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ABSTRACT

Polycyclic aromatic hydrocarbons (PAHs) can be hydroxylated by CYP450-oxidases (1A1 and
1B1 mainly) and may cause DNA damage and cancer. However, the mechanism of such
interactions has not been fully understood. In this study, an integrated molecular docking
and QSAR approach was employed to further investigate the binding interactions between
hydroxylated PAHs (HO-PAHs) and calf thymus DNA (CT-DNA). Molecular docking, hydrogen-
bonding, hydrophobic and n-r interactions were observed to be characteristic interactions
between HO-PAHs and DNA. An optimum QSAR model with good robustness and predictabil-
ity was developed based on the molecular structural parameters calculated by the density
function theory and partial least squares. Additionally, the developed QSAR model indicated
that the molecular size, polarizability and electrostatic potential of HO-PAHs were related
to the binding affinities to DNA.

© 2011 Elsevier B.V. All rights reserved.
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1. Introduction

Polycyclic aromatic hydrocarbons (PAHs) are classed as
persistent organic pollutants (POPs) under the Stockholm
Convention. They are a large class of ubiquitous organic pol-
lutants and have received great attention because of their
carcinogenic, teratogenic and mutagenic properties (Gallegos
et al, 2001; Kumar et al., 2001; Borosky and Laali, 2005;
Xue and Warshawsky, 2005). In most cases, PAHs can be
hydroxylated by CYP450-oxidases, which is a key step in the
activation process to produce the polar biochemically reac-
tive electrophilic species (ultimate carcinogenic metabolites)
capable of interacting with cellular macromolecules, partic-
ularly nucleic acids and proteins (Zhou et al., 2003). Most
recently, hydroxylated PAHs (HO-PAHs) have emerged and are
causing increasing concern due to their detection in human
hair (Schummer et al., 2009), urine (Campo et al., 2010; Liet al.,
2010c), and expired air samples (Li et al., 2010c); these agents
have even been found in the bile of deep-sea fish (Escartin and
Porte, 1999).

Previous studies have shown that certain HO-PAHs
can affect hormone homeostasis, as they act as potent
ligands for binding to the aryl hydrocarbon receptor
(AhR) and even interact with DNA (Wang et al.,, 2009a;
Wenger et al, 2009; Ohura et al, 2010; Wei et al,
2010). For instance, it was reported that 5 HO-PAHs (2-
hydroxychrysene, 2-hydroxyphenanthrene, 1-hydroxypyrene,
2-hydroxynaphthalene and 1-hydroxynaphthalene), which
showed structural similarities to 178-estrodiol, exhibit estro-
genic activities (Wenger et al,, 2009). Ohura et al. (2010)
reported that HO-PAHs showed AhR-ligand binding activi-
ties by a recombinant yeast assay system, especially the
hydroxylated derivatives of naphthalene. Additionally, a clear
morphological change of calf thymus DNA (CT-DNA) from lin-
ear type to condensation form was observed after binding with
9-hydroxyfluorene in atomic force microscopy (Wang et al,,
2009a). Recently, Wei et al. (2010) also reported that 11 PAHs
metabolites predominantly interacted with human p53 DNA
by intercalation instead of groove binding. However, the detail
mechanisms of DNA binding associated with HO-PAHs remain
unclear. Hence, it is of great importance to improve our under-
standing of the mechanism of interactions between HO-PAHs
and DNA.

The formation of DNA adducts is a key step in DNA damage,
which could lead to malignancy (Radwan and Ramsdell, 2008).
The proven key carcinogenic product, benzo[a]pyrene-r-7,t-
8-dihydrodiol-t-9,10-epoxide (BPDE), intercalates rapidly with
DNA base pairs to form a complex, which undergoes protona-
tion to yield an intercalated triol carbonium ion intermediate
(Geacintov et al., 1981; Meehan et al., 1982). However, the stan-
dard samples are limited with respect to making experimental
determinations of the binding constants (K,) of each HO-
PAHs to DNA. Therefore, an alternative approach, quantitative
structure-activity relationship (QSAR), is suggested by the
new EU chemicals legislation REACH (European Commission.,
2002), which has been successfully used in acute toxicity stud-
ies (Christen et al., 2010; Li et al., 2010b), mixture toxicity
(Arrhenius et al., 2004; Neuwoehner et al., 2010), endocrine
disrupting activities (Li et al., 2009, 2010a) and photo-induced

toxicity (Wang et al., 2009b; Zhang et al., 2010) of organic com-
pounds.

DNA sequences may be changed by the mutagens
(Besaratinia and Pfeifer, 2006). Traditional experimental tech-
niques are employed to determine the DNA damage, such
as single cell gel electrophoresis (SCGE) (Lee and Steinert,
2003), the micronucleus assay (Grisolia, 2002) and other sys-
tems such as the sister-chromatid exchange assay (Tofilon
et al., 1985). However, it is difficult to determine the base
substitution and the position of mutation only by experi-
mental approaches (Kozack and Loechler, 1999; Joung et al.,
2009), which limit the comprehensive understanding of the
mechanism of DNA damage. Consequently, further studies
are required on the interactions between ligands and DNA by
molecular simulation to clarify the mechanism of DNA dam-
age (Kitchen et al., 2004; Moitessier et al., 2008). Molecular
simulation, such as molecular docking, has become an impor-
tant approach to elucidate the interactions between ligands
and macromolecular targets, which is a rapid, low-cost detec-
tion system which has been successfully used in DNA-ligand
interactions (Rabinowitz et al., 2009), xenoestrogen screen-
ing (Amadasi et al., 2009) and molecular recognition (Erickson
et al., 2004).

In this study, an integrated molecular docking and QSAR
approach was employed to investigate the binding inter-
actions between HO-PAHs and CT-DNA. Molecular docking
was performed to define a model for the comprehension
of the binding interactions between ligands and receptor.
By observing the mechanism of interactions, appropriate
molecular structural parameters computed by the density
function theory (DFT) were adopted to construct QSAR
models. These developed QSAR models were externally
validated and the applicability domain was depicted. Further-
more, from the developed QSAR models, critical molecular
structural features related to DNA-adducts formation were
identified.

2. Materials and methods
2.1.  Data compilation and the chemical domain

The Ky, values of 24 HO-PAHs with CT-DNA were taken from
Wang et al. (2009a), and then converted into the form of logKy
(Table 2). The Ky, values were determined by a previously estab-
lished electrochemical displacement method. More details
can be found in the previous study (Wang et al., 2009a).

2.2.  Molecular docking

The binding mode for the HO-PAHs to CT-DNA was inves-
tigated by CDOCKER, which has been incorporated into
Discovery Studio 2.5 (Accelrys Software Inc.) through the Dock
Ligands protocol. CDOCKER is an implementation of a dock-
ing tool based on CHARMm forcefield that has been proved
to be viable. The crystal structure of DNA (PDB entry code:
1DJD) was retrieved from the Brookhaven Protein Database
(PDB http://www.rcsb.org/pdb). Hydrogen atoms were added
and the crystallographic waters were removed. In CDOCKER,
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random ligand conformations are generated through molec-
ular dynamics (MD), and a variable number of rigid-body
rotations/translations are applied to each conformation to
generate initial ligand poses. The random conformations are
refined by grid-based simulated annealing in the receptor
active site, which improves accuracy. From the molecular
docking analysis, insights into the interactions between the
HO-PAHs and DNA were gained, which facilitated the selec-
tion of appropriate molecular parameters to characterize the
interactions in the QSAR studies.

2.3. Mechanism consideration and molecular
structural parameters selection

As proposed by the Organisation for Economic Co-operation
and Development (OECD) guidelines, QSAR models should be
developed based on the mechanism of action (OECD, 2007).
The intercalation imposes structural alterations to DNA in
order to open an intercalation gap between two consecutive
base pairs, which may inhibit both transcription and DNA
replication, causing toxicity and mutations (Hannon, 2007).
Most intercalators are aromatic and planar molecules and
they do not possess sequence selectivity since the binding
of these ligands to DNA depends basically on =-stacking and
stabilizing electrostatic interactions (Tse and Boger, 2004).
Molecular structural descriptors that describe hydrophobic,
electronic and steric properties of molecules were selected
to describe the interaction between HO-PAHs and DNA,
which was calculated using the DRAGON 2.1 (Todeschini and
Consonni, 2000) and Gaussian 09 packages (Frisch et al.,
2009).

All the initial geometries of the compounds were opti-
mized by semi-empirical method PM3, then optimized
at the hybrid Hartree-Fock DFT B3LYP/6-31G(d,p) level
(Arulmozhiraja et al., 2005). Solvent (water) effects were
taken into consideration implicitly, including the inte-
gral equation formulation of the polarized continuum
model (IEFPCM) (Huetz et al.,, 2004). The frequency analy-
sis was performed on the optimized geometries to ensure
that the systems had no imaginary vibration frequen-
cies.

The optimized molecular structures were imported to
Dragon 2.1 (Talete Srl, Milano, Italy), and 1481 diverse
descriptors (different functional groups, constitutional, geo-
metrical, topological, Whim 3D, electronic, etc.) for each
molecule were calculated. The quantum chemical descriptors,
including the energy of the highest occupied molecu-
lar orbital (Enomo), the energy of the lowest unoccupied
molecular orbital (ELymo), the most positive hydrogen
atom in the molecule (qH*), the most negative formal
charge in the molecule (q~) and electrophilicity index (w),
were computed by Gaussian 09 programs (Frisch et al,
2009).

Additionally, the molecular surface potential derived
parameters, such as the most positive and most negative val-
ues of the molecular surface potential (Vsmax, Vsmin), the
averages of the positive and negative potentials on the molec-
ular surface (V#, V;), the average deviation of surface potential
(IT) and the balance parameter of surface potential (t), were
purposely selected to describe the hydrogen bond or electro-

static interactions. These potential derived descriptors have
been successfully used to rationalize the toxicities of chlori-
nated diphenyls (Chana et al., 2002), which are calculated by
the following equations:

1
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where s stands for molecular surface; « and g are the number
of the points for the positive and negative potentials, respec-
tively; V*(r;) and V~(r;) are the positive and negative potentials
on the molecular surface, respectively; V* and V; are the aver-
ages of the positive and negative potentials on the molecular
surface; o2,, 02_ and o2y are the variance of values for the
positive, negative and total surface potentials.

2.4. QSAR development and validation

The original data set was randomly divided into a training
set (80%) and a validation set (20%), as listed in Table 2.
Partial least squares (PLS) regression was performed for the
model development as PLS can analyze data with strongly
collinear, noisy and numerous predictor variables (Wold et al.,
2001). The software of Simca-S (Version 6.0) was employed
for the PLS analysis. Simca-S adopts leave-many-out cross
validation to determine the number of PLS components (A).
Cross-validation simulates how well a model predicts new
data, and gives a statistical Q’cyym (the fraction of the total
variation of the dependent variables that can be predicted by
all the extracted components) for the final model. The PLS
analysis was performed repeatedly so as to eliminate redun-
dant molecular structural parameters, as done in the previous
studies (Chen et al., 2004; Li et al., 2010a).

The model predictability was also evaluated by Y-
scrambling test and external validation. In the Y-scrambling
test, the Y (logKp) data are randomly permuted keeping the
descriptor matrix intact, followed by a PLS run. Each random-
ization and subsequent PLS analysis generates a new set of
R? and Q? values, which are plotted against the correlation
coefficient between the original Y values and the permuted Y
values. The intercepts for the R? and Q?cyy lines in this plot
are a measure of the overfit. A model is considered valid if
RZ%,: <0.4 and QZ%,; <0.05.

The performance of external validation was characterized
by the determination coefficient (R?), standard error (SE) and
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(c) 6-OHBaP (G N)

(d) 4-OHB 2P

Fig. 1 - Docking views of (a) 9-OHBaP, (b) 10-OHBaP, (c) 6-OHBaP and (d) 4-OHBaP in the binding site of DNA. Green dotted
line shows H-bonds between BaPs and basic groups. Carbon is colored in grey, oxygen red, and nitrogen blue. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of the article.)

external explained variance (Q%gxt), which are defined as fol-
lows (Schiitirmann et al., 2008):

R2 _ 1- Z?:]_(ylﬁt - Yi)2
Si-)

SE = \/ S -9t 0)
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Q=1- -
ST (y; — Yex)?

®)

where y;fit is the fitted logKy, value of the i-th compound, j is
the average response value in the training set, y; and y; are the
observed and predicted values for the i-th compound, respec-
tively. yext is the average response value of the validation set,
n stands for the number of compounds in the training set, and
next stands for the number of compounds in the validation
set.

The applicability domain of the developed QSAR model was
assessed by the Williams plot, i.e., the plot of standardized
residuals (o) versus leverage (Hat diagonal) values (h;) (Eriksson
etal., 2003). h; value of a chemical in the original variable space
and the warning leverage value (h) are defined as:

hi = xT(XTX) "xi(i =1, n) )

h*=3(p+1)/n (10)

where x; is the descriptor vector of the considered compound
and X is the model matrix derived from the training set
descriptor values, p is the number of predictor variables.

3. Results and discussion
3.1. Molecular docking analysis

Docking with program CDOCKER could successfully reproduce
the X-ray pose of natural ligand with a root-mean-square
deviation (RMSD) of 0.48 A. Such proximity can be regarded
as a good reproduction of the crystal structure. We therefore
believe that the binding conformations of the HO-PAHs ligands
analyzed here are reasonably well predicted by CDOCKER.

Fig. 1 shows the docking view of 4 representative HO-
PAHs (9-hydroxybenzo[a]pyrene, 10-hydroxybenzo[a]pyrene,
6-hydroxybenzo[a]pyrene and 4-hydroxybenzo[a]pyrene) in
the binding site of DNA. Wei et al. (2010) reported that the
binding of the PAH metabolites to DNA showed sequence
selectivity and the functional groups on the periphery of the
PAH aromatic ring played crucial roles in regulating its binding
affinity with DNA. As shown in Fig. 1, hydrogen-bondings are
observed to be characteristic interactions. There are mainly
three types of H-bonds: (a) H-bonds formed between the
hydroxyl hydrogen of 9-OHBaP and the oxygen (0?) of cyto-
sine; (b) H-bonds between the hydroxyl hydrogen of 10-OHBaP
with the oxygen (0*%) of guanine; and (c) H-bonds between
the hydroxyl hydrogen of 6-OHBaP with the nitrogen (N’) of
guanine.

Among the main DNA binding modes, intercalation is the
most common way through which small and rigid aromatic
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Fig. 2 - Hydrophobic interaction between HO-PAHs and DNA in the binding site (#— ligand bond, ¢—e non-ligand bond,
- hydrogen bond and its length, * non-ligand residues involved in hydrophobic contacts, ® corresponding atoms

involved in hydrophobic contacts).

molecules recognize DNA (Ricci and Netz, 2009). Acting as
an ‘anchor’, the hydrogen-bonding intensely determines the
3D space position of the benzene ring in the binding pocket,
and facilitates the hydrophobic interaction of the HO-PAHs
with adenine (A), thymine (T), cytosine (C) and guanine (G),
as shown in Fig. 2. Additionally, the 4 HO-PAHs intercalate
between two adjacent base pairs, and there are also 7-r inter-
actions between the phenyl of HO-PAHs and guanine (G),
cytosine (C) or thymine (T).

Hydrogen bonds play great importance in many fields of
biological chemistry, such as genetic code. In DNA, the two
helical chains of nucleotides are held together by purines
forming hydrogen bonds to pyrimidines, with adenine (A)
bonding only to thymine (T), and cytosine (C) bonding only
to guanine (G) (Guerra et al., 2000). In many cases the pro-
duced specific DNA damage may either block the replication

Fig. 3 - Electrostatic potential of the ligand binding site for
DNA.

and transcription or generate mutations by miscoding dur-
ing replication. In the normal Watson-Crick pairs G-C, the
nitrogen atoms (N1) of G form hydrogen bond with the nitro-
gen atoms (N3) of C. As shown in Fig. 1(a), 9-OHBaP formed
hydrogen bond with the oxygen atom (0?) of C, the charge
distribution of ketone-enolate type may be caused, and the
nitrogen atoms (N%) of C may be deprotonated (Dipple, 1995),
then hydrogen-bond may be formed between C and A instead

6
® training set
chum= 0?18
& 2 [ sE=o0i11 Pa
O
*‘3 ‘-.‘°.O&.
‘ié 5F 8 ig
& e
) ..’
M -
R a5 | e ovalidation set
' s Py = 0656
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4 . 1 1 1
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Fig. 4 - Plot of observed versus predicted logKy, values for
the training and validation.
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Table 1 - Physical-chemical meanings of the descriptors
used in the developed QSAR model.

Descriptor Chemical meanings

SICy Structural information content index
(neighborhood symmetry of 2-order)

MATSsy, Moran autocorrelation - lag 5/weighted by
atomic polarizabilities

Morgge 3D-MoRSE - signal 29/weighted by atomic

Sanderson electronegativities

Eos 2nd component accessibility directional
WHIM index/weighted by atomic
electrotopological states

I The average deviation of surface potential

of C and G. Hence, adducts on C may cause the mispair-
ing between C and A, eventually it results the G:C— A:T
transversion mutations and might block the progression of
DNA polymerases.

For the HO-PAHs with relatively planar highly conju-
gated aromatic structures, they binds with DNA depends
on n-stacking and stabilizing electrostatic interactions (Tse
and Boger, 2004). The molecular surface potential indicates
the charge distribution in a molecule (Politzer et al., 1984),
which gauge the basicity and nucleophilicity of a molecule
(Colominas et al., 1998). As shown in Fig. 3, the binding site
has negative potentials, from which it can also be concluded
that the positive potentials of the HO-PAHs molecules facili-
tate them to bind with DNA.

3.2.  Development and validation of the QSAR model
for the log K,

Forward stepwise regression was adopted to screen molecu-
lar descriptors, then 5 descriptors (SIC2, MATSsp, Morage, Eos
and I1) were finally selected for model development, which
are listed in Table 1 with their physical-chemical meanings.

PLS analysis with logKy as the dependent variable and
the molecular structural parameters as predictor variables
resulted in the following optimal QSAR model:

logK;, = 5.77 — 2.76 SIC, — 1.43MATSsy, + 2.62

x 10" Morgge — 1.45Eps + 5.3611

n(trainingset) = 17,A= 1,R?= 0.751,Q%cym = 0.718,SE

= 0.111(trainingset),

n(validationset) = 7,Q%gxt = 0.656,SE

= 0.114(validationset),p < 0.0001,

where p is the significance level.

The developed QSAR model was subjected to “Y-
scrambling” statistical validation to test the possibility of
chance correlation. We randomly permutated the Y-variable,
re-built the statistical model, and observed the trends of the
predictive power and goodness of fit at each step. One hun-

4 -
]
3 i« training set < validation set
....................... oo ssmssanssassansanssarsasssnssanssassnntansiaranntnns
%] 2 i
= o« a !
£ 16w ! o
@ et . !
= U B * l
B 22 ¢ !
,.g -1 F O!
= » 1
R b
]
3 i
_4 1 1 1 1 1 1

0 0.5 1 15 2 23 3 35

leverage (hi)

Fig. 5 - Plot of standardized residuals versus leverages.
Dash lines represent +2.5 standardized residual, dotted
line represents warning leverage (h’ = 1.058).

dred rounds of such reshuffling gave coherent decreases in
both parameters and the extrapolated value of the Q2 of —0.10,
which shows that the separation model is statistically sound,
and that its high predictability is not due to over-fitting of the
data.

The predicted logK}, values and residuals for compounds
are listed in Table 2. The R? value of the QSAR model was 0.751,
indicating a high goodness-of-fit of the model. Q%cyy of the
QSAR was as high as 0.718, implying good robustness of the
model. The differences between R? and Q%cyy (0.033) did not
exceed 0.3, indicating no over-fitting in the model (Golbraikh
and Tropsha, 2002). As show in Fig. 4, the predicted logKy val-
ues were consistent with the observed values for both the
validation and training sets. The model revealed acceptable
predictability with Q?gxr =0.656, SE=0.114. In summary, the
developed QSAR model showed satisfactory performance.

3.3. Applicability domain of the developed QSAR model

Application of Kolmogorov-Smirnov test for normality (at the
95% confidence level) confirmed that the distribution of resid-
uals was a distinctive bell-shaped pattern associated with a
normal distribution (mean=0.00, standard deviation=0.11).
Hence, the residuals were non-systematic, and the applicabil-
ity domain of the developed QSAR model could be visualized
by the Williams plot.

The applicability domain of the developed QSAR model is
shown in Fig. 5. As shown in the Williams plot (Fig. 5), h; values
of all the compounds in the training and validation sets were
lower than the warning value (h =1.058). One compound (2-
OHFLU) in the validation set was found with large leverage
values (h>h'), and it was predicted correctly, indicating that
the developed QSAR model had good extrapolating ability. For
all the compounds in the training and validation sets, their
standardized residuals were smaller than 3 standard deviation
units (30). Thus there were no outliers for the developed QSAR
model.
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Table 2 - Logarithm of the observed and predicted depuration rate constants (logKy) of the considered compounds.

No. Name logKy, Eos MATSsp 11 SICy Moryoe
Observed Predicted Residuals

1 1-OHNAP 4.792 4.846 —0.054 0.222 —0.091 0.019 0.018 —0.091
2 2-OHFLU? 4.748 4.697 0.051 0.101 —0.09 0.018 0.002 0.002
3 9-OHFLU 4.672 4.539 0.133 0.313 —0.114 0.016 —-0.083 -0.114
4 2-OHPHE 5.146 5.225 —0.079 0.123 —0.152 0.020 —-0.039 -0.152
5 3-OHPHE 5.111 5.092 0.019 0.171 —0.141 0.019 —-0.017 -0.141
6 4-OHPHE? 5.124 4.959 0.165 0.252 —0.194 0.018 —-0.109 -0.1%4
7 9-OHPHE? 5.121 5.014 0.107 0.302 —0.194 0.020 —0.041 —0.194
8 3-OHFLT 5.507 5.482 0.025 0.159 —0.296 0.020 0.174 —0.296
9 1-OHPYR 5.334 5.246 0.089 0.178 —0.207 0.020 —-0.134 —-0.207
10 2-OHBcPh? 4.806 5.010 —0.204 0.261 —0.089 0.020 -0.112 -0.089
11 3-OHBcPb? 4.944 5.057 —0.112 0.194 —0.097 0.020 —0.221 —0.097
12 4-OHBcPb 5.114 5.095 0.019 0.175 —0.092 0.020 0.567 —0.092
13 5-OHBcPh 4.771 4.998 —0.227 0.223 —0.127 0.019 —0.206 —0.127
14 3-OHBaP 5.276 5.151 0.125 0.171 —0.155 0.021 —0.267 —0.155
15 4-OHBaP 4.845 5.038 —0.193 0.259 —0.188 0.020 —0.263 —0.188
16 5-OHBaP 4.881 4.972 —0.092 0.271 —0.182 0.019 —-0.236 —0.182
17 6-OHBaP 5.114 5.157 —0.043 0.232 —0.181 0.020 —-0.273 -0.181
18 7-OHBaP? 5.100 5.080 0.020 0.186 —0.155 0.019 —-0.174 —-0.155
19 9-OHBaP? 5.228 5.144 0.084 0.175 —0.162 0.020 —-0.209 -0.162
20 10-OHBaP 5.260 5.036 0.224 0.222 —0.194 0.018 —0.248 -0.194
21 12-OHBaP 5.057 5.009 0.048 0.283 —0.182 0.021 —0.295 —0.182
22 3-OHBKF 5.114 5.023 0.091 0.155 —0.087 0.019 0.023 —0.087
23 7-OHBbF 5.301 5.121 0.180 0.241 —0.203 0.018 0.109 —0.203
24 2-OHIPY 4.940 5.003 —0.063 0.286 —0.162 0.019 0.065 —0.162

a2 Compounds in the validation set.

3.4. Mechanistic implications

The developed PLS model extracted on 2 PLS components that
were loaded primarily on 4 predictor variables. Values of the
variable importance in the projection (VIP) and PLS weights
(w*) are listed in Table 3.

The established PLS model extracted one PLS compo-
nent loaded primarily on 5 predictor variables, Ejs, MATSsy,
I1, SIC; and Moryge (Table 3). Eps belongs to the directional
WHIM descriptors and is weighted by atomic electrotopolog-
ical states. MATSs;, is a 2D autocorrelations descriptor and
is weighted by atomic polarizabilities. Es and MATSs;, relate
to molecular size, and the PLS component mainly condenses
information on the molecular size (volume). The negative w*c
and coefficient of Exs and MATSsy, in the current QSAR model
also indicate the negative correlation between Eps, MATSs, and
logKy,. For example, 1-OHNAP and 3-OHPHE have the same IT
value (0.019), and the 3-OHPHE has a smaller Ey¢ value than
1-OHNAP, thus the logKj, value of 3-OHPHE is higher than 1-
OHNAP.

Table 3 - VIP values and PLS weights for the optimal PLS
model.

VIP w'c
Eos 1.226 —0.548
MATSs, 1.147 —0.513
I1 0.978 0.438
SIC, 0.933 —-0.417
Morjge 0.594 0.266

As shown in the QSAR model, Moryge and I positively corre-
lated with logKy,. IT stands for the average deviation of surface
potential. IT presents the uniformity of electrostatic potential
distribution on molecular surface, and it is of representative
among all descriptors derived from molecular electrostatic
potential. The larger IT value is, the less uniform the distribu-
tion of the surface electrostatic potentials of a molecule will
be. The positive w*c and coefficient of IT in the current QSAR
model indicated that molecules with non-uniform charge dis-
tribution were more easily to interact with DNA. Moryge is a
3D-MoRSE descriptor representing 3D structure of molecular
Sanderson electronegativities information. Additionally, the
logKy, value is negatively correlated with SIC,. The SIC, (struc-
tural informational content) is present and may be identifying
steric qualities of the molecules, which deals with connec-
tivity of the molecule. In general, the current QSAR model
indicated the logKy, value was related to molecular size, polar-
izability and electrostatic potential.

4, Conclusion

Docking analysis showed that hydrogen bonding and n—n
interactions between HO-PAHs molecules and DNA governed
the binding affinities. A QSAR was established to character-
ize the interactions and to model the binding constants of
the HO-PAHs. Molecular size, polarizability and electrostatic
potential were important factors for the binding interactions
between HO-PAHs and DNA. The HO-PAHs molecules with
smaller molecular size and higher electrostatic interaction
tended to have larger binding constants with DNA. The devel-
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oped QSAR model had good robustness, predictive ability and
mechanism interpretability, which could be applied to predict
the binding constants of other HO-PAHSs.
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