181 65.07 2.05 178 21.32 7.04 0.004
L (mgcm)™

& Datataken from Ref. 59
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Table 4 Explained X-variance of two-component PCAs, and total explained variance, based

on NMR, UV and SEC derived descriptors

Model no., descriptors Explained variance of PC;, PC; and in total
by calibration by cross- validation
PC; PC; 2varPC.y PC, PC, 2varPC,y
1, NMR? 54 23 77 3 12 15
2, NMR 47 29 76 18 10 28
3, NMR/UV* 50 26 76 21 8 29
4, NMR/SEC 44 27 71 14 1 15

®based on peak areaintegrated NMR data (cf. Table 2), including a non-normal distributed
variables AIkHC,,

P hased on all NMR data given in Table 2, excluding non-normal distributed variables AIkHC;
and CO,,

“non-normal distributed variables, E2/E3 and E4/E6 eliminated, i.e. only one additional

descriptor, the absorptivity, are included.
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Abstract

The sorption of the pyrethroid, esfenvalerate, to the dissolved fraction of eight different
natural humic compounds has been investigated and modelled at DOM concentration levels
where equilibrium partitioning of esfenvalerate between DOM and the aqueous bulk phase
prevails. The inherent characteristics of the eight different humic materials have been used as
explanatory variables for modelling the equilibrium partitioning of esfenvalerate between bulk
water and DOM of different origin. Through this reverse QSAR approach based on by PLS-R
(Projection-into-Latent-Structure Regression) inherent sorbent properties determining for the
sorption affinity of esfenvalerate to DOM were analysed. Significant variations in equilibrium
partitioning coefficients, Kpoy, to DOM of different origin was found at DOM concentrations
of 75 and 100 ppm, respectively. The latter is a strong indication of variations in sorption
mechanisms to DOM of varying inherent properties. Groupings in the principal property space
quantifying DOMs may indicate that separate models are needed for quantifying the
equilibrium partitioning to different classes of DOM. DOMs included in this study origins

from ground water, soil pore water, and DOM of aqueous origin.

Keywords: Dissolved Organic Matter (DOM); Esfenvalerate, Reverse QSAR; equilibrium

partitioning coefficient; KDOM



1. Introduction

Environmental risk assessment of pollutants have traditionally been based solely on the
inherent properties of the individual chemical compounds, i.e. physicochemical properties
such as solubility, octanol-water partitioning, sorption and degradation rate in different media.
These physicochemical properties are used as input parameters in models for calculating the
fate, e.g. transport and distribution, of chemicals in environmental compartments air, water
and soil (EC, 1996). However the effect of binding of pollutants to a mobile fraction of
organic matter is not included in the current assessment of the fate and effects of pollutants
within the environments (EC, 1996).

The natural occurrences of DOM in surface waters, soil and sediment pore water have been
found in the range of 2-50, 10-1000 and above 100 mg C/L, respectively (Cao et al., 1999;
Caron and Suffet, 1989; Kukkonen and Oikari, 1991). The impact of dissolved organic matter,
and thereby the possibility of a third-phase effect (Lee and Kuo, 1999), may be a significant
factor in relation to the fate and effects of environmenta pollutants. Sorption to dissolved
organic matter (DOM) may significantly affect the apparent solubility and migration potential
of especially hydrophobic substances (Fauser and Thomsen, 2002). Furthermore, the presence
of dissolved organic matter reduce the bioavailability, and thereby toxicity, of pollutants in
most cases (Haitzer et a., 1998; Kukkonen and Oikari, 1991; Steinberg et al., 2000).
Experimental parameters, such as concentration of DOM, pH and ionic strength (Ghosh and
Schnitzer, 1980), contribute to the generally high uncertainty or variability in measured
equilibrium partitioning to DOM (Cousins and Makay, 2000; Staples et al., 1997). Still
partitioning coefficients are often considered unique values independent of varying inherent
properties and concentration of the organic sorbent. Thus the sorption of PAHs to DOM
increases with an increase in aromaticity of the DOM due to van der Waals interactions
between the polycyclic aromatic hydrocarbons (PAHSs) and aromatic substructures of DOM
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(Lassen and Carlsen, 1999; Nielsen et a., 1997; Perminova et a., 1999). However, for
structurally more complicated molecules such as the pesticides, including the pyrethroids, no
such clear relationship can be quantified (Oesterreich et al., 1999; Piccolo et al., 1996). The
apparent lack of simple relationships describing the organic matter partitioning coefficients
for the pyrethroids may be explained through the structural complexity of the this group of
compounds.

The main goal of this study is to analyse the explanatory significance of DOM descriptors for
estimating the sorption of esfenvalerate to different types of DOM.

Through the use of reverse QSARS, i.e. using the inherent properties of the humic substances
for quantifying the logKpoy, Of esfenvaerate, the predictability of PLS-regressions based on

different type of DOM descriptorsis evaluated.

2. Descriptors quantifying the inherent properties of DOM

Descriptors included are derived from liquid-state *C-NMR and UV-VIS spectroscopy,
respectively (data given in Thomsen et al., 2002). These descriptors, quantifies the amount
and distribution of the different functional groups within the DOMs. The aliphaticity and
aromaticity descriptors contain secondary information concerning the rigidity/flexibility of the
DOM macromolecules.

The NMR data comprises eighteen descriptors quantifying the percentage distribution of sub-
structural groups within the humic macromolecular structure. The descriptors are integrated
peak areas quantifying the content of C atoms of quinonic and ketonic groups CO,, |,
carboxylic and ester C, COOQ;, aromatic O-substituted C, Ar0;, un-substituted aromatic C,
ArHC;, N-alkyl and methoxy C including a major fraction of carbohydrates, 4/kO; and un-
substituted aliphatic C, AIkHC;. The same type of descriptors was calculated based on peak
widths, the subscript being replaced by w, and for peak areas divided by widths, the subscript
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replaced by i/w. All descriptors calculated according to the chemical shift ranges (ppm) of the
functional subgroups within the molecular structure of DOM.

The UV-VIS descriptors quantify information concerning the degree of aromaticity, average
molecular weight (MW), size and oxygen content. The E4/Eg ratio is found to increase with
decreasing average MW and increasing oxygen content, the E,/E3 ratio increases with a
decrease in aromaticity, and finally the absorptivity quantifies the aromatic Tt - Tt transitions
at 272 nm.

The selection of descriptors, included in the modelling of the sorption of esfenvalerate to
DOM of different origin, is based on a preceding evaluation of the explanatory significance of

different spectroscopic methods and elemental analysis data (Thomsen et al., 2002).

3. Equilibrium partitioning of esfenvalerat to DOM - Kpoy

The nominal concentration of the solute, esfenvalerate, was 2.57 pg/L in al measurements,
and the aqueous media of the experimental systems, were kept at constant pH, ionic strength
and temperature (Carlsen et al., 2000). As such, the only varying parameter is the change in
DOM concentration. The equilibrium constant for the process of complex formation between
esfenvalerate and DOM in an aqueous bulk phase were determined DOM concentrations of
10, 20, 30, 40, 50, 75 and 100 mg/L. The so-caled DOM-normalised partitioning coefficient

caculated as

C DOM
esfen

DOM = aq
Ce.sfen CD()M

1)



where C”" and C“

oo e are the concentration of esfenvalerate bound to DOM and the
concentration of freely dissolved esfenvalerate, respectively. The equilibrium constant, as

expressed in equation 1, refers to the process

esfenvalerate + DOM «— [ esfenvalerate-DOM)| (2

A system described as in equation 1 and 2 is defined as being a mixture of dilute pollutant,
e.g. esfenvalerate, and DOM in an agueous bulk phase, and as seen from Table 1, the
equilibrium process, in equation 2, is displaced towards the right at increasing DOM
concentrations. An equilibrium partitioning coefficients, independent of the DOM
concentration is expected, only when a two-phase system prevails, i.e. the activity of DOM
phase equals one. This seems to be the case at concentration levels of DOM above 60-90
mg/L (cf. Figure 1).

The equilibrium concentration of esfenvalerate in bulk water and bound to DOM by complex
formation, as described by equation 2, was determined by an inverse column elution method
(Kukkonen et al, 1990). The method is based on separating the freely dissolved fraction of
esfenvalerate from the DOM-complexed fraction by eluting the aqueous equilibrium mixtures
through an inert support column. Freely dissolved hydrophobic compounds will be retained on
the column, while the DOM molecules, and thereby the DOM-bound fraction of esfenvalerate,
will show lower retention times (Landrum et al., 1984). The esfenvalerate concentration, in
the continuous bulk water phase and bound to DOM, is determined by scinitilisation using
14C.|abbeled esfenvalerate. Average Ko, values based on triple to quintuple repeated sample
measurementsis givenin Table 1.

The equilibrium partitioning coefficients as function of DOM concentration, for Water pond

HS and Gohy-573-HS-(H")II, are given in Figure 1.



As seen from Figure 1, as well as given in Table 1 and 2, the dependence of Kpou 0N Cpoys 1S
most significant at low concentrations of DOM. At high DOM concentrations, above
approximately 90 ppm for Water pond HS and 60 ppm for Gohy-573-HS-(H")II, Kpou is
approaching constant values, i.e. the partitioning coefficient becomes independent of the
concentration of DOM (Hiemenz and Rajagopalan, 1997; Schwarzenbach et al., 1993). The
standard deviations on reproduced determinations of Ky, given as error barsin Figure 1, are
observed to decrease significantly at increasing DOM concentration. This pattern is similar for
all humic samples, asgivenin Table 2.

The standard deviation on the DOM-normalised partitioning coefficients for esfenvalerate, is
similar to the standard deviations found for benzo[ a] pyrene, anthracene, biphenyl, p,p -DDT,
2,5,2° 5 -tetrachlorobiphenyl and 2,4,5,2',4',5' -hexachlorobiphenyl based on the same
reversed-phase method (Landrum et a.,1984).

Analysis of homogeneity of variances (Funk et al., 1995) of measured DOM-complexed,

C DOM
esfen 1

and freely dissolved concentrations of Esfenvalerate, C:

wien» (Cf. EQ.1) as function of
the DOM concentrations was performed to evaluate the relative contributions to the standard
deviation in Kpoy values. The results showed that variance inhomogeneity is highest for
measuring of the dissolved esfenvalerate concentrations in respect to the variance in
measurements on the DOM-complexed fraction (data not given).

Significance testing of the changes in the DOM-normalised partitioning coefficients in the
concentration range of 10 to 100 mg DOM per Litre is relevant in relation to the need for
correction factors when quantifying the partitioning to DOM. This due to natural variationsin
DOM concentration levels in different natural compartment systems. If the dependence of

Kpon on the concentration DOM concentration is not significant, then there is no need to

investigate this aspect any further (cf. Figure 1 and Table 2).



Another aspect of partitioning to DOM is the effect of variations in the inherent properties of
DOM. Modelling the complex-formation between esfenvalerate and DOM at the different
concentration levels, require that significant differences in Kpoy, a the individual DOM
concentration levels exist.

In summery it is of utmost importance that the variation between object, i.e. in this case Kpour
values for the partitioning of esfenvalerate to DOM of different origin, is significant.
Therefore, before calibration of any SAR/QSAR model, the test data should be validated by
pre-processing of endpoint data (Cousins and Mackay, 2000; Thomsen, 2001), e.g. as

described below.

3.1 Significance testing of Kpoys data

Pre-processing of data is an overlooked step in the majority of SAR/QSAR investigations for
estimating endpoints for use in environmental risk assessment at any level. Simple endpoints
such as the agueous solubility and octanol-water partition coefficients shown significant
variations according to experimental standard methods used for the measuring the endpoint.
Prior to the development of QSARs, validation of the quality of endpoint data, as well as
significance testing, in respect to the variation in endpoint-data, is performed (Thomsen,
2001). Furthermore, the homogeneity in spanning of the descriptor space used for quantifying
the endpoint is investigated (Thomsen and Carlsen, 2001).

As partition coefficients to natural organic matter in general display high variabilities
(Cousins and Mackay, 2000; Staples et al., 1997), the variances in Kpoy, for each DOM at

each concentration level, Oyitin, IS cOmpared to the variance between DOMs at each DOM
concentration level, Opeween1- The minimum requirement to data is that the variance of each

average Kpoy vaue is significantly lower than the variance in Kpoy, between DOMs at each



concentration level. A one-side F-test (Miller and Miller, 1988) for this hypothesis is defined

as

H1(C%between1 > Owithin): T2 F1.(1-005) (3

If Hy isfulfilled at 95% confidence level, then the variance in Kpoys values between DOMSs is
significant higher than the variance in Kpoy, for the individuat DOMs at individual DOM
concentration levels. Thus, the data quality accepted for further analysis. PLS-regression
models may be developed for each concentration level, where Hy isfulfilled.

A second hypothesis, H,, was performed to validate the concentration dependence of Kpour.
Hypothesis, H,, is a tests to evaluate if the variance in Kpoy, between DOM concentration

levels for each specific DOM (0%eween2) is Significantly higher than the variance on Ko for

each DOM at each concentration level, Ouithin, 1.€.

H2(0%between 2> Ouiithin):  T2> F2(1:005) 4)

The rejection or acceptance of the hypothesis H; and H, are summariesin Table 3.

In genera the variance of Kpoy, values between the different DOMS, at constant concentration
level of DOM, are in the same order of magnitude as found for, e.g., the low molecular weight
phthalates, and lower than variances of Koy, values for the high molecular weight phthal ates
(Staples et a, 1997). Furthermore the variances within each Kpoy, measurement are much
lower than found the pesticides between different unknown sorbents (NERI, 2001). It is
observed that the frequency of rejected hypothesis, H; and H, increases at decreasing DOM
concentration level. The results of the ANOVA indicates that variations in Kpoy, values may

not only be due to the heterogeneity and complexity of natural organic matter, but also to



uncertainties in the experimental methods used for measuring the partition to of organic
pollutants to natural organic matter. This due to the systematic increase in standard deviation
for all DOMs, as well as high contribution from uncertainties from the measuring the
concentration of freely dissolved esfenvalerate.

The variation in Kpoy, between DOMs of different origin at DOM concentration of 10, 20, 30,
40 and 50 mg/L isinsignificant, as tested by H; (cf. Table 3). Therefore, it is only reasonable
to model the sorption of esfenvalerate to DOMs of different origin at the two highest DOM

concentration levels, i.e., 75 and 100 mg/L, respectively.

4. QSARs based on partial least-squares regression

The QSAR paradigm is based on the assumption the variation in the activity of chemical
compounds can be modelled through a quantification of the molecular inherent structural and
electronic properties. In this study however the approach is reversed and the change in the
partitioning of single compound, esfenvalerate, to DOM is modelled through a quantitative
description of variations in the inherent properties natural dissolved organic matter. The
objective is to study the influence of changes in microenvironment surrounding a single
pollutant molecule on the measured endpoint, i.e. Kpou.

The absolute value of the DOM-normalised equilibrium coefficient (cf. Egq.’s 1 and 2) as
described in the preceding sections depend on the DOM concentration as well as the origin of
DOM. Thisis amajor problem for most environmental and ecotoxicologica QSARs as they
do not include any effects from varying environmental conditions.

The results of the four best performing PLS-models a¢ DOM concentration levels of 75 and

100 mg/L aregivenin Table 4.
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The correlation coefficient, R?, expresses the fraction of the variance in logKpoy that is
explained by the models, and Q? the cross-validated correlation coefficient, expresses the
fraction of predicted variance according to the leave-one-out method (Hdskuldsson, 1996,
CAMO ASA, 1998). The standard deviations on endpoint values, i.e. the Kpoy, measurements,
show significant influence on the model performance. The robustness of the models is
reflected in the differences between Q* and R? and as seen from Table 4, the robustness
decreases significantly by decreasing DOM concentration. The same trend is observed for the
root mean square error of calibration (RMSEC) versus the root mean square error of
predictions (RMSEP) by the leave-on-out cross-validation method as seen from Table 4. The
RMSEP is a measure of the average differences between predicted and measured Kpour
values. In this case the RMSEP is obtained through a full cross validation with six different
DOMs, and six different models based on five possible subsets of five DOMS, i.e. leaving one
sample out at a time. For each of the left-out DOM samples predictions are made, and the

RMSEP is calculated through the expression

()

Iisthe number of calibration samples, i is the left out sample, y. isthe predicted Kpou by the

model calibrated on the 7 samples, and y; is the Kpo., values estimated by the reference models
based on the six DOMSs.

A bi-plot of second, PC2 versus the first principal component, PC1, showing the loading
weights of the NMR descriptors and the Ko, 10ading are given in Figure 2.

The most significant principal component, PC1, explains 78 % of the variation in Kpoy,. From

Figure 2, it is showed that the partitioning to DOM increases with increasing un-substituted or
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C-substituted aromaticity, quantified by the descriptors ArHC; and ArHC/AIkHC;. The
logKpoas value is inversely related to the aliphatic carbon shape descriptors, A/kHCi/w, and
carbohydrate, AlkO,,, descriptors. Furthermore a significant inverse relation to the width
descriptors, Ar0O,, and ArO;, is observed.

In PC2 explaining 16 % of the variation in Kpoy, the descriptors COO;, AlkO,, and COO,,
have high positive loading weights, whereas the descriptors ArO;, ArO;,, and ArHC,, have
high negative loading weights. The partitioning to DOM is inversely related to the O-
substituted aromaticity shape and width descriptors in the third quadrant. The NMR shape
and width descriptors increase the model performance significantly in addition to models
based on solely the integrated area descriptors. The effect is mainly on the robustness of the
model. In the above models the width of carbohydrate peaks has high loading weight in PC2,
which contribute significant to the homogeneous spanning of the DOM-property space in the
PLS regression models when compared to a preceding study of the inherent properties of

DOM. Thisisillustrated below in Figure 3.

By use of the reverse QSAR concept it is possible to quantify varying sorbent sorption
capacities. The standard errors of predicted Kpoy, values are significantly lower than the
standard deviation given in Table 2 in all of the tested models. The sorption generally
increases with increasing aromaticity, but still the aliphaticity and carbohydrate descriptors is
just as significant descriptors in the investigated models for quantifying Kpoy Of
esfenvalerate. By fitting the X-matrix to logKpou the weighting of the original descriptor
variables changes compared to the PCA model based exclusively on the DOM property
descriptors as investigated in a preceding study (Thomsen et a., 2001). The shape and size

descriptors generally show high significance in explaining the variation in logKpo.

12



5. Discussion and conclusions

There are different theories concerning the dependence of Kpoy on the DOM concentration.
DOM may consist of different types of sorption sites, and in this case the solute will show
highest affinity towards the most energetically favourable sorption sites, secondly the next
highest etc., which could explain a change in Kpo), by a change in the DOM concentration
(Schwarzenbach, 1993). Ancther explanation that may contribute to explaining the
concentration dependence of Kpoy, is colloidal nature of DOMSs, and the degree of inter- and
intracmolecular associations within and between the organic macromolecules (Wershaw,
1999). At low concentration of DOM in the aqueous bulk, the system may be described as an
aqueous true solution of humic monomeric macromolecules and esfenvalerate, respectively, as
described by equation 1 and 2. However, at increasing concentration the size of the organic
macromolecular colloids increases, and the system changes from being a solution to being a
two-phase systems. In this case, under the right conditions of dilute solutions of esfenvalerate,
the partition to DOM is expected to be independent of the DOM concentration (Hiemenz and
Rajagopalan, 1997; Schwarzenbach et a., 1993).

Clearly the uncertainty level of Kpoy, measurements is expected to be significant higher than
compared to the uncertainty on octanol-water partitioning measurements. This simply due to
the complexity of DOMs, caused by the heterogeneity in structural characteristics such as
shape and size as function of concentration level. Significant variations in the partitioning of
esfenvalerate to DOM have been quantified solely based on a quantification of sub-structural
functional group within the different humic materials. For an in depth analysis of the effects of
the inherent properties of DOM of aqueous origin, the inclusion of more fulvic type DOMs is
needed.

The molecular structure of esfenvalerate includes an ester group, a cyano-group, a
biphenylether, a chlorophenyl and an akyl group. As observed for other pesticides
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(Oesterreich et al., 1999; Piccolo et a, 1996), this may increase the complexity, and the
number of possible mechanisms, of sorbate-sorbent interactions. For this reason the patterns
in loadings weights of the inherent DOM property descriptors may very well vary for different
e.g. pesticides. This aspect, as well as the variance inhomogeneity in Kpoy, values for DOMs
between concentration levels as well as inherent properties, suggests that classification of
humic materials into similar inherent properties is required. The latter at least if the variation
in sorption affinities to DOM of different classes of environmental pollutants is to be
quantified by conventional QSARSs. Separate QSAR models for the different classes of humic
substances will probably increase the robustness and predictability of QSAR models for
estimating sorption to DOM provided that the measured equilibrium partitioning values are
independent of the DOM concentration.

The present study has showed significant variation in sorption affinities of esfenvalerate to
dissolved humic substances of different origin. The significance of this variation needs to be
further investigated for other pesticides with respect to generaly high variabilities in
measured partitioning coefficient to sorbent of varying composition. With respect to the
bioavailability and mobility of environmental pollutants, more focus on the presence of a non-
fixed mobile organic matter or third phase effects from a dispersed colloidal phase. The
presence of DOM has shown impacts on the potential risks of environmental pollutants to a

degreethat is yet only sparsely elucidated.
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FIGURE CAPTIONS

Figure 1 Average DOM-normalised partitioning coefficients, Ky, as function of the concentration of dissolved
organic matter, DOM, for Water pond HS (left) and Gohy-573-HS-(H"II (right). A decrease in the standard

deviations on repeated Ky, measurements, areillustrated by error bars on each average value.

Figure 2 Bi-plots of second versus first principal component, PC2 versus PC1, showing the loading weights, i.e.

correlation patterns and importance, of individual original NM R-descriptor with respect to the K;ou.

Figure 3 The picture to the left illustrates the calibrated model-predicted versus measured K, values. The
illustration to the right shows a homogeneous spanned X-space consisting of FA-surface, DE72, Gohy-573-HS-

(HOI, Kranichsee HA, Purified Aldrich HA and Gohy-573-HA-(H"II.
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Table 1 Average DOM normalised partitioning, Ko, values for esfenvalerate® as function of DOM-

concentrations.

DOM  Aldrich HA

[mg/L]

10
20
30
40
50
75

100

(Na+)

23828.5
18166.5
11494.2
9512.0
8222.0
6513.8

5150.3

DE72  FA surface Gohy-573- Gohy-573- Kranichsee

5316.1

4588.8

3338.4

2294.3

1902.9

1513.0

1393.1

10089.0

6092.9

2356.2

2041.9

1896.8

820.0

3774

HA-(H+)II HS-(H+)II

7612.2

5282.3

3998.7

3023.8

3187.1

1857.0

2051.8

5701.7

3124.9

2214.8

1558.9

1090.6

792.3

584.0

HA

20329.0

7923.9

4485.8

3312.1

2356.5

1776.2

1251.2

Purified

Water

Aldrich HA  pond HS

(Na+)
28484.0
16878.0
13700.8

9976.4

8981.0

7716.2

6232.7

13282.7

9213.0

8014.0

4942.1

4227.0

23113

1669.4

#The nominal concentration of esfenvalerate was 2.57 pg/L in al partition experiments.
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Table 2 Standard deviations on the reproducibility of K, measurements.

“Standard deviations on Koy, measurements

HS concentration [mg/L] 10 20 30 40 50 75 100
Humic substances

Aldrich HA (Nat) 4186.1 2070.3 2066.3 11446 16765 533.6 651.8
DE72 2476.2 25140 18814 976.5 1003.1  406.9 470.1
FA surface 6027.1 622.6 307.1 835.3 9840 2848 54.2
Gohy-573-HA-(H+)1I 2509.1 14411 11643 346.8 1079.1 4129 617.2
Gohy-573-HS-(H+)I1 1378.2 747.1 643.7 176.5 173.9 98.9 954
Kranichsee HA 3506.0 52022 2037.8 1355.0 993.2 75.3 108.9
Purified Aldrich HA (Na+)  936.8 2280.3 1382.6 7515 10038 561.3 121.3
Water pond HS 850.7 22259 12847 1081.8 13224 5155 498.8

2 based on triple to quintuple measurements
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Table 3 Results of hypothesis testing based on analysis of variance on individual Ky, values, as well as within

and between DOM concentration levels.

HS concentration [mg/L]: 10 20 30 40 50 75 100
Humic substances FI° Tl = Cpe rveenl > G rithin
Aldrich HA (N&") 19.353 4.5 7.4 4.5 8.5 32 249 110
DE72 19.353 127 51 54 117 9.0 428 211
FA surface 19.353 21 824 2033 161 9.3 875 15838
Gohy-573-HA-(H)II 6.094 124 154 141 931 78 416 122
Gohy-573-HS-(H")II 19353 411 572 463 3595 299.2 7250 5112
Kranichsee HA 19.353 6.4 12 4.6 6.1 9.2 1251.7 392.7
Purified Aldrich HA 19.353  89.0 6.1 100 198 9.0 225 316.6
Water pond HS 19.353 107.9 6.4 116 9.6 52 267 187
Rejection (N) or acceptance (Y) of H,
Aldrich HA (Na") N N N Y N
DE72 N N N Y Y
FA surface Y N N Y Y
Gohy-573-HA-(H)II N Y Y Y Y
Gohy-573-HS-(H")II Y Y Y Y Y
Kranichsee HA N N N Y Y
Purified Aldrich HA N Y N Y Y
Water pond HS N N N Y N
Humic substances F2 ™ =0 between.2 > 02wi hin
Aldrich HA (Na") 19.296 26 107 108 351 163 1613 1081
DE72 19.296 04 04 0.7 25 24 145 109
FA surface 19.296 03 314 1290 174 126 150.0 4136.3
Gohy-573-HA-(H)II 6.256 0.7 20 30 341 35 241 108
Gohy-573-HS-(HY)II 19.296 17 5.8 78 1034 1066 3295 3538
Kranichsee HA 19.296 4.4 20 131 296 552 8006.1 3825.1
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Purified Aldrich HA 19296 616 104 283 957 537 1716 3676.2
Water pond HS 19.296 239 35 105 148 99 650 694
Rejection (N) or acceptance (Y) of H,
Aldrich HA (N&") N N Y N Y
DE72 N N N N N
FA surface N Y Y N Y
Gohy-573-HA-(H)II N N Y N Y
Gohy-573-HS-(HY)II N N Y Y Y
Kranichsee HA N N Y Y Y
Purified Aldrich HA Y Y Y Y Y
Water pond HS Y N N N Y

4The degrees of freedom for the variance between DOMs in the H,-test is seven (N-1), as there are eight different

DOMs at each concentration level.

®The degrees of freedom for the variance for each DOM between DOM concentration levelsin H,-test is five (N-

1), asthere are six concentration levels of DOM

ab The degrees of freedom for the variance within each K},,,, measurement is from two and four, as the K)oy,

measurements was reproduced three to five times.
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Table 4 Model performance parameters of reverse QSAR models for estimating the sorption of esfenvalerate to

DOM of different origin

Descriptors Endpoint N R’ O’ RMSEC RMSEP ExpXcal ExpXval ExpYcal ExpYval

NMR LogKpon(100) 3 0.99 0.65 0.036 0.325 82 27 97 61
NMR/UV  LogKpon(100) 3 0.99 0.60 0.031  0.340 74 19 98 56
NMR LogKpou(75) 2 0.94 033 0.083 0.385 28 39 20 67
NMR/UV  LogKpou(75) 2 0.93 0.28 0.088 0.386 63 2 86 31

N is the number of principal components included in the model, R’ the correlation coefficient, Q° the cross-
validated correlation coefficient. RMSEC is the root mean square of error of the model, RMSEP the root mean
square error of predictions. ExpXcal is the total explained X-variance used for explaining the variation in
logKpons in the caibrated model, ExpXval the total explained X-variance used for explaining the variation in
logKpons in the cross-validated model. ExpYcal is the total explained variance in logKpo. , ExpYval the tota

explained variance in logK oy by cross-validation .
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Abstract

The fate and risk assessment of hydrophobic substances in the terrestrial environment can be associated with large
errors. These can be attributed to the partitioning and process coefficients derived in experimental studies and to the
model set-up that is designed to calculate the exposure concentrations. In many cases the concentration of xenobiotics
are low in the environment, which gives the aqueous phase the characteristics of a true solution, which are in
accordance with the thermodynamic description of dilute solutions. Under these circumstances the conventional
equilibrium coefficients, such as K4, Henry’s Law constant H, and the bioconcentration factor, BCF, are independent of
the activity coefficient of the partitioning compound in the respective phases. However, for hydrophobic substances,
these coefficients are often measured in laboratory experiments where the nominal concentration levels are above the
substance saturation point within the bulk water phase. In the case of the phthalates, the hydrophobic effect induces the
formation of microdroplets (third phase) in the bulk water phase, by which the system is characterised as a
heterogeneous mixture. Consequently the linearity between dissolved and sorbed concentration is no longer true.
Furthermore, in the terrestrial and aquatic environment the presence of natural Dissolved Organic Matter (DOM) will
have an influence on the fate and effects of hydrophobic substances. Hydrophobic compounds show large affinity for
sorption to DOM, and contrary to Fixed Organic Matter (FOM) DOM is mobile and can be transported through the soil
pores with the advective flow. It is therefore crucia that dispersed or emulsified phases within the continuous aqueous

phase, eg. DOM and microemulsions of phthalates, are distinguished from true solutions in the experimental



measurements of partitioning coefficients, e.g. in order not to underestimate the mobility of sorbed substance. These
aspects are treated in this study, where the exposure concentration, vertical transport and microbial degradation of Di-
(2-ethylhexyl)-phthalate (DEHP) is modelled in an organic rich topsoil compartment, using experimental partitioning
coefficients and degradation rates from the literature. Two model set-ups are derived for the topsoil compartment, i.e.,
1) A system with dilute solution of substance, and 2) A system with the presence of a third phase of microdroplets. In
both models the presence of DOM is incorporated. The first model shows that the error in the calculated exposure
concentration by using partitioning coefficients derived under unfavourable experimental conditions compared to
realistic conditions amounts to 1400 %. A comparison between the two models shows, that when emulsion formation is

not incorporated in the model, the calculated flux will be overestimated with a factor of 60.

Keywords: Third phase, microdroplets, compartment modelling, dissolved organic matter, DOM, DEHP, topsoil,

degradation, sorption, evaporation, bioaccumulation

Introduction

The phthalates were introduced in the 1920’s as softeners in plastic materials and are among the
most important chemicals in various industrial products. The predominant use is as additives in
polyvinylchlorid (PVC) where the presence of phthalates gives rise to products that are soft and
workable (e.g. Poppe, 1986). They are not chemically bound in the plastic matrix which enables
them to migrate to the surface of the material where they can be transported to the surrounding
environment, e.g. air, water, soil etc (e.g. Smistad and Waaler, 1989; Furtmann, 1996). Di-
(2ethylhexyl)-phthalate (DEHP) is one of the most commonly used phthalates and due to its
suspected hormone-disrupting effects (Nielsen et al., 1996), there is a great need to investigate the

fate and effects of this substance in the environment.

Inherent in most mathematical compartment models is the assumption of equilibrium distribution,
i.e. aconstant ratio between the concentrations in organic matter, i.e. soil and organic tissue, and air

and the exposure concentration. The equilibrium state being defined at the point of equal chemical
2



potentials of the specific substance in the respective phases of the compartment system. The
exposure concentration is the concentration of substance in its unimeric form in the bulk water.
However, hydrophobic substances, such as the phthalates have low water solubilities and when the
concentration exceeds the unimeric saturation point, the water phase has the physicochemical
characteristics of an emulsion (Hiemenz and Rajagopalan, 1997; Thomsen et al., 2001a and 2001b).
The bulk phase now comprises the unimeric molecules as well as the microdroplets distributed
homogeneously in the water phase, on account of a density similar to that of water. In relation to
risk assessment the exposure concentration must still be related to the dissolved unimeric molecules
only, as severa studies have shown that only the dissolved fraction of phthalates in bulk water are
bioavailable and biodegradable. However, if present in real systems, the third phase effect needs to

be included in order to quantify the fate processes, e.g. mobility, correctly.

If the concentration levelsin the experiments for measuring the partitioning coefficients, such as the
suspended matter-water partitioning coefficient (Kg), Henry’s Law Constant (H) and the bio-
concentration factor (BCF), is not well below the bulk water saturation point, then these parameters
can be significantly underestimated (Thomsen et a., 200la and 2001c). This creates a great

challenge with respect to the experimental determination of the process parameters that are used in

the models. A first step must be to know, or measure the solubility, C:*

~, of the respective
substances. The experimental set-up and analytical methods must be very precise and sensitive due
to the low concentration levels, which must be held below saturation if realistic data on

bioconcentration and dose-response measurements are to be obtained.

Conventional methods, e.g. shake-flask methods, have been used to determine the solubilities and
partitioning coefficients of phthalates (Staples et a., 1997), but the results showed significant
variations on account of the similar densities of phthalates and water and the presence of micro-

droplets (Thomsen et al., 20014). Thisis due to the inability to discriminate between a true solution



and amixture. However atensiometric approach has been used for determining the bulk activity of
the unimeric solutes through measurements of the activity of the solute molecules at the surface

(Thomsen et al., 2001a and b). As such the true, i.e. unimeric, solubility of e.g. DEHP has been
found to be C:*(DEHP)=1.7-10% mgpr.litre, which is a factor of approximately 20 lower

compared to previous investigations (Thomsen et al., 2001a), but that are in accordance with the

UNIFAC estimates (Thomsen et al., 1998).

Hydrophobic substances show large affinity of sorption to Dissolved Organic Matter (DOM). DOM
originates from decomposition of plant and animal residues and consists of organic macromolecules
resembling the fixed organic matter (FOM) in soils and sediments. The molecular weights range
from 600 to 500,000 Da and the chemical composition depends on the type and the origin. DOM
can be present in soil and sediment pore water in concentrations of 10 — 1000 mg C pr. litre (Caron
and Suffet, 1989). At low concentrations the DOM molecules can be described as subunits that are
dissolved in the bulk phase. However, in the environment the DOM concentration in most cases,
exceeds the solubility point, where the macromolecules aggregate to form a dispersion (Thomsen et
al., 2001c). Under such conditions the soil compartment consists of a fixed phase (FOM) and a
dispersion (DOM), that both have sorption potential towards hydrophobic substances. In the
terrestrial environment sorption is significant, and accordingly the substance bioavailability,
degradability and transport, in relation to surface runoff and advective flow, is affected (Landrum et
a., 1987; Matthiessen, 1994; Kukkonen and Oikari, 1991; Tanaka et al., 1997; Cao et a., 1999).
Proper investigations of the influence of the presence of DOM in relation to the fate and effects of
xenobiotics has only been sparsely elucidated in the literature to date (Schlautman and Morgan,
1993; Lassen et al., 1997; Schulze at a., 1999; Tao and Lin, 2000). For investigating the effect of
DOM, the methods used in experiments for measuring partition coefficients must be able to
separate and detect components of a true solution versus a dispersion, e.g. the DOM

macromolecules, substances sorbed to DOM as well as freely dissolved substances (Eadie et al.,



1990). So far the majority of experimental investigations does not discriminate between substances
sorbed to mobile and fixed organic matter, but only quantifies the substance affinity for sorption to

organic matter.

In this work emphasis is on the influence of the characteristics of the aqueous phase, of
experimentally measured “apparent” partitioning coefficients (Schwarzenbach and Gschwend,
1993; Mackay, 1991). A sensitivity analysis is performed, where the measured coefficients are
applied in a fate model of DEHP in a topsoil compartment. This comprises sorption to soil, biota,
distribution to the soil pore water, diffusive and advective vertical flow as well as bio-degradation.
Exposure concentration profiles and the vertical flux of substance from the topsoil compartment are
used as quality parameters and the errors in using process parameters from inappropriate laboratory

conditions are quantified.

Theory

In fate assessment models the environment is divided into air, water and soil compartments. Each
compartment comprises air, liquid and solid phases. The fate, i.e. the exposure concentrations, of
substances is found from measurements and/or from calculations of the transport, remova and

distribution processes that occur in and between phases.

In thiswork a simple mass balance is set up that describes the vertical concentration profile and flux
of DEHP in atypical topsoil compartment. In Fig. 1 athree-dimensional infinitesimal topsoil unit is
shown. The soil unit is repeated infinitely throughout the topsoil compartment and due to
symmetry, the net horizontal substance transport will be zero. Accordingly only substance flux in

the vertical direction, due to advection and the vertical concentration gradient, will be considered.



DEHP is hydrophobic, implying that apart from being in the aqueous phase as freely dissolved

molecules, C,, it can occur in the following phases:

e Microemulsion phase, Cemul-

e Sorbed to fixed organic material, Crom.

e  Sorbed to dissolved organic material, Coom.
e Vapour in soil air, Cii.

e Sorbed tolipidsin organisms, Cog.

where C denotes the concentration of DEHP in mass per volume. The phases are considered to be

homogeneously mixed throughout the topsoil compartment.

In spite of the high hydrophobicity of DEHP, the concentration in the environment isin most cases
below saturation, which will rule out the presence of emulsions in the agqueous phase. Because of
dilution, the activity coefficient of the aqueous DEHP will be unity and the activity will be equal to
the concentration. This very important assumption of dilute solution is treated in depth in
(Thomsen et al., 2001a and 2001c), and the consequences with respect to this study will be

considered below.

Most distribution processes in the terrestrial environment are rapid compared to degradation and
transport processes. Studies on sorption Kinetics have shown an initial phase, lasting few minutes to
hours, where up to 50 % of the dissolved substance is rapidly sorbed (Brusseau and Rao, 1989) and
aremaining sorption in the following days to months. Biodegradation half-lives for xenobiotics, and
the hydraulic retention time due to diffusive and advective transport in the terrestrial compartment,

varies from months to years. Therefore it is reasonable to assume equilibrium conditions for the



distribution processes. At equilibrium, the chemical potentials of the substance in the agueous and

solid/air/lipid phases are equal, (e.g. Winn, 1995) and the following distribution equilibrium

expressions are used
i C Cr litre water
Sorption: K ——boM g o _ ZFOM ) 1
P oo C, o C, (kg dry matter soil , (1)
Evaporation: H = —ar a-.m_ 1 fe wa. er ®
C, mol litre air
i H Cor lt 1
Bio-accumulation: BCF = —2% afre water 3
C, mg lipid in organism )

Where Kpom is the partition coefficient between water and dry DOM, Krom IS the partition
coefficient between water and dry FOM, H is Henry’s Law Constant and BCF is the bio-

concentration factor.

In the topsoil unit in Fig. 1, the total substance concentration in mass per total volume is thus

Coa = C, '(6w + Kpou  Mppor + Koy - Mp o + H-6,, + BCF'le’pz‘dorg) = C,'R (4)

air w

where Ciota 1S Mass total DEHP per total volume, C,, is mass dissolved DEHP per water volume, 6,

is water volume per total volume, Mp pom iS mass dry DOM per total volume, Mp rom IS mass dry

FOM per total volume, B is air volume per total volume and Mjipid org IS Mass lipid in organisms

per total volume. R is the retention factor in water volume per total volume (e.g. Fauser et al.,

2001).



The general non steady-state mass balance for the total substance in the topsoil unit is given by:

N+aaN-Az N
- [—Ji ~Yk-C,6,=-— - Yk-C, 6, (5)

A 0z

oC -R
ot

Bl=

where N is the vertical flux, in mass total substance per surface area per time and Zk; is the sum of
biotic and abiotic pseudo 1% order process rates in second™. In this study only bio-degradation is

included.

Dissolved concentration is below saturation

Due to molecular diffusion and advection N can be expressed as follows:

C -6 -C. - (6.+K M
N = - Ddgff a w LS q-C“ ( w DOM D.D()M) (6)

oz B,

where Dygir is the molecular diffusion coefficient in m? per second and q is the vertical flow in dm
water per second. The mean soil pore diameter is assumed to be larger than the characteristic
diameter of the substance emulsions and dissolved DOM molecules, which enable them to be

transported by advection. B, is the fraction of the total unit depth that consists of water. It is equal

to 0y, but has the units m water pr. m total.

Insertion of Equation 6 in Equation 5 gives:



-k -C,-0, (7)

In this study the fluctuations originating from changes in precipitation intensity, g, or inlet substrate
concentration are not of interest and will be set to constants. Focus will be on the influence of the
estimated distribution and transport coefficients on the vertical distribution profile and flux. Under
such circumstances, the situation will be steady-state and Equation 7 can be simplified to the

following homogeneous 2™ order differential equation:

0° : K M
O _ Ddlﬁ‘ . CM . 9\4 _ q (ew + DOM D.DOM ) an _ kl CM ’HM PN
: oz B, oz
0 = 9°C, _ CI'(HW + Kpow MD.D()M)_ daC, ; k, - C, 8)
0z2 D, -0, B, 0z Dy
With the boundary conditions:. C,— 0 for Z — o (assuming same concentration
profile below topsoil compartment).
Cw=Cusuface for z=0
the solution becomes (Spiegel, 1968):
2
CW(Z) = Cw surface ’ exp é - é + kl "tz ] (9)
o 2 2 D,y



_4 (6w +Kpou = Mppou ) (10)

where 4
Dd{ﬁ 9\4 'ﬁw

The vertical substance flux at steady-state, at any depth, z, in the topsoil compartment, can be found

by differentiating Equation 9 and insertion in Equation 6:

2
N(Z) = - Dd({f’ ’ ew A ) Cw,suijface ’ eXp g- \/(é] + kl ’ Z] '

2
1-\/(1) PR S (1)
2 \\2) " b, 4

Dissolved concentration is above Saturation

When environmental concentrations exceed saturation an approach to calculate the concentration

profile and the flux is to differentiate the apparent dissolved phaseinto a

1) Unimeric phase, that participates in partitioning processes, degradation, diffusion and advection.

2) Emulsion that only participates in advection.

The unimeric concentration in the water bulk phase is assumed to be constantly equal to Cy s

throughout the topsoil compartment. The difference between the nominal apparent dissolved

10



substance concentration, C,,®®, and the saturation concentration will be the emulsion phase: C,*” =

QW_.&T-'-—C:em_UL

Equilibrium partitioning of the substance between soil pore water and DOM is assumed, and at
constant DOM concentrations the influx and outflux of sorbed substance, within a topsoil unit, are
therefore equal. The advective flow of DOM will thus not contribute to changes in the concentration
gradient within the topsoil compartment. The steady-state mass balance, analogous to Equation 8,

becomes

aC”

o:o-ﬁi- > (12)

-k - C

w,sat

The diffusion term will be zero, because the unimeric concentration will be Cy s throughout the

w,sat

is zero.

topsoil compartment, i.e. the term
4

With the boundary condition
app __ cvapp
" = uace for z = 0, the solution becomes

kl ’ Cw,sat ’ ﬁw
q

CZW @) = cor

w,surface

-z (13)

The vertical flux expression will again only include advection because the unimeric concentration

gradient is zero.
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N(Z ) — . Cvavpp ) ew _ k 1 ﬂ w 0W ’ Cw,xat "z + Cw,sal ’ K DOM M D.DOM ( l 4)
s [
w q W )

Results and discussion

Experimental and model parameters

The derived equations will be used to investigate the influence of the third phase effect, e.g. the
presence of microemulsions of pure phthalate and the presence of DOM dispersed in the agueous
phase, on the fate of DEHP in the topsoil compartment. In Table 1 the used experimental data from
the literature is stated. Saturation is not exceeded, where either the substance concentration is stated
to be below saturation or the measured equilibrium partitioning coefficients are the highest found.
Data for saturated conditions are identified where the substance concentration is stated to be above

saturation or the measured equilibrium partitioning coefficients are the lowest found.

Partitioning coefficients and degradation rates are defined for the following experimenta

conditions;

Case A: Partitioning coefficients and degradation rate are found for measured systems, where the
aqueous concentration of DEHP is below saturation. DOM is separated and sorption
specifically to DOM has been measured. The experimental conditions describe a three-
phase system comprising 1) Unimeric substance molecules dissolved in the bulk phase 2)

Dispersion of DOM molecules in the bulk water phase and 3) FOM phase.

12



CaseB:

Case C:

CaseD:

Partitioning coefficients and degradation rate are found for measured systems, where the
aqueous concentration of DEHP is below saturation. Same dataasin case A. DOM is not
separated from FOM and accordingly the substance sorbed to DOM is incorporated as
sorbed to FOM. The sorption coefficient Krowm is theoretically adjusted as stated in Table
1. The experimental conditions describe a three-phase system comprising 1) Unimeric
substance molecules dissolved in the bulk water phase 2) Dispersion of immobile DOM

moleculesin the bulk water phase and 3) FOM phase.

Partitioning coefficients and degradation rate are found for measured systems, where the
aqueous concentration of DEHP is above saturation. DOM is separated and sorption
specifically to DOM has been measured. The sorption coefficient Kpowm is theoretically
adjusted as stated in Table 1. The experimental conditions describe a four-phase system
comprising 1) Unimeric substance molecules dissolved in the bulk phase 2) Dispersion of
DOM molecules in the bulk water phase 3) Emulsion of substance in the bulk water

phase and 4) FOM phase.

Partitioning coefficients and degradation rate are found for measured systems, where the
aqueous concentration of DEHP is above saturation. Same data asin case C. DOM is not
separated from FOM and accordingly the substance sorbed to DOM is incorporated as
sorbed to FOM. The sorption coefficient Krowm is theoretically adjusted as stated in Table
1. The experimental conditions describe a four-phase system comprising 1) Unimeric
substance molecules dissolved in the bulk water phase 2) Emulsion of substance in the
bulk water phase 3) Dispersion of immobile DOM molecules in the bulk water phase and

4) FOM phase.
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CaseE: Partitioning coefficients and degradation rate are found for measured systems, where the
aqueous concentration of DEHP is above saturation. Same data as in case C. DOM is
separated from FOM and accordingly the substance sorbed to DOM is incorporated in the
apparent dissolved phase. The sorption coefficient Keowm 1S theoretically adjusted as stated
in Table 1. The experimental conditions describe a four-phase system comprising 1)
Unimeric substance molecules dissolved in the bulk water phase 2) Emulsion of
substance in the bulk water phase 3) Dispersion of DOM molecules in the bulk water

phase and 4) FOM phase.

The following data for an organic rich topsoil is used:

Density of soil: Mppomw =0.1 g dry matter per litre total.

Mp rom = 1.4 g dry matter per litre total.

Water content (field capacity): 6, = 0.3 litre water per litre total.

Bw.= 0.3 m per m.
Air content: B4r = 0.15 litre air per litre total.
Lipid content in organisms: Miipidorg =1 - 10 kg lipid per litre total.

Molecular diffusion of DEHP: Dyt = 2 - 10™° m? per second.
Vertical water flow: g = 200 mm per year = 6.34 - 10° m per second.

Depth of topsoil compartment:  hygpsit = 0.2 m.

Environmental dissolved concentration is below saturation (Equations 9 and 11)

14



The coefficient, A, defined in Equation 10 is 172.8 m™in cases A and C, where DOM follows the
advective flow and 105.7 m? in cases B and D, where DOM is considered to be fixed and

immobile, and 105.7 m™ in case E, where DOM is defined as dissolved.

In Table 2 the model set-up is used to calculate the occurrence of DEHP in the different phases, the
microbial degradation and the vertical flux caused by molecular diffusion and advection,
respectively, for the five cases. In Fig. 2 the vertical profiles (concentration in soil divided by the
surface concentration) are shown. In each case the experimentally measured parameters stated in

Table 1 are used.

The error that is being done by using partitioning coefficients that are determined under laboratory
conditions that are not in accordance with the actual environmental conditions can be found as

follows.

The coefficients found in case A, where the dissolved phase only consists of dissolved unimeric
substance molecules and DOM, will be the most realistic to use in this situation. If the total
concentration at the surface is 50 ng DEHP per. litre, the vertical flux from the topsoil layer and the

degradation rate pr. surface area, respectively, can be calculated from Table 2, case A

Flux (diffusion and advection): N(20 cm) = 11 - 50 - 10° = 0.5 mg DEHP - (m? - year)*

Degradation rate: k, - C, - 6, - h, ., =28-50-10°= 1.4 mgDEHP- (m’ - year)™

w w topsoil

The exposure concentration profile and DEHP distribution between the phases are shown in Fig. 3.
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The error that is being done by using coefficients measured under unfavourable conditions in the

model can be seenin Table 3.

In case A, the experiments are performed with substance solutions that are below the aqueous
saturation point, which is also the case in most terrestrial compartments. Furthermore case A
distinguishes between dissolved and fixed organic matter in the soil compartment. Overall the use
of the partitioning coefficients found in case A, are considered to be the most appropriate in fate
modelling of hydrophobic substances in soil. From Table 2 (and Fig. 3) it is seen, that the substance
sorbed to FOM makes up 94 % of the total substance in the soil, about 2 % is sorbed to DOM, and
about 4 % is present as unimeric molecules in the pore water. The fractions in soil air and in
organisms are practically negligible. However, in risk studies the effects of the accumulated
substance on organisms must be dealt with in detail. The removal rate from the topsoil compartment
by bio-degradation is a factor of 3 higher than the removal by vertical transport to the underlying
soil. The transport is dominated by advection due to the presence of DOM that can be transported in

the soil pore water.

When partitioning coefficients from case B are used, DOM is not considered as dissolved in the
bulk water, but fixed and thus not mobile. The fraction of substance sorbed to FOM increases
dightly to about 97 %. The change in chemical potentials of the substance is assumed negligible
and the substance associated with the remaining media are identical to case A. Due to the reduced
mobility of the substance the exposure concentrations decreases with 30 % compared to case A,
diffusion decreases in the same order of magnitude, whereas advection decreases 70 %. These
underestimations are critical in relation to risk assessment where worst case scenarios are preferred
due to the principle of safety. It must therefore be emphasised that the presence of DOM must be
taken into account when the fate of, especially hydrophobic, substances is assessed in the terrestrial

environment. The decreased bio-degradation compensates the underestimated exposure
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concentration to a certain extent, but still the resulting concentration profile, cf. Fig. 3, and vertical

flux are underestimated.

In experimental case C the substance concentration in the bulk water phase are above saturation and
the presence of DOM is respected. The system thus consists of three phases, a dissolved phase of
unimeric substance and DOM molecules, an emulsion of microdroplets in the bulk water and FOM.
The crucia point in relation to the realistic coefficient values in case A, is the significant decrease
in partition coefficient values by a factor of 10 to 1000, cf. Table 1. Only 65 % of the total
substance is sorbed to FOM, whereas about 30 % is now in the bulk water as apparent dissolved
substance. This implies that the exposure concentrations, advective as well as diffusive flows are
greatly overestimated with 1400 %, 235 % and 350 %, respectively. The calculated degradation rate

isincreased with 150 %. In relation to risk assessment the overall calculations are on the safe side.

In experimental case D the substance concentration in the bulk water is above saturation, but DOM
is assumed fixed. Analogous to the calculations based on case C the coefficients are greatly
underestimated leading to high exposure concentrations. The diffusive transport is a factor of 5
higher than the realistic case A, but the advective transport has decreased compared to case C, due
to the immobility of DOM. The calculations are with the exception of the overestimated

degradation rate, on the safe side.

Finally, case E aggregates the unimeric molecules, microdroplets and DOM in an apparent
dissolved phase. The experimental coefficients are similar to those in case D, and the errors

compared to case A are approximately the same.

When environmental fate assessment modelling is performed for hydrophobic substances in soil it

can be concluded that it is necessary to use partitioning coefficients measured under dilute solution
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conditions. In addition, it isimportant to account for the presence of DOM. Neglecting the mobility
of DOM will underestimate the exposure concentration with approximately 20 %. When
partitioning coefficients are measured under conditions where the bulk water concentration of the

substance is above saturation, the exposure concentrations can be overestimated with over 1000 %!

Environmental dissolved concentration is above saturation (Equations 13 and 14)

The concentration of DEHP in natural surface waters exceed their unimeric solubilities in several
cases (cf. Thomsen et a., 1998 and references therein). For this reason it isimportant to be aware of
the colloidal nature of the phthalates, and to consider ways to include this in fate studies and thus
risk assessments. In this situation the experimentally derived coefficientsin case A will again be the
most redlistic. In the environment the soil will be a three-phase system comprising 1) Unimeric
substance molecules and DOM molecules dissolved in the bulk water phase 2) Emulsion of
substance in the bulk water phase and 3) FOM phase, corresponding to the experimental case C.
However, in case C the partitioning coefficients are the ratio between the substance sorbed to FOM
and the unimeric plus the emulsion. This is not correct as the emulsion does not participate in

partitioning processes and degradation.

The correct way to calculate the fate of a substances that occur in concentrations above their
saturation point is to use experimental coefficients determined as in case A, and assume saturation
concentrations in the bulk phase. The difference between the nominal apparent dissolved substance
concentration and saturation will be microdroplets. It isimportant to separate these two phases since
the microdroplets do not sorb, bio-concentrate, degrade or diffuse. They will only participate in

advective transport along with the DOM molecules.

At saturation in the water phase the total concentration in the topsoil unit is
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c,.,=0C - R, =17 gpr.litrewater-8.69 =150 gpr.litretota

total w,sat

When this concentration is exceeded an emulsion will be formed in the water phase. The following

surface concentrations are used as an example

Ciota = 170 ug pr. litre total
Cusa = 17 pgpr. litre water

Cenu = (170—17 - 8.69) - 0.3 = 70 pg pr. litre water

cr . =17+70=90 gpr.litrewater

w,surface
The vertical flux from the topsoil layer calculated from Equation 14 and the degradation rate pr.

surface area, respectively, are stated below. The coefficients from experimental case A, Table 1, are

used.

Flux (diffusion and advection): N(20 cm) = 15 mg DEHP - (m? - year)™

Degradationrate: k, - C, - 6, - h

w topsoil

=7.2mgDEHP- (m? - year)™

Equations 13 gives the vertical apparent dissolved, C,*®, concentration profile in Fig. 4 together

with distribution between phases, derived from Table 1, case A.

Equations 9 and 11 are derived under conditions assuming that the concentrations are below
saturation. If they are used for atotal concentration of Cioig = 170 pg pr. litre total, the following

values are found, cf. Table 1.
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Flux (diffusion and advection): N(20 cm) = 11 - 90 = 990 mg DEHP - (m? - year)™*

Degradationrate: k, - C, - 6, - h

w topsoil

= 28 - 90 = 2500 mg DEHP - (m? - year)™

Mean exposure concentration: C,(mean) = 53 pg pr. litre

The exposure concentrations calculated with Equation 9, designed for unsaturated conditions, are
close to the concentrations calculated with Equation 13 that respects microdroplets. However the
calculated vertical transport and degradation rate are greatly overestimated. This is because the
entire apparent dissolved phase participates in sorption to DOM and degradation, where it more

accurately only should be the unimeric molecules.

The examples show that in addition to using high quality experimental data, it is important to use a

model set-up that respects the actual environmental conditions regarding to the presence of a third

phase and DOM.

Conclusion

The influence of the assumption of infinite dilute solution on the fate calcul ations of DEHP

The concentration of hydrophobic xenobiotics in the environment is typically low. However, in the
majority of experimental studies that are performed to measure the distribution properties of
hydrophobic substances, the nominal concentration is high, due to the desired reliability and
reproducibility of the data. The dissolved concentration thus exceeds aqueous saturation and the
introduction of a third phase, which does not participate in the distribution processes, can result in

crucialy underestimated partitioning coefficients. When these coefficients are employed in fate

20



models the quantification of the transport processes may be overestimated with up to 500 %, and
the exposure concentrations with up to 1400 %. This is due to the greatly overestimated
concentration of apparent dissolved substance on account of the underestimated partitioning
coefficients. The degradation is overestimated with up to 150 %. The overall result will be

associated with large error but on the safe side, in relation to risk assessment.

The influence of the presence of DOM on the fate of DEHP

The presence of natural Dissolved Organic Matter (DOM) in soil systems gives rise to an apparent
dissolved phase of sorbed substances, that can follow the advective flow, but that will not be bio-
degraded or available to organisms. If this effect is to be included in fate models the experimentally
determined partitioning coefficients must have been measured under laboratory conditions where
DOM is separated from the Fixed Organic Matter (FOM) phase of the soil. If DOM is considered
immobile in the laboratory measurements the partitioning coefficients will lead to underestimations
of the calculated dissolved concentrations, vertical flux and degradation of approximately 30, 70
and 20 %. Contrary to the errors in neglecting the third phase, the omission of DOM will lead to

results that are critical in relation to risk assessment.

The influence of using the correct model set-up with respect to the presence of the third phase

In any case, the correct partitioning coefficients and degradation rates to be used in fate modelling
are derived in experimental studies taking the third phase and DOM into account. When this
criterion is fulfilled, it is furthermore necessary to use the correct model set-up depending on the
environmental concentration of the substance in question. If the environmental concentration is
below saturation the diffusion and degradation are calculated from the concentration of dissolved

substance and advection is related to dissolved and substance sorbed to DOM. If the environmental
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concentration is above saturation, the dissolved unimeric concentration is equal to the saturation
concentration in the topsoil compartment, and accordingly the gradient is zero and no diffusive
transport takes place. If the DOM concentration is constant throughout the topsoil compartment the
concentration of sorbed substance is also constant and DOM will thus not contribute to the vertical
concentration gradient. The net flux can be calculated from advection of unimeric molecules,

microdroplets and substance sorbed to DOM. Degradation is related to the unimeric substance only.

The error from using a wrong model set-up, when the environmental concentrations exceed
saturation, is e.g. an overestimation of the total vertical flux by afactor of 60 and an overestimation
of the degradation rate by a factor of 350. The calculated exposure (dissolved unimeric substance)

concentrations are, however, only overestimated by afactor of 3.

References

Bellobono IR, Marcandalli B, Sdlli, E, Polissi, A. A model study for realease of plasticizers from
polymer films through vapor phase. J Appl Pol Sci 1984; 29: 3185-3195.

Brusseau ML, Rao PSC. The influence of sorbat-organic matter interactions on sorption
nonequilibrium. Chemosphere 1989; 18: 1691-1706.

Cao J, Tao S, Li, BG. Leaching kinetics of water soluble organic carbon (WSOC) from upland soil,
Chemosphere 1999; 39: 1771-1780.

Caron G, Suffet IH. Binding of nonpolar pollutants to dissolved organic carbon. Environmental fate
modelling. In: Suffet IH, MacCarthy P, editors. Aquatic Humic Substances. Influence on Fate and
Treatment of Pollutants. Advances in Chemistry Series, 1989, No. 219, pp. 117-130.

Fauser P, Sorensen PB, Carlsen L, Vikelsge J. Phthalates and Nonylphenols and LAS in Roskilde

Wastewater Treatment Plant. Fate Modelling Based on Measured Concentrations in Wastewater and

22



Sludge. National Environmental Research Institute, Roskilde. 110 pp. NERI Technical Report. No
354, 2001.

Frissell WJ. Volatility of vinyl plasticizers. Industr Eng Chem 1956; 48: 1096-1099.

Eadie BJ, Morehead NR, Landrum P. Three-phase partitioning of hydrophobic organic compounds
in great lakes waters. Chemosphere 1990; 20: 161-178.

Furtmann K. Phthalates in the Aquatic Environment. European Council for Plasticisers &
Intermediates 1996.

Gauthier TD, Seitz WR, Grant CL. Effects of structural and compositional variations of dissolved
humic materials on pyrene Koc values. Environ Sci Technol 1987; 21: 243-248.

Graham PR. Phthalate Ester PlasticizerssWhy and How They Are Used. Environ. Health Perspect
1973; 3: 3-12.

Haitzer M, Hoss S, Traunspurger W, Steinberg C. Effects of dissolved organic matter (DOM) on
the bioconcentration of organic chemicals in aquatic organisms - A review. Chemosphere 1998; 37:
1335-1362.

Haitzer M, HOss S, Traunspurger W, Steinberg C. Relationship between concentration of dissolved
organic matter (DOM) and the effect of DOM on the bioconcentration of benzo(a)pyrene. Aquatic
Toxicol 1999; 45: 147-158.

Hiemenz PC, Rajagopalan R. Principles of Colloid and Surface Chemistry. Third Edition, Revised
and Expanded. Marcel Dekker, Inc., 1997, 650 pp.

Kukkonen J, Oikari A. Bioavailability of organic pollutants in boreal waters with varying levels of
dissolved organic material, Wat Res 1991; 25: 455-463.

Kukkonen J, Pellinen J. Binding of organic xenobiotics to dissolved organic macromolecules:
Comparison of analytical methods, Sci Tot Environ 1994; 152: 19-29.

Landrum PF, Nihart SR, Eadie BJ, Herche LR. Reduction in bioavailability of organic contaminants
to the amphipod Pontoporeia hoyi by dissolved organic matter of sediment interstitial water,

Environ. Toxicol Chem 1987; 6: 11-20.

23



Lassen P, Poulsen ME, Stuer-Lauridsen F, Carlsen L. Leaching of selected PAH’s nd hetero-
analogues from an organic matrix into synthetic ground water. Influence of dissolved humic
material. Chemosphere 1997; 34. 335-344.

Mackay D. Multimedia Environmental Models — The Fugacity Approach. Lewis Publishers, 1991,
257 pp.

Matthiessen A. Untersuchungen Uber den Einfluss von Huminstoffen auf den Transport
polycyclischer aromatischer Kohlenwasserstoffe. Vom Wasser 1994; 82: 137-144.

Mato Y, Isobe T, Takada H, Kanehiro H, Ohtake C, KaminumaT. Plastic Resin Pellets as a tranport
medium for toxic chemicals in the marine environment. Environ Sci Technol 2001; 35: 318-324.
Muszkat L. Raucher D, Magaritz M, Ronen D, Amiel AJ. Unsaturated zone and groundwater
contamination by organic pollutants in a seawage-effluent-irrigated site. G Water 1993; 31. 556-
565.

Nielsen E, Larsen PB. Toxicological evaluation and limit values for DEHP and phthalates, other
than DEHP. The Insitute of Toxicology, , NERI technical report, no. 6, National Food Agency,
Denmark , 1996, 94 pp.

Perminova 1V, Grechishcheva NY, Petrosyan VS. Relationships between structure and binding
affinity of humic substances for polycyclic aromatic hydrocarbons. Relevance of molecular
descriptors, Environ Sci Technol 1999; 33: 3781-3787.

Poppe AC. Migrationsgeschwindigkeit von phthalatweichmachern in  weich-PVC bel
raumtemperatur. Kunstst 1986; 76: 583-585.

Quackenbos HM Jr. Plasticizersin vinyl chloride resins. Migration of plasticizer. Industr Eng Chem
1954, 46: 1335-1345.

Schlautman MA, Morgan JJ. Effects of agueous chemistry on the binding of polycyclic aromatic

hydrocarbons by dissolved humic materials. Environ Sci Technol 1993; 27: 961-9609.

24



Schulze M, Wilkes H, Vereecken H. Direct determination of hydrophobic organic compounds in
aqueous solution in the presence of dissolved organic carbon by high-performance liquid
chromatography. Chemosphere 1999; 39: 2365-2374.

Schwarzenbach RP, Gschwend PM, Imboden DM. Environmental organic chemistry. Wiley-
Interscience, New Y ork, 1993, 681 pp.

Seip HM, Alstad J, Carlberg GE, Martinsen K, Skaane R. Measurement of mobility of organic
compoundsin soil. Sci Tot Environ 1986; 50: 87-101.

Smistad G, Waader T. Migration of plastic additives from soft polyvinyl chloride bags into normal
saline and glucose infusions. Acta Pharm Nord 1989; 1. 287-290.

Staples CA, Peterson DR, Parkerton TF, Adams WJ. The environmental fate of phthalate esters. a
litterature review. Chemosphere 1997; 35: 667-749.

Tanaka S, Oba K, Fukushima M, Nakayasu K, Hasebe K. Water solubility enhancement of pyrene
in the presence of humic substances, Anal Chim Acta 1997; 337: 351-357.

Tao S, Lin B. Water soluble organic carbon and its measurement in soil and sediment. Wat. Res.
2000; 34: 1751-1755.

Thomsen M., Rasmussen AG, Carlsen L. SAR/QSAR approaches to solubility, partitioning and
sorption of phthalates, Chemosphere 1998; 38: 2613-2624.

Thomsen M, Carlsen L, Hvidt S. Solubilities and surface activities of phthalates investigated by
surface tension measurements, Environm Toxicol Chem 2001&; 20: 127-132.

Thomsen M, Hvidt S, Carlsen L. Solubility of phthalates revisited. Environmental implications. In,
Handbook on QSARs for predicting Environmental Fate of Chemicals (J.D. Walker, Ed.). Society
of Environmental Toxicology and Chemistry, Pensacola, FL, USA, 2001b, in press.

Thomsen M, Lassen P, Dobel S, Mogensen BB, Carlsen L, Hansen PE. Inverse QSAR for
modelling the sorption of esfenvaerate to dissolved organic matter (DOM). A multivariate

approach. Submitted to SAR QSAR Environ Chem 2001c.

25



Winn JS. Physical Chemistry. Harper Collins College Publishers, 1995, 1159 pp.

26



Table 1 Experimental datafor distribution coefficients and degradation rates. The data are shown to
be dependent on the experimental condition, i.e. the fraction of substance that is measured as the
“dissolved” phase. H is estimated from mean measured vapour pressures of pure substances and
experimental C,, values. Units of the distribution coefficients are stated in Equations 1 to 3. The true

agueous saturation concentration of DEHP is Cy.sx = 1.7 - 10 mg per litre (Thomsen et al., 2001a).

Sorption

Experimental
system conditions
defining
“dissolved” phase.

Dissolved:
C
Kpon = DVOM
(/W

Fixed:

Koy =

Crom C
C

Evaporation
H = Calr
w

W

Bio-accumulation

Corg
BCF =—2¢£

w

Bio-degradation

k
(hour™)

A:

Below sat.y=1
Only free

molecules

1905

5860

1.7-10°

B:

Below sat.y=1
Only free

molecules

DOM is defined
as FOM

5600”

79

8.01-107*

C:
Above sat.y # 1
Free molecules

and emulsion

1507

452

D:
Above sat.y # 1
Free molecules

and emulsion

DOM is defined
as FOM

4307

2.7-10°

251

E:
Above sat. y=1
Free molecules,
emulsion and
sorbed to DOM

Substance
adsorbed to DOM
is defined as
dissolved

4457

231077

2479

1.45-107

4 4
1) Kpow - Mppou + Krone - Mprou

(M poov T Mp oy )

4) Kiou

(J-‘* KgOM : MD.DOM)

2) Kiou
K]'/!(JM
5)

4
- K DOM

HC

(J-‘* KgOM . MD.DOM)

27

¢
3) Kpom * Mppou

c
+ Krom ~ Mprou

(M poom + Mprou )

6) BCF©

(1 + KgOM : MD.DOM)
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Table 3 Errors in model calculations of vertical flux (Equation 11), bio-degradation and exposure
concentrations (Equation 9). The environmental concentrations are below saturation and the
coefficients measured in experimental case A are the most appropriate to use in the model. —
denotes underestimation, + denotes overestimation and the percentages indicate the deviation from
the calculations where case A coefficients are used. The bold figures are the critica cases in

environmental fate and risk assessment, and they are commented further in the text.

Distribution Vertical flux
coefficients and cm%n
degradation rates Cop . Bio-degradation
. Diffusion Advection C, (mean)
used in —
calculations
A Realistic Realistic Realistic Realistic
B -25% -70% -20 % -30%
C + 350 % +235% +150 % + 1400 %
D + 525 % +120 % +130 % + 1300 %
E + 525 % +120 % +130 % + 1300 %
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Figure Legends:

Fig. 1 Infinitesimal topsoil unit that is representative of the topsoil compartment. N denotes the flux
of DEHP in mass per surface area per time. Due to symmetry net transport will only occur in the

vertical direction. The vertical water flow, g, isin dm water per second.

Fig. 2 Calculated vertical exposure (dissolved substance) concentration profiles from Equation 9.
The calculations are based on the distribution coefficients and degradation rates in Table 1. In cases
A and B the dissolved substance is the free unimeric substance molecules. In case C and D it is the
apparent dissolved substance, C,,**, comprising unimeric and emulsion of substance. In case E it is
the apparent dissolved substance comprising unimeric and emulsion of substance and substance

sorbed to DOM dispersion.

Fig. 3 Calculated exposure concentration profile in topsoil (Equation 9) and distribution of DEHP
between different phases in soil, where coefficients found in case A are used. The distribution will
be constant throughout the soil depth due to the homogeneous structure of the soil. The total
concentration at the surface is 50 ng DEHP pr. litre, corresponding to a unimeric concentration of 6

ng DEHP pr. litre, which is below the saturation point.

Fig. 4 Calculated apparent dissolved, C,*®, concentration profile in topsoil (Equation 13) and
distribution of DEHP between different phases at soil surface, where coefficients found in case A
are used. The unimeric concentration will be C sx and the difference between the apparent and the
saturation concentration will consist of microdroplets. These will only participate in advective
transport according to Equations 12 to 14. The distribution between phases will be constant

throughout the soil depth due to the homogeneous structure of the soil. The total concentration at
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the surface is 170 ng DEHP pr. litre, corresponding to an apparent dissolved concentration of 90 ng

DEHP pr. litre, which is above the saturation point.
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