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Abstract
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Human society has progressed by polluting ecosystems since at least the early industrial
revolution. Large amounts of harmful chemical compounds have been dispersed in soils, seas,
ground waters and wildlife habitats by industrial and anthropomorphic activities over the last
two centuries, leading to a persistent toxicological load on the environment. Pollution is a
threat to biodiversity, to the health of ecosystems, and to all living organisms. Advances
in environmental sciences are needed so that pollutants can be distinguished from harmless
compounds. New methods could ease the enormous task of sorting out hazardous chemicals,
and also facilitate the study of existing problems in ecotoxicology, which are often hampered by
insufficient data. In our research, we apply the methods of computational chemistry to predict
the interactions of various toxins, carcinogens, nanoparticles and xenobiotics with proteins,
DNA, and cell membranes. Methods such as molecular dynamics simulations, docking, and
quantum chemistry are at the core of these studies, each having its role in facilitating the
enormous task of transforming in vitro ecotoxicology to in silico ecotoxicology. We perform
detailed studies of a few compounds and receptors, as well as larger, more comprehensive groups
of compounds. We also outline approaches for drawing computational conclusions about the
molecular behaviour of various potential environmental toxins by modelling their interactions
with DNA and proteins, and we use partition coefficients to describe their ability to permeate the
cell membrane. Methods for studying the purification of pollutants from essential sources, such
as water, are proposed. We also investigate the emerging problem of nanoparticle pollution and
propose computational approaches to model the formation of nanoparticles from combustion
emissions and the interactions of such particles with atmospheric components.
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1. Introduction

1.1 Environmental toxicology and computational
assessments

Environmental toxicology includes the study of endocrine disruptors,
carcinogens, and other toxins [1]. What these molecules have in com-
mon are properties that make them particularly able to bind to DNA
strands, interact with signalling proteins and DNA-processing enzymes,
and block or saturate protein channels [2, 3, 4]. At the molecular level,
the actions of these toxins are based on the formation of covalent or non-
covalent bonds between the toxin/pollutant and the cellular component.
For instance, when a toxin interacts with DNA, it may form covalent
bonds with either the phosphate groups or the DNA bases themselves.
Some carcinogens function by having an energetically favorable molec-
ular configuration with the bases and forming an adduct (a carcinogen
bound to a segment of DNA), or, more simply, by establishing a bond
to the side-chains of the DNA bases [5, 2, 6]. Other toxins (such as
endocrine disruptors) exert their signalling disruption by mimicking the
native substrate for a signalling receptor (such as when an estrogen ana-
logue mimics estrogen) and binding to hormone receptors (such as the
estrogen receptor) [7, 8]. The effects of these environmental toxins are
due to specific properties that allow them to interact specifically with the
physiological machinery at the molecular level, and these properties can
be described by (among other things) the molecular radius, hydropho-
bicity or hydrophilicity, aromaticity, electrostatic potential, molecular
flexibility, molecular planarity, chemical reactivity, HOMO-LUMO gap
(high-occupied molecular orbital, low-unoccupied molecular orbital gap).
By looking at these properties, computational studies can describe and
distinguish different types of toxins, for instance, such studies can suc-
cessfully differentiate a carcinogen, a receptor-inhibitor, or an enzyme
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inhibitor. If a toxin/pollutant has a particular structure, such as a pla-
nar hydrophobic structure, it can be studied by looking at the molecular
mechanics of its interaction with the ARNT-receptor (Aryl hydrocar-
bon receptor nuclear translocator), the estrogen receptor, and a part
of the DNA molecule [9, 10]. This method should show whether the
molecule interacts preferably with any of these, and if so, at which sites.
Toxins like perfluorinated compounds [11] can be evaluated computa-
tionally against DNA [9] and several serological proteins, as this type
of molecule is known to bind to several blood proteins before reaching
an organ [12]. If we consider instead larger ensembles, such as nanopar-
ticles, then these may be harder to study with standard computational
methods, because the effects may be more localized to particulate accu-
mulation in tissue and blockage and irritation of physiological surfaces
(i.e. bronchi), rather than to chemical mechanisms [13]. Nevertheless,
nanoparticles may be studied as transporters of chemical compounds. In
such case, molecular toxins (such as polycyclic aromatic hydrocarbons
and semi-combusted hydrophobic compounds) can potentially be deliv-
ered to the tissue via surface-to-surface contact between the carrying
nanoparticle and the physiological membrane. In such case, computa-
tional assessment of toxicity of these compounds can be highly relevant
for toxicity studies, where docking and molecular simulation methods are
devised [14, 15]. In order to present the described approach, we start
by introducing two types of toxins from pollution that are important in
environmental toxicology, namely carcinogens and endocrine disruptors.

1.1.1 Carcinogens

Carcinogens have a molecular potential that is electrically and geomet-
rically compatible with forming a chemical bond with a specific part of
the DNA’s structure — in other words they are particularly reactive to-
wards forming bonds with the DNA. The various types of carcinogens
[16, 17, 18, 19, 20, 21, 22] are represented by different molecular groups,
including aldehydes, polycyclic aromatic hydrocarbons (PAHs), PCBs,
and reactive species of aromatic acids. These carcinogens are released in
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fossil fuel emissions, via their combustion, and also found in industrial
effluents, chemical industry waste products, and wear and tear of syn-
thetic products [23, 24, 1].
Most of the carcinogens listed above are hydrophobic, however a hy-
drophilic part on the molecular structure may increase carcinogencity by
inducing steering effects towards the DNA via attraction to its negatively
charged phosphate groups, as has been observed in molecular simulation
studies [9, 10]. Other carcinogens with hydrophilic moieties (i.e. ni-
troarenes) also have a higher reactivity and tend to form radical forms
during detoxification reactions [25]. Nevertheless, the aromatic prop-
erty is the principal feature of toxicity for many carcinogens, because
the π-electrons from the aromatic moiety have a particularly high affin-
ity for the aromatic planes of DNA bases and may also enable a toxin
to pass through a cellular membrane [26]. Another relevant property of
a carcinogen, flexibility, affects a compound’s affinity for binding with
DNA. For example, pyrene-like molecules are considered inflexible (or
rigid) and readily form DNA-adducts [27]. More flexible compounds,
like substrate-analogues of proteases, may be more prone to chemical
oxidation because they have geometric forms that might conform with
an enzyme surface, which means that their scissile bonds can be more
easily degraded by enzymes.
For PAHs, molecular rigidity and planarity are the main properties that
make them reactive as carcinogens [28]. The rigidity of these molecules is
based on a polycyclic structure that localizes the electrons rather evenly
throughout the surface and creates a molecular block, which retains a
stable shape and electronic configuration, making it less prone to inter-
actions with the highly flexible active sites of oxido-reductases and other
degradation enzymes. Enzyme specificity is based interactions between
the fine arrangement of flexible sidechains and the active site of an en-
zyme, and therefore many PAHs are not degraded by enzymes, precisely
because of their rigidity. Furthermore, the even de-localization of elec-
trons across several rings also gives a PAH-molecule a distribution of
π-electrons over a wide area, thereby giving it a large surface of electro-
static potential. Polycyclic carcinogens such as a PAH and aristolochic
acid [29] have large surfaces with considerable electrostatic potential,
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which are independent of its orientation relative to the surface of the
DNA bases. To elucidate this interaction, one can study the crystal
structure of the benzo[a]pyrene bound to the DNA of the N-RAS codon
61 [20]. A model of the structure of benzo[a]pyrene (BAP) interacting
with DNA shows that a benzo[a]pyrene molecule is intercalated between
the DNA bases, where it assumes an energetically favorable interaction
in a sandwich-like arrangement (Fig 1).

Figure 1. The sandwich configuration of DNA bases and BAP.
Adapted from [9] with permissions. Copyright American Chemical So-
ciety 2017. Abbrev: Ad: Adenosine, Th.: Thymine.

The size and molecular radius of a given PAH also plays a role, and
can often be used to predict the potential genotoxicity solely evaluat-
ing this aspect of the molecular structure. When we consider for in-
stance BEAP (benzo[a]pyrene diol epoxide, the carcinogenic metabolite
of benzo[a]pyrene), we see that its reactivity lies in the diol-epoxide ring
which, situated on the angular PAH-moiety, interacts with the amine
group on the adenine base in the DNA, forming an adduct [20]. This
diol epoxide-moiety on the reactive metabolite BAEP is generated by
oxidation from the CYP450 system of the former angular aromatic ring
from BAP. This angular ring generates thus the strong reactivity, after
conversion to a diol epoxide form. This group of carcinogens are thus
named to bear an "angular" moiety, which is the key for adduct forma-
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tion. With a diol-epoxide group on this angular ring, a BAEP molecule
has high reactivity towards the nitrogen with two single carbon-oxygen
bonds, a state that is less favorable than forming one single bond to the
DNA nitrogen and one oxidized diol C-O bond. BAP is not only highly
toxic because of this mechanism, but also because of its high aromaticity
which lets it cross a cellular membrane rapidly and enter into the cytosol
and Golgi apparatus.
Two additional important properties are represented by the HOMO-
LUMO values, and the REPE values. HOMO and LUMO orbitals of a
carcinogen play a central role in a carcinogen’s activity as the HOMO
orbitals carry the π-electrons (shown in Fig 2 with other occupied lower
energy orbitals). The HOMO orbitals participate in chemical reactions
and the orientation of the carcinogens to the DNA. The LUMO orbitals
(not shown here) participate in accepting electrons during a chemical
reaction. HOMO-LUMO orbitals can give an initial estimate of reactiv-
ity by their distance between energy levels (in eV - electronvolt) [30],
where a shorter distance (and hence a low value in HOMO-LUMO gap)
may suggest high reactivity, while a larger distance may suggest lower
reactivity. A molecule’s REPE value [31] gives an estimate of the reso-
nance energy pr. aromatic electron in the molecule. With the estimated
REPE, one can classify compounds (Fig. 3) and develop an initial glance
into their potential toxicity based on their cumulative resonance energy
(e.g. benzo[a]pyrene is among the highest REPE-valued molecules along
with pyrene and perylene, which all have high reactivity potential with
the DNA, compared to the linear PAHs and the larger PAHs, which have
lower REPE values.
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Figure 2. The electronic properties of the D2h members of PAHs,
tetracene and pentacene solved with the B3LYP and the Hartree-Fock
method [32, 33, 34, 35]. A: Bond order (orange bonds in π-state); B
HOMO; C: HOMO-1; D: HOMO-2; E: HOMO-3; F: HOMO-4; G: Elec-
tron density.
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Figure 3. Selected PAHs subdivided into aromaticity by REPE values.
The PAHs are depicted without aromatic bonds for simplicity. A: High
REPE values PAHs, strongly aromatic (π-sextets, from left: naphtha-
lene, benzo[a]pyrene, pyrene, triphenylene); B: Moderate-to-high REPE
values and aromaticity (“empty ring”: coronene, perylene and fluoran-
thene, added to the series a non-hollow ring PAH as well, benzophenan-
threne); C: Intermediate REPE values and aromaticity (migrating π-
sextets: dipyrene, dinapthotribenzene, zenthrene); D: Low aromaticity
and REPE values (the linear acenes: tetracene, pentacene, hexacene).

A carcinogen may also bind to a DNA phosphate group at a protein-
binding site and affect the function of the gene by disturbing the binding
to its related protein silencer/enhancer [16, 36, 21, 22]. This is illus-
trated by the phosphate groups of the p53 gene, which play a vital role
in the binding of the p53 suppressor protein [36]. Here, the phosphate
groups of the consensus sequence of p53 interact specifically with the
arrangement of arginine and lysine amino acids of the p53 suppressor
protein consensus codon [36]. The function of the p53 suppressor is to
regulate the cell-cycle switch from the G-phase (growth-phase) to the
S-phase (stationary phase); the discovery of this function has led to the
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definition of this protein to “protein of the century” [22].

Based on the reactions listed above, we can see that phosphate groups,
if disturbed by a foreign molecule, can become unable to bind to the
protein, and the function of the gene becomes directly compromised,
leading potentially to the loss of an important biochemical function of
the cell. Phosphate bonding also plays an important role in the other
mode of a carcinogen binding to DNA, through the bases’ side-chains,
which induces a potential for the introduction of erroneous codons in the
DNA sequence [16]. In the case of benzo[a]pyrene described above, this
molecule forms a base-adduct with the N-RAS codon 61 which leads to
a dysfunctional N-RAS protein (Neuroblastoma RAS protein) [20, 37].

1.1.2 Endocrine disruptors

Endocrine disruptors are a group of molecules that interfere with an or-
ganism’s ability to process hormonal signals properly. Many endocrine
disruptors have molecular structures that are similar to natural hor-
mones, particularly the sterols. The sterol hormone estrogen is of spe-
cial concern in environmental toxicology because it is easily interfered
with by estrogen analogues [38, 39, 40], steroidal estrogens (biological
estrogen forms) [41, 42], alkylphenol ethoxylates [43] and certain PCBs
[44], polybrominated diphenyl esters and alkylphenols [1]. Estrogen ana-
logues disrupt an organism’s normal estrogen metabolic pathway (Fig.
4), which can cause a number of adverse effects [45, 46, 47].
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Figure 4. Estrogen metabolites. The chart shows where estrogen me-
tabolites can be chemically modified. The extremities (red regions) of
the diagonal conformation (violet region) are the principal sites for at-
tack by oxidative and reductive reactions on sterol hormones. These
structures are particularly similar to benzo[a]pyrene (Fig. 3A, second
from the left) [48]. Adapted from [49] with permissions. Copyright
2020 Oxford University Press

One group of chemicals that is known to be endocrine-disrupting is
the phthalates (PHTs). PHTs are transported to the environment from
plastics and other source materials by evaporation, leakage, and particle
decomposition during material usage erosion, and they are now ubiqui-
tous in the environment [50, 51]. Toxicological studies on PHTs are
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being carried out worldwide [52, 53] because they have been associ-
ated with cancer [54], and several countries have banned the two most
common PHTs The two most common PHTs (bisphenol A, F and bis(2-
ethylhexyl)phthalate, or BEHP and DEHP) [55, 56, 51, 54].
PHTs have certain chemical structures and characteristics that make
them especially toxic pollutants. First, their chemical structures have
similarities to DNA bases [9]. Second, part of their structures have the
potential to form stable non-covalent bonds with the surface of DNA [9],
and it also has electronic properties that give it a strong non-covalent
interaction index [9, 57]. The interaction index is a chemical definition
of a region on the molecule that has an electrostatic potential that can
be sufficiently strong to establish a stable non-covalent interaction with
another molecule [58]. Third, PHTs have a pair of long aryl tails (long
hydrophobic chains) extending from their main ring, which are what give
them the plasticizing effect in rubber and plastic products. These tails
also give PHTs very high octanol-water partition coefficients (DEHP, Log
Kow: 7.60), which means that they can potentially cross cell membranes
[59], making them especially concerning.
Parabens (PRBs) are another class of hormone analogues that have
raised great concern in the past decade in Europe and the US [60, 61].
Parabens are commonly used in cosmetics, skin-care products, hygiene
products, and products such as pharmaceutics. PRBs have received
particular focus in recent years because of strong indications of their
endocrine disrupting activity, hormonal interference, and carcinogenic
potential [62, 63, 64]. PRBs have been detected in human urine, serum,
milk, placental tissue and breast tumors, and have been been banned
for use in several products, such as lotions for children under 3 years
of age [65]. However, toxicology studies are still not conclusive about
parabens, as the correlation between cancer and parabens is weak, even
though they seem to have endocrine disrupting properties [9]. In particu-
lar, butylparaben (BPRB) has received much attention in several studies
because of its high octanol-water partition coefficient (Log Kow) com-
pared to other parabens (Log Kow: 3.6), making it easily transferable
across the cellular membrane. Parabens have a structure that has sim-
ilarities to pyrimidine bases, and have therefore the potential to mimic
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DNA metabolites. The electronic properties of BPRB have a particular
appeal for the computational toxicologist, because a stable intercalation
between DNA bases is likely to occur, according to theoretical studies
[10, 9]. Because PRBs are less bulky than PHTs, it seems likely that
they should be able to intercalate more easily; however, few studies have
been done looking at the potential of PRBs to form stable structures
with DNA.

1.1.3 Nanoparticles

Nanoparticles from industrial and chemical products, material consump-
tion and volatile types from exhaust emissions form their own class of pol-
lutants, and they impose a significant amount of ecotoxicological stress
on the environment and living organisms. Exhaust emissions are thought
to be one of the prime causes of death worldwide, and are reported to
induce strokes, heart arrhythmia, heart infarction, and cardiac arrest
[66, 67]. Many of these conditions are directly caused physical proper-
ties of these air pollutants: for instance, particulate matter with diameter
less than 2.5 µm and 10 µm (PM2.5 and PM10 respectively) strongly
affect cardiac function [66, 68], while ultra-small nanoparticles affect
lung function by causing asthma, chronic bronchitis, and pulmonary dis-
orders [69, 70, 70, 71]. Recent reviews show that ultrafine particles
cause detrimental physiological responses in individuals exposed to air
pollution [14, 72, 73, 74, 75, 76, 77, 78].
Nanoparticles are toxic not only because of their physical properties,
but also chemically. At present, we know little about factors like chem-
ical dynamics within nanoparticles, and how those dynamics can affect
surface properties. Such analyses can aided by computational ecotoxi-
cology methods, where the chemical properties of the compounds that
are known to exist in nanoparticles can be simulated and their poten-
tials to aggregate and form nanoparticles investigated. This process can
help us to understand properties of nanoparticles like how chemical or-
ganization is affected by temperature and various other physicochemical
parameters. Computations methods could also help us predict how dif-
ferent combinations of different fuel types, and various chemical additives
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can affect the toxicity of nanoparticles. Because these compounds are
continuously changing with the development of new and alternative fuel
variants (such as bio-blends with gasoline or diesel [14]), it is critical
that new assessments and predictions of toxicological potentials are con-
tinuously made.
Computational methods can also assist in predicting the properties of
beneficial nanoparticles such as carbon nanotubes, which can be engi-
neered to create better decontamination methods for ecosystems exposed
to pollution, such has been done in the Arctic [79], for various contam-
inated soils [80, 81, 82], and for water remediation [83, 84, 85, 86].
By simulating the nanotubes with a modelled chemical environment of
contaminants, the computational methods can therefore give valuable
insights into the effects of the nanotubes as a binding matrix, a filtering
material or a suspended clogging material to purify various phases in
the environment. This rationale can be applied on virtually any nano-
material that is representable as molecular coordinates, and can also be
applied to gas-simulations, and also be extended to include magnetic-
interactions between metal-nanoclusters by applying quantum chemical
methods of calculation, either to study the properties of the nanoclusters
[87, 88, 89] or their interaction with a pollution model [83].

1.2 Molecular Dynamics simulations
Molecular dynamics (MD) simulations are entirely of a predictive na-
ture. Although one may characterize a procedure as a molecular dynam-
ics “experiment”, its plausibility is entirely determined by the statistical
significance of the experiment. In other words, the number of repetitions
of a molecular dynamics simulation is essential to give a foundation of
statistical strength, as in any other experiment in science. However, the
virtual nature of the process may require the experiment to be character-
ized as an experiment having more of a predictive nature than a testing
nature. Casting these trials in this light mitigates the lack of physical
evidence which the human mind usually depends on to study and clas-
sify nature. The predictive nature of a molecular dynamics experiment
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may be considerably strengthened when the results are evaluated in the
light of previous experimental work in vitro, and when questions are pur-
sued based on what previous empirical work has pointed towards. To
be successful, this process requires that the experimenter is impartial,
and that an experiment is solely based on identifying “if” and not “how”
systems work. The latter is more dependent on physical affirmations,
but the former can be reproduced on any level — virtual, empirical, or
theoretical. Experiments should be designed and set up with as much
empirical foundation as possible, and the empirical background must be
reproduced exactly to minimize the degree of ambiguity and maximize
the degree of reproducibility.
The first MD simulations of liquid argon were performed in the 1950s,
and arose from algorithms originally developed by NASA for astrodyna-
mics to simulate the motion of groups of cosmic bodies such as planets
and comets of solar systems, which were used to predict solar and lunar
eclipses and possible collisions between comets and planets [90]. MD
is deterministic in principle (however it may also be stochastic), which
means that the starting configuration gives one output after a simu-
lated interval of time, depending on the start motion impulse from the
Maxwell distribution [91, 92]. The initial directions of the movements
of the atoms should yield the same final assembly of atoms in the pro-
tein/molecule, because of the principle of Newtonian mechanics, which
states the force of a moving body remains constant until another force
changes its direction. Numerical rounding may alter the outcome; how-
ever, the averages should converge according to the central limit theorem.

The major contribution to an optimized structure as input for MD
simulation is a structure where all coordinates are minimized to yield
the lowest possible energy based on the energy minimization method se-
lected. (For more on methods of energy minimization, see [93].) Both
energy minimization and MD are based on classical physics, and use
what are called force fields for the molecular mechanics values for bond
angles, lengths, and torsions.
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Force fields.

Force fields like CHARMM [94], Alexandria [95] GROMOS [96], and
AMBER [97] are libraries containing the physical parameters of molecu-
lar groups (for instance, bond lengths and force constants) such as angles
and torsions derived from infrared spectroscopy (IR), crystal data, res-
onance experiments and ab initio quantum mechanics. The physical
constants in a force field reproduce the physical qualities of molecules in
a multi-atomic system in silico (computationally), following the additiv-
ity principle [98], which is used to compute the energy of the system,
whether it is a molecule in vacuo or in solvent. The additivity principle
assumes that addition of energies of the components of a system esti-
mates the total energy of the system, a principle that is very successful
in most bio-computational approaches, but shows some weaknesses in
non-homogeneous systems (such as water-lipid interfaces and protein-
lipid interfaces) given the missing many-body effects [99].
A force field can be described as:

E = ∑
bonds

kbondi (li − li,0)
2
+ ∑

angles

kanglei (θi − θi,0)
2
+

∑
dihedrals

kdihi [1 + cos(niφi + δi)] +∑
i

∑
j>i

4εij[(
σij

rij
)

12

− (
σij

rij
)

6

] +
qiqj

4πε0rij

(1.1)

The first three components describe the harmonic functions that al-
low the bonds, angles and torsions over the allowed intervals (li − li0;
bondlength2 - bondlength1, etc.) to oscillate at the equivalent oscillation
frequencies determined using IR-spectroscopy [91]. The last two com-
ponents are the Lennard Jones potential (Van der Waals interactions)
and the Coulomb potential (electrostatic interactions) respectively. The
last term is summed for all atoms in the system, defined by N . Consider
for instance the angles: if the angle between two bonds is too small,
there will be a steric clash between the electrons that make up the bond,
resulting in the atoms repulsing each other. Given this repulsion among
electrons, a high Coulomb energy would be generated, and thus raise the
energy to a more unfavorable state. Therefore, a low angle yields a high
energy state — that is, repulsion is not energetically optimal. This sort
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of reasoning applies to all the other terms as well, and is the basis for
all energy-monitoring force-field libraries that are built on physical data,
which are reproduced using mathematical functions.

Most force fields can be simplified to the form:

Epot = Ebonds +Eangles +Etorsions +ELJ +ECoul (1.2)

which describes what an energy minimization (EM) aims to minimise,
Epot. Using a simple EM-algorithm estimates a lower energy state, where
bonds, angles and atomic positions relative to each other are carefully
modified to reach a lower energy level. There are three methods mainly
applied for energy minimization: steepest descent, conjugate gradient,
and the Newton-Raphson method. The differences among these is at
the level of mathematical theory where the method for reaching a lower
energy level of the atomic system is different [92]. Steepest descent is
a fast method, but does not make large changes on the structure in the
energy-landscape of a protein or a molecule: it has little or no chance
of escaping a local minimum and simply refines the position within the
local minimum. Conjugate gradient and the Newton-Raphson methods
are brute force heuristic methods that are used initially to find a lo-
cal minimum in the energy landscape of the atomic system; these are
computationally more expensive and have the ability to return to a pre-
vious minimum if no lower minimum is found with the given geometrical
alterations [92].

1.3 Octanol Water partition coefficient estimation in
computational chemistry

Octanol-water partition coefficients define the ratio between the concen-
tration of a compound in the octanol phase and the concentration in the
water phase of a biphasic system. Octanol-water partition coefficients
are among the most important factors to estimate the toxicological po-
tentials of pollutants and toxins and form the foundation for classifying,
labeling and categorizing emerging and existing pollutants for environ-
mental toxicity [100, 101, 102, 103]. Furthermore, partition coefficients
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are used to assess the most likely fate of the compound in the body
of humans and animals, via its miscibility with apolar phases in the
body, such as fat tissue and cell membranes. The octanol-water parti-
tion coefficient is an important indicator that can be used for categorizing
and classifying new compounds scheduled for the market [104, 105], in-
cluding plastics and coatings, surface-flame retardants for consumables
and packaging materials, structure and fortifying compounds for com-
puter hardware industry, materials and components for electronics and
portable telecommunication devices, as well as for cosmetics and hy-
gienic products. Given the ubiquitous presence of pollutants in the
environment, deriving from the industrial-, chemical- and production-
sectors of plastics, consumer products, hygienic products, and virtually
all products and materials applied in the local environments of humans
[106, 107, 108, 109, 30, 24, 109, 110, 111, 112, 113] a method to prevent
and limit further release of new and potential pollutants in the environ-
ment is important. In order to develop a rapid and good method to
determine octanol-water coefficients, computational resources are con-
sidered as paramount, to predict and estimate the log Kowvalues for new
and emerging compounds. Kow is calculated by the following formula:

Kow =
[COctanol]

[CWater]

(1.3)

where C is the concentration of the compound of interest in the oc-
tanol and water phases respectively. Methods to predict log Kow are
paramount for ecotoxicology and we have calculated log Kow using a
number of computational methods including molecular dynamics and
quantum chemical calculations (Paper 1).
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2. Materials and Methods

2.1 Molecular Dynamics simulations
A MD simulation usually requires the input structure to be represented
as Cartesian coordinates (x, y, z). A topology file of the protein/molecule
is generated based on the force field for a given set of molecules. The
file, which is generated using the force field library, contains charges,
atomic sizes and masses, coordination numbers (metal ions for instance)
and other physical factors required to simulate the multi-atomic sys-
tem under study. The topology is usually confined in a cubic box of
customisable dimensions (periodic boundary conditions - PBC). If sim-
ulated in vacuo the periodic boundary conditions are irrelevant because
there is only vacuum around the protein, however when the simulation
is intended with solvent phase, the box must be of proper dimensions,
in order to limit the number of solvent molecules to a confined space ho-
mogeneously around the protein. The positions of the water molecules
are optimised with the protein using an energy minimization (EM) pro-
cedure. The simulation of the atoms can be carried out with restraints
to their original positions, using position restraints in order to avoid po-
sitional fluctuations of the system in a periodic system. The bonds are
normally simulated using algorithms as constrained SHAKE [114] and
LINCS [115]. The Morse function and harmonic function are mathemat-
ical function that can be used to model the distance oscillation between
two bonded atoms during the simulation. However neither of these are
precise enough [116], and therefore the bond constraints are preferred
over such functions. In refinement of protein structures from X-ray crys-
tallography where flexible loops occur, the loop-data generated from the
X-ray scattering is often not precise enough, and therefore MD is applied
by freezing the well-defined regions in the structure, and simulating the
flexible parts with the bond-algorithms. Water molecules are usually
simulated as rigid molecules; the most popular models of waters being
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SPC, SPC/E, TIP3P and TIP4P [117]. The differences between these
are how many, and where the charges of the water atoms are located on
the water molecule and the magnitude of the charges and LJ parameters.
Flexible water models have also been developed, however these require
more computational resources when simulating large systems and are
often restricted to pre-MD equilibration of the solvent-protein interface
[91]. Time is defined by an integration step size, which is usually 1
or 2 femtoseconds, over this integration step the motions are simulated
in accord with the Newtonian equation of motion, where the tempera-
ture of the atoms is controlled using a temperature-coupling algorithm
[118]. Molecules are thus simulated, but proton transfers and electron-
excitation can not be modeled with classical MD without implementing
for instance the empirical valence bond method or QM/MM (quantum
mechanics/molecular mechanics) [92]. Non-bonded interactions are usu-
ally calculated using the Lennard Jones potential (and occasionally with
the Buckingham potential), while the interaction between charged (non-
bonded) atoms are modeled using the Coulomb potential [91]. LJ and
Coulomb potentials are hyperbolic functions that describe respectively
the van der Waals interaction and the charge-to-charge interaction over a
given distance between two non-bonded atoms. Historically, these func-
tions have been used with distance cut-offs, meaning that atoms outside
a given distance are not included in the “electrostatic neighbourhood” at
the specific time-frame, however the neighbourhood is normally updated
every 5-10 femtoseconds in a MD simulation, so new atoms can easily
“enter” the electrostatic environments [93]. Cut-offs lead to precision-
loss however, [90], and methods based on the Ewald summation, such
as particle mesh Ewald [119, 120], and particle-particle-particle-mesh
[121] give much higher quality in the final results, but require longer
computational time [90]. In principle, a reaction field [122] can be ap-
plied instead of the mentioned electrostatic methods, which has shown
to be computationally inexpensive though still quite precise for neutral
molecules [123, 124].
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2.2 Density functional methods
The fundamentals for the density functional (DFT) methods lies in the
Hohenberg-Kohn theorems, which first of all describe the ground state
of many-electron systems as an electron density represented in spatial
coordinates (x, y, z). The Hohenberg-Kohn theorems furthermore de-
fine an energy functional where the correct ground-state spatial electron
density is the energy minimum of this functional [125]. Furthermore,
density functional methods are used to calculate the electronic density
using functionals (functions of a function). The use of functionals saves
a considerable amount of computation time, compared to Hartree-Fock
methods (wave function methods) which use the many-electron wave
function. However time-consuming, the Hartree-Fock method has a con-
siderable advantage over DFT because of its more complete treatment
of dispersion effects (applied when explicit electron correlation is taken
into account, which is typically not the case), which is an aspect that
many DFT method don’t include. If such effects are included, then
accurate results can be generated with DFT. In order to include disper-
sion, one option is to select the Minnesota functionals [126]. Dispersion
is normally automatically included in time-requiring correlation consis-
tent wave function methods, such as configuration interaction (CI) and
coupled-cluster method (CC) [127]. For environmental toxins such as
nanoparticles of sizes as fullerenes, and for complexes between carcino-
gens and DNA fragments, the B3LYP method [128, 32, 34, 129, 35] is
the most suitable, because it is time-efficient and is of a reasonable high
accuracy. The B3LYP method is a DFT method which can be used with
basis sets with single, double, triple, quadruple and even higher num-
ber of zeta functions to model the valence shell of the atoms. B3LYP
does however not include dispersion effects, which are instead included
in more modern DFT methods [130]. DFT methods can be used with
any number of basis functions, however single and double zeta function
may not reflect intermolecular bonding accurately enough if we wish to
estimate bonding energy between two interacting molecules. Because
B3LYP does not include dispersion, or proper electron correlation (but
effective correlation in the functional), one needs to compute the inter-
action of two compounds in the gas phase first. However, to compute
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interactions one needs to take into account the basis set superposition
error, or use SAPT (Symmetry-adapted perturbation theory) or also
coupled cluster methods. For interactions in solvent one can consider
polarizable continuum model (PCM) or the COSMO model [59]. This
is recurrent in the theme of this thesis, where we estimate the bonding
patterns between molecules and cellular factors such as the DNA [9, 10],
as well as for toxins and proteins [59].
An additional important part of DFT calculations is also that they model
the interaction term between electrons and nuclei using the Û operator
and with the V̂ operator describing the effective potential which includes
the Coulomb interaction between electrons. The operators Û and the ki-
netic operator T̂ are so-called universal operators, as it is the same for
any N-electron system, while V̂ is system-dependent. This description
is included in the following form of the time-independent Schrödinger
equation:

ĤΨ = [T̂+V̂ +Û]Ψ = [
N

∑
i=1

(−
h̵2

2mi
)+

N

∑
i=1

V (ri)+
N

∑
i<j

U(ri, rj)]Ψ = EΨ (2.1)

2.2.1 Non-density functional methods

Below we shall list a few of several methods in quantum chemistry cal-
culations, with emphasis on the most conventional.

Hartree-Fock

The Hartee-Fock (HF) method, accounts for the electronic configuration
of fermions as a many-body system, where the exact N -body wave func-
tion is approximated using Slater determinants for N spin orbitals [131].
Here N is the number of electrons. Spin orbitals are spatial wave func-
tions which account for the spin-exchange between electrons of spin +1/2

or −1/2. The energy of the spin-orbitals is approximated using a set of N
coupled equations for the respective spin orbitals. The actual algorithm
for solving the Schrödinger equation [132] in HF methods approximates
the solutions using numerical methods, because there are no known so-
lutions to many-electron systems. The method solves each Hartree-Fock
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equation individually for one electron at a time, and treats the remain-
ing electrons as Slater-type orbitals (STO). Then, beginning on the next
electron and its HF-equation, it treats the remaining electrons as Slater
Orbitals, except for the first and solved electron which HF equation is
now known. Gradually, the many-electron system is solved to represent
all the electrons and account for each others’ HF functions, something
which gives it the title “self-consistent” method. Once the many-electron
system is solved, the energy is known, based on the approximation of
the HF-equations and generation of the spin-orbitals. The HF method
approximates therefore the best solutions iteratively, giving quite accu-
rate results [133]. The HF method is subdivided into two methods, one
for open shell systems - Unrestricted Hartree-Fock (UHF), and one for
closed-shell systems, where all orbitals are fully occupied or fully unoc-
cupied, Restricted Hartree-Fock (RHF). The HF method is based on the
Fock operator, which is necessary to formulate the interaction of the elec-
trons. The Fock operator defines the following properties, the orbitals,
the core-Hamiltonian, the Coulomb operator and the exchange operator.
The method is however very time-requiring and is not applied for large
molecular systems such as nanoparticles, but can be optimal to optimize
complexes of xenobiotics and active sites from enzyme or the DNA.

Density-functional calculations

Density functional methods share a common approach in that the first
step in such a calculation is to generate a trial or test-function, ψtrial

which is used to estimate the initial energy of the system. Once some
initial estimate of the energy of the system is made through the trial
function, it is then modified until the lowest energy of the system is
approached where the difference of the energy between each calculation
step has reached a minimal and accepted value (i.e. the threshold can
be 10−4 eV, describing that when the energy between each step of cal-
culation does not change more than this given value, the calculation
will terminate successfully). During density functional calculations the
electrons are considered as probability densities in a static external po-
tential, V̂ , which affects the position of the nuclei via the potential Û .
The stationary state is modeled by eqn. 2.1. Because of the many-
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particle problem, the DFT methods (as also for other methods) simplify
the representation of the ground state to a unique functional Ψ of the
electron density ρ(r), and not to individual particles subjected to an ex-
ternal nuclear potential, V̂ . The main difference between DFT and wave
function methods is that the phase disappears and there still is an exter-
nal potential due to nuclei in DFT, but the electron-interactions are in
the functional. DFT methods, as also Hartree-Fock methods uses basis
sets which subdivide the electronic system of an atom into two groups,
the valence electrons (participating in chemical reactions) and the inner
core group of electrons (not participating in chemical reactions). Some
basis sets use effective core potentials, but most do not. For instance,
such effective core potentials are used typically for heavy atoms such as
I. The inner core electrons are viewed as a part of the atom, as an ionic
core which interacts with the valence shell. The interaction between
the valence electrons and the “ionic” core, and the nucleus is described
by pseudopotentials, which is an approximation originally introduced by
Hellmann in 1934 [134]. The pseudopotential depends on the calculated
radial component of the wave function (described by the Legendre func-
tions) and on the angular momentum of the electron. The use of DFT
methods can, with the use of high-zeta numbers (>2) for the basis set
[135, 136, 137] provide important insight into the chemical interactions
between toxicological entities and cellular factors (NADPH/H+, NADH,
vitamins), or at least fragments of cellular factors (DNA). As described
briefly above, the DFT method does not determnine the individual wave
functions ab initio or via perturbation theory to calculate the atomic and
molecular orbitals. For instance, the 6-31G [33] Gaussian type (GTO)
basis set includes the functions and atomic orbitals of all atoms from
H to Zn, which gives a rapid access to the "molecular wave function".
Other basis sets, such as the solution to the Schrödinger equation for hy-
drogen atoms, comprise the STO basis sets (Slater orbitals), which are
functions that are used as atomic orbitals for each respective atom, while
other more refined basis sets increase the number of basis-functions to
several dozens, increasing the accuracy of the estimation of the observ-
ables for the given system. One of the advantages of STO is that their
gradients do not vanish at the nucleus, while GTO’s have no gradients
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at the nucleus. This is an advantage because it gives a an accurate value
of the Hessian at the nucleus.
Polarization functions [129] are another part of DFT and HF calcu-
lations which play an important role in quantum chemical calculations.
Polarization functions attribute to the basis sets more flexibility, allowing
molecular orbitals involving the hydrogen atom to be more asymmetric
about the hydrogen nuclei. This is important for cases where charge po-
larization affects the form of the given orbital. Additionally, the accuracy
of the DFT method can be increased by changing the properties of the
basis sets by the use of diffuse functions for light atoms, as hydrogen and
helium [129]. Diffuse functions are extended Gaussian basis functions
with a small exponent, and are important for describing ions or dipole
moments, but they can also be important for accurate modeling of intra-
and intermolecular bonding. For instance, diffuse functions are needed
when one wishes to calculate long-range interactions, i.e. London-forces,
ligand fields, or electronically excited states [138].
Basis sets that can be applied for toxicological assessment are the 6-31G,
6-31G* [33] and 6-311G [129, 35]. The 6-31G* adds to the 6-31G set five
d-type Cartesian-Gaussian polarization functions on each of the atoms
Lithium through Calcium. The cc-pVTZ and def2-TZVP are additional
suitable basis set for toxicological assessments, which can be used with
potentials for elements belonging to the heavy-metal class [139, 140],
when evaluating the effects of metals on particular active sites of proteins,
such as the metallothioneins. These basis sets have all been used for tox-
icological chemistry calculations previously [141, 142, 143, 144, 145] and
will be prioritized for the calculations in this thesis.

Methods used in the papers

In the listed papers, my coauthors and I have used DFT as well as HF
methods. For the paper nr I, we used HF/6-31+G(d,p) [146, 147] and
BP86 methods [148]. The choice of methods and basis sets was made by
the first and third authors. In paper III, I selected B3LYP the method
[128] with the 3-21G Pople [129] basis set, as the ensembles of molecules
were quite large, and I was particularly interested in optimizing the com-
plexes as the results from the molecular simulations and study the orien-
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tation between the various components. In the addendum of this paper,
paper nr IV, Dr. Tian Lu and I performed additional calculations in a
solvent phase, of the same set of molecules as in paper II. We used the
B3LYP-D3(BJ)/6-311G* method [128], in order to calculate the effect
of the solvent on the optimized states from paper II with a higher ac-
curacy on the estimations of the solvation energy. In paper nr. V, the
HF/6-31G(d) method was used, as a selection from the first and last
authors. In paper VII, Dr. Tian Lu selected the following methods of
study, PWPB95-D3(BJ) (plane-wave method with dispersion) [149], the
Minnesota functional method M06-2X [150], the B3LYP-D3(BJ) method
(DFT method with dispersion) [128], the ωB97XD [151] method and the
PM7 method [152]. One of the papers include plane-wave methods and
well as wave function-methods (paper VII), for strict comparisons of the
resulting compound energies of solvation. The DFT methods have been
used where there was a reference to previous studies made with the se-
lected method. For instance, the B3LYP-method [128] has been used in
some of the papers included in this thesis, as there have been abundantly
many studies made with this method on small atomic systems.

2.3 Methods for calculating octanol-water partition
coefficients

Several methods exist for calculating theoretically octanol-water parti-
tion coefficients, log Kow. The XLogP3 [153], which we will describe
in this section is commonly used at databases such as PubChem. There
are other methods available, such as the method developed by Meylan
and Howard [154] which uses Henry’s Law constants to calculate the
octanol-water partition coefficient. A third method given by Wang and
Won [155] considers several physicochemical properties of compounds
in the calculation of log Kow. There are also other methods where the
octanol-water partition coefficient are estimated based on estimating a
quantitative structural property relationship (QSPR) of molecules [156].
Such methods are still being developed using novel approaches [157], like
implementation of molecular dynamics simulations [158] in predicting
log Kow values. Quantum chemical calculation have also been combined
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with log Kow methods where the COSMO-SAC program predicts log
Kow values with optimization of the interaction between the octanol and
water phase to the structure of the xenobiotic at hand [159]. We shall
look closer at the most important methods in the following subsections.

The XlogP3 method.

The XLogP3 method is an additive method, which sums up the contri-
butions on log Kow from components of the chemical structure (atoms,
bonds, torsions etc.) with the inclusion of correction factors [160]. The
latter adjust the estimated values against empirically determined ref-
erences [153] by correcting the estimated log Kow value according to
molecular class (amino acid, polycyclic aromatic hydrocarbon, aliphatic
hydrocarbon) and functional groups such as nitro-groups, keto-groups,
azo-groups etc [160]. The standard additive model computes log Kow

as:

logKow =
M

∑
i=1

aiAi +
N

∑
j=1

cjCj (2.2)

where ai and Ai are respectively the contribution and the occurrence
of the ith atom/group type in the compound. cj and Cj are respec-
tively the contribution and the occurrence of the jth correction factor in
the given compound. In the XlogP3 model, the method uses an atom
as a type, and not as group of atoms or nuclear species (i.e. Ci, Cj ,....
atoms). This is preferred given that when considering an atom as a type,
it is distinguished based on its particular neighbours and not based on
its atomistic properties. XlogP3 uses a total of 83 basic atom types to
classify carbon, nitrogen, oxygen, sulfur, phosphorous and halogen atoms
[153], and the classification is made by considering the a) element type,
b) the hybridization state, c) the accessibility to the solvent (defined by
the number of hydrogen atoms bonded to the atom type) , d) the type
of neighbor atoms and the and e) whether it is part of an aromatic ring,
and f) whether it is connected to atoms with a π-configuration. For ex-
ample, for amino acids in the XlogP3 system the authors constructed a
correction factor based on the number of internal H-bonds and the num-
ber of zwitterionic states (if any), which often applies for charged amino
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acids at neutral pH. When XLogP3 is used on a molecular structure, the
method devises a similarity search-algorithm which uses the topological
torsion descriptor proposed by Nilakantan [161]:

.
Figure 9. The topological torsion descriptors of 3-ethylfuran [153].

From the topological torsion descriptor (Fig. 9), the XlogP3 method
estimates a similarity score between the query molecule and a database
homologue, using their individual torsion descriptor sums. The similar-
ity score ranges from 0 to 1, with 1 indicating maximum homology.

This method gives therefore large deviations in log Kow wherever the
similarity score is low, i.e. when there is low homologies between atoms
of the target molecule and the database. This is observed in our data-set
(Paper 1), in particular for perfluorinated compounds (perfluorodecanoic
acid, Exp. log Kow= 10.2, XlogP= 6.3, perfluroundecanoic acid, Exp.
log Kow= 9.2, XlogP= 6.9, and so forth) and to some extent on phthalate
esters [162]. The results from the XlogP3 in a benchmark show that the
correlation between the Log Kow-exp and Log Kow-calc has an R2 value
of 0.913, where 8199 compounds are included in the test set [153]. Other
methods such as CLOGP [163] give R2 values of 0.937, followed by other
methods such as ALOGPS, ALogP98 and HINTLOGP, with respective
R2 values of 0.894, 0.854 and 0.419 for the same data-sets. According to
the study on XlogP3, the advantages of the XlogP3 method is that that
larger compounds can be linearly scaled for LogP in a summation mode
and it can therefore be more efficient [153]. This gives a lower error
using XlogP3 on larger molecules, compared to other methods, however,
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it still gives a considerable error when the number of atoms surpasses 40.
Also, the method does not seem to rely on an extensive classification of
fragments and correction factors, for improving accuracy of the estimated
log Kowvalues, however this can give particular challenges in respect to
cases such as the perfluorinated compounds (PFC), especially for long-
chained PFCs which tend to deviate more in terms of predicted log Kow

from experimental log Kow [59]. XlogP also considers the query molecule
in an interpolating fashion, where the computed log Kow is estimated for
a query molecule with increasing accuracy the more similar molecules are
in the database. In other words, a database rich in homologues increases
accuracy for molecules that rely on these very homologues.

ALOGPS.

ALOGPS is another method that applies an associative neural network to
estimate the lipophilicity index of molecules. The program considers the
number of networks in the molecular system, distances, neighbour func-
tions and smoothing parameters [164]. The neural networks are com-
bined with the k-nearest neighbour method [165]. The artificial neural
network provides memory that gives new neural data which is combined
with a training set of compounds, while the k-nearest method is a fuzzy
algorithm which aids in pattern and object recognition. Lipophilicity
by ALOGPS is predicted using the Efficient Partition Algorithm [166],
which associates noisy objects in noisy datasets using a correlative mea-
sure which takes into account their internal relationships (e.g. structural
geometry). ALOGPS predicts the log Kow of a compound by using a
database, the PHYSPROP database [167] which is composed of ex-
perimental values for lipophilicity of more than 13360 compounds, in-
cluding metal-containing compounds, non-hydrocarbons (i.e. perfluori-
nated compounds), and duplicates such as L and D stereoisomers. The
ALOGPS also uses data from the BioByte Starlist, the NOVA set [164]
and the XLOGP set, an earlier version of the XLOGP3 [153]. The cor-
relation coefficient of the ALOGPS is similar to XlogP3, r2 = 0.95 [168],
other studies show a superiority of ALOGPS over KOWWIN [169].
KOWWIN estimates the log octanol-water partition coefficient,log Kow,
of chemicals using an atom/fragment contribution method. The prin-
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cipal measures for correlation in ALOGPS is the measure of similarity
based on the Euclidean distance:

E(x, y) =
√

∑
i

(xi − yi)2 (2.3)

where and x and y are the respective Euclidean distances between a
query atom and the most similar atom in a homologue from the database.
The larger these distances become for all atoms in a molecule, the lower
the homology between the query molecule and the homologue becomes.
This Euclidean distance is applied in an inverse manner to generate a
Pearson correlation coefficient, R(zi,zj) = 1, with Euclidian distance
E(zi,zj) = 0, where the inverse is given by:

IE(zi,zj) =
1

(1 +E(zi,zj))
. (2.4)

Neighbour functions are generated using the KNN method [166], by
introducing the function:

F (ξij) = 1 (2.5)

which averages all k-nearest neighbours given by:

zi
′
= zi + ∑

j∈Nk(xi)

(yj − ẑj)F (ξij)

RRRRRRRRRRRR

∑
j∈Nk(xi)

F (ξij) . (2.6)

In this way, all nearest neighbors contribute equally to the error cor-
rection. The ALOGPS method uses between 4 and 256 layers, and de-
pending on the computational resources available, it can be scaled to a
larger number. The ALOGPS method has not been benchmarked since
2013 [170], and appears less used in recent years.

The COSMO-SAC method.

The revised COSMO-SAC model (COnductor-like Screening MOdel Seg-
ment Activity Coefficient), published by Xiang et al. [159], includes 992
molecules for which partition coefficients in octanol-water systems are
computed. The COSMO-SAC method is implemented in the Amster-
dam Density Functional suite and Dmol3 modeling kit with a COSMO
solvation model [171, 172, 159]. The procedure of calculating the parti-
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tion coefficient in two solvents uses the activity coefficient calculated for
a molecule with its dispersion terms from the following equation:

ln(γi/S) = ln(γ
res
i/S ) + ln(γdisp

i/S
) + ln(γcomb

i/S ) (2.7)

where
ln(γdisp

i/S
) = (∆Gdisp

i/S
−∆Gdisp

i/i
) /RT (2.8)

is the contribution from the dispersive interaction. Here i/S denotes the
activity coefficient for the ith atomic species of the solvated system, S.
The partition coefficient is then calculated after identifying γi in equation
(2.8) by the following:

Ki =
CI

totγ
II,∞
i

CII
totγ

I,∞
i

(2.9)

where CI
tot and C

II
tot are the total molar concentrations of the compound

in phases I and II respectively. The equivalent γ-values are the infinite-
dilution activity coefficients of the solute in solvent I and II respectively
The calculated log Kow values by COSMO-SAC show similar accuracy
in both ADF and DMol3 [159]. Molecules with hydrophobic moieties
are predicted more accurately than hydrophilic molecules, where the ac-
curacy drops by about 20 % for the DMol3. The results by Xiong and
colleagues [159] show also that the when the log Kow values are less than
2, the method overestimates the partition coefficient. The opposite hap-
pens when the log Kow is above 4, yielding an underpredicted value of
the partition coefficient. According to Xiong and colleagues, the cause of
this can be related to the fact that the larger log Kow becomes, the higher
the measurement error becomes, since the solute concentration becomes
extremely small either in the octanol or in the water phase, suggesting
that the experimental measurements may be inaccurate or in some cases,
not possible to be made. This latter case is particularly related to some
perfluorinated compounds that are not possible to estimate for log Kow

(i.e. perfluorooctanesulphonic acid - PFOS or pefluorooctanoic acid -
PFOA) [173]. Furthermore, Xiong et al [159] propose that the inclu-
sion of dispersion effects in quantum chemical calculations can improve
the accuracy of the predicted values of partition coefficients compared to
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previous models [159]. Furthermore, Xiong et al [159] describe that the
more a dilute limit is approached for the solute, the actual reference envi-
ronments change considerably. In other words, the modeling of all type of
interactions including dispersion can have an improving effect on the cal-
culations of log Kow values. This phenomenon is then directly reported
in the equation (2.9), where the respective free energies of solvation be-
come more inaccurate the more the dilute limit is approached, giving
changes in the activity coefficients. Other recent computational studies
highlight the importance of developing accurate prediction methods for
partition coefficients of perfluorinated compounds [174]. The method
in that paper is based on the application of solvent effects through a
single-point energy calculation using gas-phase optimized geometry and
electronic frequency corrections. The method then uses the energy values
in either octanol or water which are obtained by combining the uncor-
rected energy in solution (for octanol and water, respectively), with the
gas-phase thermal correction to the Gibbs free energy. This approach
considers therefore the log Kow as:

logKow = (Ew −Eo)/(RTln10) (2.10)

where Eo describes the Gibbs solvation energy of the solute in octanol,
and Ew describes the solvation energy of the solute in water. The en-
ergies in equation (2.10) were calculated using Gaussian 09, with the
B3LYP functional with the 6-31++G(d,p) basis set [174]. The solvent
was accounted for using the SMD method (Solvation Model based on
electronic Density). The geometries of the PFCs were built from helical
structures, and not from linear models. The results of the calculations
show that the lowest correlation between calculated and experimental
log Kow was for the charged PFCs. A good correlation was achieved for
neutral perfluorinated carboxylic acids [174]. The results showed that
a better estimation of log Kow could be achieved when the PFCs were
in helical conformation, compared to the more linear molecular configu-
ration which appears for alkanes for instance. It appears thus that the
strong electronegativity of fluorine atoms is not well compensated for
when modeling the molecule using SMD log Kow prediction, as it appar-
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ently yields helical configurations in the minimized state by a probable
Pauli repulsion. This helicity [175] is explained by hyperconjugation in
PFC which is caused by σCC → σ∗CF interactions [176] and apparently
yields better prediction of log Kow when accounted for [174] (see also
publication I in the list of Publications).
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3. Summary of papers

I

Spoel D, Manzetti S, Zhang H, Klamt A. (2019). Prediction of Parti-
tion Co-efficients of Environmental Toxins Using Computational Chem-
istry Methods. ACS Omega, 49:13772-13781.

log Kow values are critical for indicating whether a pollutant or xeno-
biotic may be harmful to living organisms, since it approximates the
potential of transferring to the cytosol via cell membrane penetration.
In this study, we investigate a new method for estimating log Kow values
for xenobiotics based on their molecular structure. The method opti-
mizes molecular structures and calculates Gibbs energy of solvation in
octanol and water partitions (by the SMD technique). The method also
includes simulating some of the molecular structures by molecular dy-
namics simulation, using pull-force based molecular simulation, where
a molecule of interest is pulled through an octanol and a water phase
which both have reached an equilibrium to one another. The pulling
procedure allows one to measure the force exerted on the molecule while
traveling through the phase, from which the relative affinity to the oc-
tanol or water phase can be determined, which in turn can then be
converted to log kow using Eqn. (2.10) where the energies are the free
energies. The results show that the SMD model gives a good corre-
lation between experimental and theoretical log kow. The haloalkanes
showed the highest score of predicted partition coefficient accuracy, fol-
lowed by the parabens, the aromatics, the polycyclic aromatic hydrocar-
bons, the perfluorinated compounds and the haloaromatics. The overall
performance of MD pulling force for estimating log kow values was very
high for a data set comprising 23 compounds from arbitrary chemical
classes (see supplementary information). The RMSD (random-mean-
square-deviation) of the former method over the latter was 1.49 vs 1.72,

42



and the mean standard error was 1.25 compared to -0.79 using the SMD
method. The overall results show that the combination of SMD and MD
simulations may enhance the accuracy of the estimated log Kow values,
compared to methods without MD simulations. However, COSMO-RS
yields the best results independent of molecular simulation. The results
also show that it may be more challenging to accurately predict log Kow

values for certain types of molecules, especially PFCs and haloaromatics.

II

Ghisi R, Vamerali T, Manzetti S. (2018). Accumulation of perfluori-
nated alkyl substances (PFAS) in agricultural plants: a review.
Environmental Research, 169:326-341.

In this paper, we review an emerging problem in the field of agri-
cultural ecotoxicology, namely the accumulation of perflourinated com-
pounds in edible vegetables, which poses a considerable risk to humans.
We review a series of studies showing adverse effects associated with
PFAS exposure in animal models including hepatotoxicity, tumor in-
duction, developmental toxicity, immunotoxicity, neurotoxicity and en-
docrine disruption. For human models, we describe comprehensive epi-
demiological data which shows links between PFC contamination mea-
sured in serum levels and several deleterious health endpoints, such as
increased levels of cholesterol, increased uric acid, higher levels of liver
enzyme activity, altered thyroid parameters, higher levels of pregnancy-
induced hypertension, and increases in testicular and kidney cancers.
Our review reveals that the length of the PFC molecules is critical for de-
termining their fate in edible plants, where PFCs with four carbon atoms
(C4) accumulate at higher concentrations than PFCs five to eight car-
bons. The results also show that soil combined with industrial biosolids
for cultivation yield higher concentrations of PFCs in vegetables than
soil combined with municipal biosolids. Interestingly, different vegeta-
bles take up PFCs to different degrees. Carrots do not seem to absorb
PFCs, whereas peas, lettuce leaves, and celery roots absorb high levels
(32 mg/kg, up to 56mg/kg, and 49mg/kg respectively). Spinach, toma-
toes and radishes absorb mixtures of PFCs rather than specific members
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of the PFC family, while potatoes absorb particularly PFOA (perfluo-
rooctanoate) and PFOS (perfluorooctanesulphonic acid). Other studies
show that grains have a tendency to absorb PFCs: maize stalks, leaves,
and cobs yielded very high levels of C4 PFCs, while by comparison, the
stalks, grains, and husks of wheat have more than sixty times less C4
PFCs than maize. Ryegrass and oats do not seem to absorb such high
levels and usually remain below 1 mg/kg of absorbed PFCs. Our re-
view shows the importance of mapping the distribution of contaminants
throughout a plant and identifying which contaminants are the most
easily taken up.

III

Manzetti S.(2017). Bonding of Butylparaben, Bis(2-ethylhexyl)-
phthalate, and Perfluorooctanesulfonic Acid to DNA: Comparison with
Benzo[a]pyrene Shows Low Probability for Strong Noncovalent DNA
Intercalation. Chemical Research in Toxicology, 31:22-36.

Plasticizers (such as phthalates), emulgators (such as parabens) and
flame-retardants (such as perfluorinated compounds) are key compounds
in environmental toxicology, which are studied as their toxicity is a topic
of debate, even after decades of research. In this work we study three
of such compounds (butylparaben, Bis(2-ethylhexyl)-phthalate, and per-
fluorooctanesulfonic acid) to analyze in silico their affinities for bonding
non-covalently to DNA. We compare their resulting bonding energies to
a well-characterized pollutant and toxin, benzo[a]-
pyrene, which was used as a reference because its intercalation to DNA is
well-established. The analysis was carried out by performing a molecular
dynamics simulation of the crystallized p53 suppressor gene fragment in
a solvated system with each of the three molecules named above plus
the reference molecule. The resulting configurations after MD simula-
tions were then extracted and analyzed using quantum chemical software
for bonding energy, bonding patterns and non-covalent interactions be-
tween the molecules and the DNA fragment. The quantum chemical
part included the in vacuo state (for a solvated state, see also publica-
tion IV) and an atoms-in-molecules wavefunction analysis to evaluate
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specific bonding interactions between the molecules and the DNA at the
level of the molecular wavefunction. The calculations showed that all
three molecules have a lower probability of intercalating with DNA than
the reference molecule benzo[a]pyrene. The implications of this results
are that MD simulations may be sufficient to develop an initial glance
of the bonding nature of a set of molecules, and in discerning between
intercalation between bases and surface-to-surface interaction.

IV
Manzetti S., Lu T. (2018). Addendum: Solvation energies of butyl-
paraben, benzo[a]pyrene diol epoxide, perfluorooctanesulfonic acid and
DEHP in complex with DNA bases. Chemical Research in Toxicology
2018, 31, 8, 639-640.

In this complement to the preceding paper, we add calculations of the
solvated compounds and complexes to the quantum chemical analysis of
bonding between the four xenobiotics and the p53 suppressor gene frag-
ment. The solvated state calculations gave a new insights into the poten-
tial of bonding to the DNA, and showed that the three new compounds
bond more strongly to DNA than revealed in the in vacuo calculations.
The new estimated bonding energies are in better agreement with the
experimental data which reports the interference of these molecules with
the DNA, and may help future researchers more accurately classify the
toxic potential of certain molecules.

V
Yildirim A, Zhang J, Manzetti S and van der Spoel D. (2016). Binding
of Pollutants to Biomolecules — A Simulation Study.
Chemical Research in Toxicology, 29:1679-1688.

Here, in our first effort in computational ecotoxicology, we evaluate
binding of a set of anthropogenic compounds to biomolecules. The eco-
toxicological context of the paper is that there had been an extraor-
dinary number of moose deaths across the Boreal belt, which sparked
international attention from ecotoxicologists, and which was by some at-
tributed to thiamine deficiency. To test this and other hypotheses, we
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used a dataset of 25 ligands, including dioxins, PCBs, phenols, antibi-
otics and also natural thiamine metabolites, which we selected in order
to test the correlation of moose deaths to vitamin B deficiency due to
competitive inhibition by any of the included xenobiotics.This is a pi-
lot study of using the group-docking method to test several compounds
on various receptors, including thiamine-binding enzymes, ABC-cassette
transporters, the prion protein and the Thi-box riboswitch, all of which
are known to bind thiamine. After docking, the resulting complexes
were further simulated in a solvated phase using molecular dynamics.
The molecular dynamics gave a series of binding free-energy estimates
for the complexes and interaction energies between ligands and receptors.
A principal component analysis (PCA) was performed in order to map to
which degree the xenobiotics altered the conformation of the simulated
proteins. Finally, the conformational entropy (CE) was derived via PCA
in order to score the degree of protein conformation stabilization of each
xenobiotic. Unfortunately, CE was not found to be consistent with the
RMSD of the protein structures. The results also showed (surprisingly)
high energies of bonding between thiamine metabolites and thiamine-
binding enzymes, except for thiamine monophosphate which bonded at
favorable energies to thiamine pyrophosphokinase. Other details were
also interesting, such as that dioxins were predicted to bond to most
receptors at favorable energies, with PCBs, veterinary medicines, and
pesticides. These results are promising and we therefore propose this
method for studying systems of proteins and xenobiotics.

VI

Manzetti S., Andersen O. (2016). A molecular dynamics study of
nanoparticle-formation from bioethanol-gasoline blend emissions. Fuel,
183: 55-63.

In this paper, we studied the formation of nanoparticles from bioethanol
combustion in car engines, using molecular dynamics simulations.That
nanoparticles can be contaminated with other compounds arising from
combustion has long been known, but the consequences of blending fossil
fuels with bioethanol have not been studied to date. The novel contri-
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bution of this work is that it looks at the potential of nanoparticles to
form due to the practice of bioblending automotive fuels, which alters
the pollution profile particularly in urban areas. We simulated two com-
pounds, phenanthrene (which arises from fossil fuel combustion) and
acetaldehyde (which occurs in bioethanol emission), in the hopes that
this simplification would allow us to identify potential toxins arising
from biofuel combustion. The simulations were carried out using the
GROMACS molecular simulations package in the presence of oxygen,
nitrogen and carbon dioxide molecules, which all were represented at ap-
proximately atmospheric proportions. A summary of the more intriguing
results follows. Phenanthrene in the gas phase is a sticky molecule that
readily forms dense aromatic clusters in vacuum or in combination with
atmospheric gases. Acetaldehyde interacts strongly with phenanthrene
at its hydrophobic part, and forms an amphiphilic arrangement of hy-
drophobic and hydrophilic phases in the resulting nanoparticles, where
the aromatic phenanthrene forms a dense core while acetaldehyde local-
izes stably in the periphery of the nanoparticles. The nanoparticles have
diameters from 2–5 nm in vacuum, and they remain stable indefinitely
during the simulations. Most intriguingly, we found that the nanoparti-
cles of phenanthrene and acetaldehyde on the surface absorb CO2 quite
actively, and trap it in the subsurface between the core and the acetalde-
hyde layer. We propose that the combination of fossil fuel and biofuels
may generate particles that enter into the human pulmonary system and
carry toxic phenanthrene particles to lung alveoli masked by hydrophilic
acetaldehyde molecules. The density and stability of these nanoparti-
cles suggests that these nanoparticles might be able to circulate in the
air for a long time and perhaps even grow by absorbing CO2 and form
sticky entities that disturb the cellular surface of lung alveoli by poten-
tially merging with the membrane. This study contributes new ideas and
methodology to fuel studies, which are usually more focused on measur-
ing levels of compounds in emissions rather than on the dynamics of
nanoparticle formation.
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VII

Lu T., Manzetti S. (2014). Wavefunction and reactivity study of
benzo[a]pyrene diol epoxide and its enantiomeric forms.
Structural Chemistry, 25:1521–1533.

In this paper, we developed a method for studying the reactivity
of carcinogenic toxins by performing quantum chemical and atoms-in-
molecules theory calculations on the reactive metabolites of benzo[a]pyrene.
Benzo[a]pyrene is a carcinogen which is commonly found in cigarette
smoke, exhaust emissions, and industrial fumes. Upon entering the cell,
it is converted to four carcinogenic isomers by the CYP450 system, where
each isomer has a different reactivity with the guanosine bases of the
DNA. The aim of this study was to identify differences between the iso-
mers that could be attributed to their empirically-determined reactivity
in forming adducts with the DNA bases. The results showed that each
of the isomers has a distinct electronic profile on the angular epoxide
ring (reactive site) where the local bond lengths, the electron localiza-
tion function, and polarized bonds form an electronic environment which
catalyzes the reactivity of the molecule to the DNA. The feature that ap-
parently generates the highest reactivity with the DNA was found to be
the angle of the epoxide ring of the isomer, which appears to be crucial
in favouring electronic interaction with the DNA base at adduct forma-
tion. The results show that if this angle is close to perpendicular, then
the epoxide rings readily form adducts with the DNA. For the least em-
pirically reactive isomers, the angle of the epoxide group is more planar,
which yields a less favorable orientation of the electronically reactive site,
reducing the probability of adduct formation. These results give us crit-
ical information about the relative reactivities of the isomers, which are
determined by their geometries and their electron distributions. These
results clarify the previously debated origins of the differences in reac-
tivity of different isomers of the benzo[a]pyrene diol epoxide molecule.
The study also demonstrates the advantages of wavefunction studies on
toxins, and how these can give clues to empirically determined results in
toxicology.
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VIII

Manzetti S, Andersen O, Garcia C, Campos E. (2016). Molecular sim-
ulation of carbon nanotubes as sorptive materials: Sorption effects to-
wards retene, perylene and cholesterol to 100 degrees Celsius and above.
Molecular Simulation, 42, 1183-1192.

Xenobiotics and pollution pose a great threat also to water sources,
which act as a vector of the majority of toxins ingested via gastroin-
testinal route. Such toxins can be found in ground-water, tap water
and bottled water and encompass estrogen analogues, polycyclic com-
pounds, antibiotics, and xenobiotics from the chemical industry. Water
purification methods have limitations, particularly towards polycyclic
compounds, some antibiotics including those deriving from the veteri-
nary field, estrogen analogues and certain pharmaceuticals. In this study,
we carry out a computational assessment of the adaptive usage of car-
bon nanotubes as sorptive material for purifying water contaminated
with polycyclic aromatic compounds (PAH) and fatty compounds such
as cholesterol. The computational procedure is based on molecular dy-
namics simulations of carbon nanotubes (CNT) in a water phase with
temperature increasing to the boiling point, to determine the potential
for CNTs to extract and retain the test molecules perylene, retene, and
cholesterol for further discarding. The results (including an estimate of
binding energies) show that the CNTs have the potential to be an ex-
cellent material for absorbing organic pollutants, particularly those with
planar geometries (such as PAHs). We also show that the diameter of
the CNTs affects their bonding potential (the wider the nanotubes, the
higher affinity they have for planar compounds). We show furthermore
that CNTs can trap pollutants both on the outside as well as on the
inside of their tubular structures, and thus act as very efficient sorptive
matrices in water-purification systems. The data presented herein shows
that this approach may be applicable for preliminary testing of new and
innovative water filters based on nanomaterials.
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4. Conclusion and outlook

Using computational methods for studying ecotoxicology, though still a
nascent field of research, has potential. Advances in computational power
mean that, with a proper input model, it is feasible for computational
results to approximate experimental values e.g. of log Kow, interaction
energy and probability of bonding). For this to happen will depend not
only on increased computational power, but also on new methods for
modeling chemical reactions, where hybrid QM-MD can be of particular
importance. Including new methods (e.g. neural networks and fuzzy
logic) for the system under study may furthermore improve results, par-
ticularly for selecting the candidates most suitable for modelling and
calculations. The newer methods may be particularly useful for bond-
ing studies, where both the molecule being studied and its target may
have several possible starting configurations (e.g. a DNA molecule can
have multiple bonding sites), each of which yields different probabilities
of bonding and interacting. Furthermore, we think it will be impor-
tant to develop more advanced solvent models, because solvation energy
strongly affects the bonding interaction between molecules and targets.
Finally, we think it will be important to prepare the structures of input
molecules using quantum chemistry methods rather than MM methods,
because having poor input structures can significantly delay the process
of finding and choosing good models for experimental comparisons.

Our system of calculations, "Computational Ecotoxicology", which is
based on docking, molecular simulations, partition coefficient prediction
and quantum chemistry, can be expanded to include other potentially
relevant resources from computational chemistry, such as databases of
physical and chemical coefficients. With sufficient resources, our method
can include programming and automatization of the series of calcula-
tions, from QM to Docking and to MD. By automatizing, an ecotoxicol-
ogist may have access to an online system or a program database that
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can be part of their tools of research, and save them considerable amount
of time compared to looking on the internet for theoretical and empirical
information about the topic. More importantly, if the toxin at hand has
not been involved in any studies, such a prediction system would be even
more important, and minimize effort and costs to predict the action of
a given toxin on an organism.
We look forward to future research in this exciting field, and hope that
computational ecotoxicology can be integrated into a system of study
based on establishing databases, automating calculations, and the free
exchange of information.
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5. Sammanfattning

Miljötoxiner och föroreningar utgör ett ständigt hot mot moderniser-
ing och industrialisering av samhällen. Både utvecklingsländer och in-
dustriländer utsätts för olika former av miljöföroreningar som dagligen
drabbar människor och djur. I det här arbetet utvecklar vi en serie
studier där vi visar potentialen att använda beräkningskemimetoder och
högpresterande beräkning för att identifiera toxiska effekter från nya äm-
nen i samhället. Vårt förutsägelsessystem innehåller simuleringsmetoder,
databaser med kemiska data och en stor repertoar av molekyler och pro-
teiner. Genom att kombinera de ovannämnda metoderna förutsäger vi
med rimlig noggrannhet föroreningarnas öde i människors och djurs krop-
par och omfattningen av skador som de kan orsaka med högpresterande
beräkning. Till exempel kan vi med rimlig sannolikhet förutsäga vilket
protein en kemisk substans skulle störa om det infördes i systemet för en
exponerad människa eller ett djur. Vi kan vidare förutsäga vilken region
på proteinet som är mer benägna att interagera med den kemiska sub-
stansen, vilket sedan hjälper oss att förutsäga om den kemiska substansen
sannolikt kommer att störa proteinets funktion. Detta tillvägagångssätt
gör det också möjligt för oss att förutsäga med vilken mekanism den
kemiska substansen stör ett protein från människokroppen. Genom att
ytterligare optimera metoden och genom att ha större mängder data
kan vi postulera skador som kan orsakas till cellen. Ett exempel på
detta är studien av en ny kemisk substans som introduceras till exem-
pel i plastflaskor - för bättre bionedbrytningspotential hos flaskan efter
användning, där denna kemiska substans har en kemisk struktur som lik-
nar sockerarter. Genom att analysera denna molekyl via beräkningseko-
toxikologi kan vi med stor säkerhet hitta sannolikheten för störningar
med hormonreceptorer i människokroppen. Genom att sedan studera
denna molekyl närmare kan vi identifiera aktiva atomer som kan bli
problematiska för specifika proteiner i kroppen som avgiftar främmande
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kemiska ämnen. Vi kan därför förutsäga ödet för denna molekyl i vatten-
flaskor i människokroppen och utveckla en uppfattning om dess toxiska
potential innan laboratorietesterna startas. Metoden kan exempelvis an-
vändas av ekotoxikologer i deras arbete för att kartlägga effekterna av
föroreningar i miljön och göra det lättare för ekotoxikologen att beräkna
den mest sannolika mekanismen för toxicitet när ett ämne införs i ett
känsligt ekosystem. När vårt system har utvecklats vidare kan det in-
troduceras till ekotoxikologerna som ett verktyg för att få svar på frå-
gor om ämnenas potentiella hot mot ekosystem. Beräkningsmetoderna
för ekotoxikologi bör därför tillgängliggöras online, i direktkontakt med
en högpresterande beräkningssystem. På detta sätt kan ekotoxikologer
och naturskyddsbyråer öka sin kunskap om material och föreningar som
släpps ut i samhället utan att ha omfattande kemi- och beräkningser-
farenhet. Utvecklingen av ett system för ekotoxikologiska prediktioner,
baserat på beräkningar, öppnar upp för ett nytt och spännande årtionde
av forskning, där vi blandar beräkningsmetoder, ekotoxikologi och bi-
ologi till gagn för samhället och naturen.
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