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HIGHLIGHTS

e We presented simple, accurate models
to predict binding of ligands to AhR.

o Development of a directional reactivity
factor (DRF) as a prediction indicator.
e A directional reactive binding factor by
calculating a binding rate between li-

gands and AhR.

e Greater accuracy than conventional
toxicity prediction model (QSAR, dock-
ing model).

o The model highlighted a more profound
mechanism of chemical toxicity.
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ABSTRACT

Ligand-specific binding interactions of xenobiotics with receptor proteins form the basis of cytotoxicity-based
hazard assessment. Computational approaches enable predictive hazard assessment for a large number of
chemicals in a high-throughput manner, minimizing the use of animal testing. However, in silico models for
predicting mechanisms of toxic actions and potencies are difficult to develop because toxicity datasets or
comprehensive understanding of the complicated kinetic process of ligand-receptor interactions are needed for
model development. In this study, a directional reactive binding factor (DRBF) model based on first principles
was used to predict cytotoxicity potencies of agonists of the aryl hydrocarbon receptor (AhR) for 16 different
polycyclic aromatic hydrocarbons (PAHs). Molecular dynamics were simulated by accounting for the directional
configuration factor toward receptor protein and the factor of binding to the Per-Arnt-Sim (PAS) domain. When
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comparing the experimental results of toxic potencies from in vitro bioassays with the predictions among two
different in silico models, including quantitative structure-activity relationship (QSAR) and molecular docking
models, the DRBF model exhibited the highest model performance (R2 = 0.90 and p < 0.01). Our results showed
that the DRBF model based on first principles and molecular and computational structural biology could serve as
a novel framework to advance next generation hazard assessment for high-throughput screening of chemical

substances.

1. Introduction

A large number of synthetic chemicals that are introduced to com-
merce or released from anthropogenic activities pose growing concern
over human health and the environment, due to their potential acute
and chronic toxicity. These chemicals are also known to cause or have
various adverse effects, such as cytotoxicity, endocrine disruption, im-
mune abnormalities, carcinogenesis, and lethality (AnvariFar et al.,
2018; Blanchard et al., 2007). The strategy for assessing potential for
adverse effects and hazard identification of chemicals has long been
based on a complex set of in vivo animal testing. However, it is under
increasing pressure to address several challenges today: i) to test a large
number of existing and newly-made chemicals, many of which lack

baseline toxicity data; ii) to monitor an ever-increasing list of chemical
substances; iii) to minimize the use of animals for toxicity testing in
accordance with the global movement for replacing animal testing; and
iv) to develop high-throughput screening methods which are cost- and
time-effective (Ukelis et al., 2008; Xu et al., 2021). Since conventional
hazard assessment frameworks primarily relying on in vivo mammalian
tests could not effectively meet such demands, a transition from the use
of experimental animals and apical endpoints toward cell-based in vitro
testing, based on the mode of action (MOA) and adverse outcome
pathway (AOP) framework is underway (Fig. 1A). More recently, at-
tempts of high-throughput computational models for reliable estimation
of toxic potentials have voiced a further paradigm shift (Kavlock et al.,
2008; Richard et al., 2008). Newer approaches focusing on both hazard
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Fig. 1. Overview of methodologies used for conventional and proposed next-generation hazard assessment of organic compounds. (A) Toxicity testing flow for
previous studies and the proposed toxicity testing; (B) Number of publications reporting predicted toxic potencies of persistent toxic substances (PTSs) by three types
of in silico methods since the 1960s. (C) Characteristics of the three commonly-used toxicity modeling methods and three proposed toxicity modeling methods; (D) A
quadrant plot from the perspectives of the observation-mechanistic approach and empirical-hypothetical in each method used to predict toxicity.
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identification and exposure assessment have led to a better under-
standing of potential effects of synthetic chemicals on humans and the
environment (Shin et al., 2015).

Although in vitro bioassays with relatively lesser ethical issues have
been well established for assessing hazard and risks, bioassays utilizing
recombinant cells, such as the H4llE-luciferase bioassay, H411E-luc) are
still relatively cost- and labor-intensive. The testing demand for a large
number of potential hazardous substances inspired the emergence of
computational modeling methods, such as quantitative structure-
activity relationship (QSAR) and molecular docking models as alterna-
tive or complementary strategies (Chen and Ung, 2001; Politi et al.,
2014; Tropsha, 2010). Strategies implementing QSAR and docking
models have substantially increased since the 1990s, while in 2020 in
vitro bioassays still account for three-quarters of toxicity assessment
studies (Fig. 1B). One of the most frequently asked questions raised in
QSAR research is how large a training set is needed to develop reliable
predictive relationships. The answer depends on diverse factors, among
which the most important determinant is the quality of the existing
toxicity datasets. As regression-based models such as QSAR do not
consider the detailed processes of bioactivity mechanisms but relied on
the existing data, they could overestimate or underestimate the potential
hazard of new target substances (Marzo et al., 2020). On the other hand,
the docking model utilizes physico-chemical properties of ligands and
receptors to estimate an optimized ligand binding status. When
receptor-ligand binding is influenced by the whole process of molecular
interaction kinetics since the introduction of ligand molecules into a
recombinant cell, the sole consideration of resultant optimal binding
status may not suffice to address the ligand-specific bioactivity (Yunta,
2016).

Besides, these three testing or modeling frameworks still rely upon
statistical analyses of observed biological responses in the context of
hazard assessment. For instance, because in vitro bioassays determine
causes of adverse outcomes caused by individual compounds without
ligand characterization and bioactivity mechanism analysis, they cannot
reveal why binding events are ligand-specific (Leusch et al., 2010). The
toxicity/bioactivity estimations from QSAR are made by statistical
inference through descriptor-based extra- and interpolation of experi-
mental data (Cherkasov et al., 2014; Cronin and Schultz, 2003). As a
result, the lack of observation in the MOA makes an accurate estimation
for a target substance difficult. The docking model has been demon-
strated to be a useful tool for producing ligand-receptor complexes and
estimating the binding affinity of a target substance (Friesner et al.,
2006; Wei et al., 2002; Zacharias, 2003). However, because in vitro
bioassays also involve kinetics of molecular motion of toxic substances
while approaching the receptor protein, the sole consideration of the
best binding affinity might be insufficient to accurately represent
experimental results (Fig. 1C). With the advancement of computational
capabilities, in situ methods for toxicity prediction are being actively
developed, and models utilizing first-principles approaches have also
been proposed as effective tools for toxicity assessment (Forrest et al.,
2014). According to the recently proposed directional reactivity factor
(DRF) model, experimental results of AhR-mediated potency for chrys-
ene homologues from H4IIE-luc bioassay are significantly and strongly
correlated with pre-binding factors governed by substances and re-
ceptors, such as electric dipole-driven alignment of a ligand and the
location of reactive sites of the ligand with respect to the line of force
action between a ligand and a receptor (Kim et al., 2020). This finding
gives a clue to the evolution of hazard assessment from data-driven
predictive models to first principles predictive models that account for
molecular interaction kinetics resulting in the ligand-receptor binding.
(Fig. 1D).

Here, we propose a novel, first principle approach referred to as a
directional reactive and binding factor (DRBF) model that can predict
toxic potencies of chemical substances interacting with the AhR. We
applied the DRBF model to predict the toxic potencies of 16 polycyclic
aromatic hydrocarbons (PAHs) without the aid of the existing
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experimental toxicity data (see Supporting Information (SI), Table S1).
We selected these 16 PAHs to assess the DRBF model, because 1) some
PAHs are known to be carcinogenic, 2) they are widely detected in the
environment and urine samples of the general U.S. population, and 3) all
16 PAHs are included in the U.S. Environmental Protection Agency
(EPA) priority pollutant list based on their environmental persistence,
bioaccumulation, and toxicity (Andersson and Achten, 2015; Yan et al.,
2004). Predicted toxic potencies of the 16 PAHs were then compared to
experimental bioassay results from the H4lIE-luc cell lines.

2. Materials and methods
2.1. Selection of study chemicals

PAHs are emitted into the atmosphere as byproducts of incomplete
combustion of fossil fuels or from volcanic eruptions and forest fires
(Wang et al., 2015). The selected compounds represent a range of
physico-chemical properties. These are naphthalene (Nap), acenaph-
thene (Ace), acenaphthylene (Acl), phenanthrene (Phe), fluorene (Flu),
anthracene (Ant), fluoranthene (Fla), pyrene (Pyr), benzo[a]anthracene
(BaA), chrysene (Chr), benzo[a]pyrene (BaP), benzo[b]fluoranthene
(BbF), benzo[k]fluoranthene (BKF), dibenzo[a,h]anthracene (DahA),
indeno[1,2,3-cd]pyrene (IcdP), and benzo[g,h,ilperylene (BghiP). Their
full names, molecular weight, and octanol-water partition coefficient
(log Kow) are shown in Table S1.

2.2. Density functional theory calculations

Physico-chemical properties of the 16 PAHs were calculated based
on ab initio density functional theory (DFT) by using the ORCA program
package (Neese, 2012). Every stage of DFT computations was done by
employing Becke three-parameter Lee-Yang-Parr (B3LYP) exchange
functional with the polarized triple-zeta valence (def2-TZVPP) basis set.
The first stage (spin-restricted) geometry optimizations were carried out
for neutral structures, and then +e charge was added for the cationic or
anionic state of each molecule as the second stage (spin-unrestricted)
optimizations. From the geometry-optimized structures, molecular or-
bitals (MO) (Fig. S1), charge populations (Mulliken and Hirshfeld), the
density of states (DOS), electric dipole moments (DM), and vibrational
amplitudes (VA) were computed.

2.3. Molecular dynamics for calculating the probability of binding in
ligand:AhR

The computational inputs for molecular dynamics (MD) simulation
were prepared using CHARMM-GUI tools (Jo et al., 2008). Specifically,
ligands (PAHs) were parametrized by “Ligand Reader & Modeler” with
CHARMM General Force Field (CGenFF) (Kim et al., 2017). The crystal
structure of CLOCK:BMAL1 (PDB ID: 4F3L) was obtained from RCSB
with H,O molecule removed. Afterward, to facilitate the movements of
small molecules, thirty molecules of a ligand were randomly placed in
the surrounding of a receptor, and the volume fraction (solute) was set to
8 %. The solution system was a cubic box with a side length of about 90
nm, filled and neutralized with solvent molecules 20,000 TIP3P mole-
cules and 0.15 % of K™ /Cl~ ions. This procedure was repeated for each of
the 16 PAHSs.

Simulations were conducted by using GROMACS/2019.3 and
CHARMM36m force fields. Van der Waal (VDW) cut-off was set to 1.2
nm. Particle-Mesh-Ewald (PME) was employed for electrostatic in-
teractions and the coulomb cut-off set at 1.2 nm with the Verlet method.
Steep energy minimization was converged to 100 kJemol lenm~! with
hydrogen bonds constrained by LINCS. Temperature was coupled
separately for solute and solvent using a Nose-Hoover extended
ensemble, followed by 400-picoseconds (ps) NVT equilibration in which
the reference temperature was 310 K. Parrinello-Rahman method and
isotropic coupling type was chosen for 2-ns NPT runs, and the reference
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pressure was 1.0 bar. Finally, the 20-nanoseconds (ns) production run
was performed, using leap-frog algorithm (md). A 20 ns simulation time
is ideal for thoroughly capturing interactions and conformational
changes, supported by ligand stability, dynamic movements, and
established molecular dynamics precedent (Jogalekar et al., 2010).
Integration time steps were set to 0.002 ps and the energy was saved
every 100 ps (total of 200 frames) for data analysis. The last frame of
each simulation was used as the principal structure for further studies of
ligand-receptor binding.

2.4. Aryl hydrocarbon receptor homology modeling

Three-dimensional (3D) structure of the ligand binding domain
(LBD) of the aryl hydrocarbon receptor (AhR) was built from sequences
of amino acids in the rat AhR (GI: 7304873 in the NCBI sequence
database) by validation, using the SWISS-MODEL (Waterhouse et al.,
2018), Rampage web servers, and ProSA-web (Lear and Cobb, 2016;
Wiederstein and Sippl, 2007a, 2007b). A crystal structure of 4F3L
(sequence identity = 27.8 %, residues 252-357) was selected as a
template. The structure model, built using the Ramachandran plot from
the Rampage web server, was validated by the fact that 98 % of total
residues were in the favored region, with 2.4 % of the residues in the
allowed region. Further, results from the ProSA analysis showed the z-
score for the 3D model within the range of scores typically found for
native proteins of similar size.

2.5. HA4IIE-luc bioassay and calculation in median effective concentration
(ECs0)

Empirically derived acute toxic potencies of the 16 PAHs were
determined based on an AhR-mediated activity using H4IIE-luc cells.
HAIIE-luc cells, derived from rat hepatoma, are highly sensitive to xe-
nobiotics and commonly used to assess PAH toxicity via the AhR
pathway. They are widely utilized in environmental toxicology for
evaluating dioxin-like activity with reliable and reproducible results.
These cells express luciferase upon AhR activation, allowing precise
measurement of PAH-induced cytotoxicity (Behnisch et al., 2001; Whyte
et al., 2004). Considering degradability of the selected PAHs and their
metabolic activity during longer durations of exposure, the 4 h exposure
time was chosen for AhR-mediated potency. After exposure, the activity
was expressed as relative luminescence units that were quantified using
a Victor X3 multi-label plate reader (PerkinElmer, Waltham, MA). We
converted responses of the H4IIE-luc bioassay to percentages of the
maximum response of BKF (%BkFp,x) observed for a 50 nM BkF
(=100%BkFax), as BKF was chosen as the reference due to its higher
potency in activating the aryl hydrocarbon receptor (AhR) compared to
other PAHs in our assay system. Bioassays were repeated four times in
triplicate. A half-effective concentration (ECsg) for AhR-mediated effects
of individual compounds was determined using dose-response curves
fitted with the Hill equation. Compounds with ten different concentra-
tions, using five-fold serial dilution (viz., 1, 0.2, 0.04, 0.008, 0.0016, and
0.0032 pg mL 1), were prepared. EC50 values were estimated from the
dose-response relationship, assuming equal efficacy and parallelism
with the reference compound (BKF).

2.6. In silico prediction of toxic potency

VEGA-QSAR and OpenVirtualtoxLab™ program packages were used
for QSAR and molecular docking analysis, respectively (https://www.
vegahub.eu). VEGA-QSAR has been performed and shown, based on a
large set of toxicological data and endpoints, to be sufficient to derive
predictive toxicity. ECsg values were obtained using SMILES notation of
VEGA-QSAR and obtained toxicity data corresponding to Daphnia magna
(Benfenati et al., 2013). Ligand:AhR binding affinities were estimated
and calculated by OpenVirtualtoxLab™ (Vedani et al., 2015). Combined
automated and flexible docking with multidimensional QSAR was used
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to simulate and quantify toxic potential and how chemicals bind to a set
of currently implemented proteins that cause adverse effects.

3. Results and discussion

3.1. A kinetic factor driving ligand to receptor calculated from first
principle density functional theory

DFT is a quantum mechanical modeling method used to investigate
the electronic structure of atoms, molecules, and solids based on
fundamental physical laws, without relying on empirical parameters.
After being introduced into cells, ligands in the cytosol interact with
various force fields, including electrostatic, hydrogen bonding, and van
der Waals forces, which can be accurately modeled using DFT to predict
their behavior and binding affinities within biological systems. Because
receptor proteins are substantially larger than typical ligands in size (16
PAHs selected for this study), it is reasonable to assume that charges on
receptors are fixed in space and then the ligand molecules would un-
dergo rotation to align their dipole moment vector with the line of force
action, while they approach the receptor (Fig. 2A). This directional

configuration, which is due to the dipole moment vector (3) of ligand,
would determine the relative orientation of preferred sites in a ligand for
nucleophilic or electrophilic interaction with charged amino acids in a
receptor (atom-condensed Fukui function, F) and how strongly a ligand
is attracted by charged amino acids forming the receptor protein. The
strength of ligand-dependent attraction would also increase the local
concentration of the ligand molecules in the vicinity of a receptor.

Based on this consideration, the DRF describing the directional
configuration for each PAH was derived for a given AhR protein (Eq. (1),
see Fig. 2B, S1, and Tables S2-S4) (Kim et al., 2020).

#A:X

R HAX
DRF = CirQu { > Fi(Den) ] = CurQune { S F
n=1 n=1

Bcos¢n} (€D}

where Qg ner denotes the net charge of AhR from charged amino acids in
AhR (Fig. S2), F™ (F) is the nucleophilic (electrophilic) Fukui function

for each terminal carbon, bonded with hydrogen (#A:X) in PAHs, Dis
the dipole moment vector of PAHs (Fig. S3), 7 is the unit vector along
the bonding direction of each terminal carbon, and Cir is a ligand-
receptor electric correlation coefficient of 1/4neqerr representing the
Coulomb’s constant with relative permittivity of receptor cytosol (er)
and the inverse proportionality to the ligand-receptor distance (r). The
physico-chemical parameters (Eq. 1) were calculated by ab initio density
functional theory (DFT).

The DRF equation takes into account the contribution from all atom-

condensed Fukui functions along the line of action (ﬁ). This reflects that
areactive site located behind the ligand molecule with respect to the line
of action would lower the reaction affinity with the receptor. Since the
DRF determines the degree of the optimal reaction configuration while
molecules move toward the receptor, we used the DRFs to evaluate how
they are correlated with binding of the 16 PAHs to AhR protein in the
ligand “approach” stage and eventually the AhR-mediated toxic potency
(Fig. 2C). As a novel finding, carbon with the largest Fukui value in each
PAH would be a preferred site when bound to the receptor. The carbon
atom with the largest Fukui value is the most reactive site, either
nucleophilic or electrophilic, and is thus more likely to interact with the
receptor. This makes it the preferred binding site for PAHs, providing a
theoretical basis for predicting receptor-ligand interactions. Therefore,
the forward location of carbon with the largest Fukui value for the re-
ceptor would be the desirable orientation during the ligand motion to-
ward the receptor in a cell. In addition, because DRF depends on the
dipole moment of the ligand, which drives the ligand molecule to move
toward the net charge of the AhR protein, DRF is expected to increase
the effective concentration of the ligand molecule in the vicinity of the
receptor. This means that under the same exposure conditions, a ligand
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Fig. 2. DRF model for predicting a driving force of the 16 PAHs to AhR. (A) Visualization of first principles prediction model for AhR-mediated potency of benzo[a]
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16 PAHs are highlighted in yellow, and the red arrow denotes the direction and magnitude of dipole moment; (C) Predicted potential toxicity of the 16 PAHs. Each
color is the number of benzene rings for each of the 16 PAHs. F (forward), B (backward), and P (perpendicular) are indicated according to the position of the highest
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compound with a larger DRF would have a greater probability of
binding (greater bioactivity) than one with a smaller DRF. By fitting an
exponential model for dose-response, exponentiated DRF values
(expPRF) were used for the hazard assessment of the 16 PAHs. Overall,
the expPRF values increased with the number of rings. The PAHs with 2
to 3 cyclic rings, such as phenanthrene, Phe; antracene, Ant; fluorene,
Flu; acenaphthene, Ace; acenaphthylene, Acl; and naphthalene, Nap,
exhibited the least exp®® values (Fig. 2C). Changes in exp R values were
generally consistent with other potential toxicities of chrysene homo-
logues in the previous study (Kim et al., 2020). PAHs with 4-6 rings have
carbons with the greatest Fukui values, located in front of the receptor
and exhibited greater exp”® values. However, the exp®™ value for
fluoranthene (Fla) was determined to be large, although Fla. is known to
show low potency. This suggests that the DRF is a necessary indicator of
the binding to a receptor based on the kinetic process in the ligand
approach stage but not a sufficient one requiring another ligand-specific
factor in the following receptor binding stage.

3.2. PAH-AhR binding rate and determination of potential toxicity

As mentioned previously, the DRF that accounts for the physico-
chemical properties of ligands represents the factor driving a ligand
toward the receptor protein and its optimal configuration for enhancing
the binding affinity to a receptor. However, it is important to examine
the state of the actual kinetic interaction between a ligand and a re-
ceptor, because the DRF model does not necessarily guarantee the for-
mation of a ligand-AhR complex. The second stage in the molecular
kinetic process for ligand-receptor binding was investigated using a MD
simulation method that utilizes the final binding state of PAHs-AhR.
Based on the MD results, the positions of the AhR protein were
divided into a total of 18 sites where ligand molecules mainly bind to
AhR (Fig. S4). Snapshots of MD binding simulation for 30 pyrene (Pyr)
molecules in the vicinity of AhR are shown as an example in Fig. 3A. A
Per-Arnt-Sim (PAS) domain comprises two structural repeats, which
involve dimerization with Arnt (PAS A: Sites I, J, K, L, M, N, P, and R)
and allow the binding of the ligands (PAS B: Sites A, B, C, D, E, F, G, H, O,

and Q). In this study, we considered only the binding sites in PAS B
domain because they are known to be responsible for enzyme regulation
which could increase the potential toxicity (Freeman et al., 2019; Urban
et al., 2018). Results of MD simulation suggest that the rate of PAH-AhR
binding in PAS B domain is also ligand-specific (Fig. 3B) and should be
taken into account in the assessment of the potential toxicity through a
solvent-mediated mechanism. Another bioactive contribution param-
eter, termed the directional binding factor (DBF), in the simulation of
molecular-scale ligand-binding kinetics processes within time scales
accessible by standard MDs (~20 ns) was introduced. DBF was defined
as the ratio of the number of PAH molecules binding to the sites of the
PAS B domain [n(PAS B)y;,4,,] to the total number of PAH molecules
ultimately binding to the receptor among 30 simulated molecules
[n(PAS A + PAS B)jingine] (Eq. (2)).

n(PAS B);,;.4
( )bmdmg (2)

DBF =
n(PASB + PASA)

binding

Binding sites to AhR were different for each PAH compound (Fig. S5
and S6). Dibenzo[a,h]anthracene (DahA) exhibited the greatest binding
rate, with 27 out of total 30 simulated molecules bound to either PAS A
or PAS B domain (Fig. 3B). For BaP, which is known to be particularly
toxic, 13 out of 30 ligands (43 %) were bound to the A site of PAS B
domain. Among the 16 PAHs, Nap, Ace, and Flu with 2 to 3 benzene
rings exhibited low binding rates (particularly in PAS B), compared to
other PAHs with greater molecular weight and with 4 to 6 rings.

The DRF, representing the ligand’s approach and interaction po-
tential with the receptor, and the DBF, which quantifies the strength and
stability of the ligand-receptor binding, were combined into a compre-
hensive toxicity indicator known as the directional reactive and binding
factor (DRBF). This integrated factor captures both the reactivity of the
ligand during the initial approach and its binding affinity in the final
ligand-receptor complex, providing a holistic measure of the com-
pound’s overall toxicological potential. The DRBF not only accounts for
the interaction dynamics between the ligand and receptor during the
binding process but also describes the entire kinetic process leading up
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Molecular dynamics of the pyrene-AhR for 20 ns. Per-Arnt-Sim (PAS) A and PAS B domains consist of AhR, and PAS B contributes to carcinogenesis after the ligands
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the DRBF was calculated by multiplying exp®" and DBF in the mechanism of ligand-AhR. In the ligand approach state, DRF was calculated, and in the ligand binding
state, directional reactive and binding factor (DBF) was quantified.

to the formation of the ligand-receptor complex. Importantly, this in-
dicator reflects the stages prior to the translocation of the complex into
the cell nucleus, where it can regulate the expression of xenobiotic-
metabolizing enzymes. By encompassing both the reactive approach
phase and the binding stability, the DRBF offers a more complete picture
of ligand-receptor interactions, making it a robust tool for predicting
toxicity (Eq. 3).

BAX n(PAS B)ina
DRBF = C net Fi D S A)
exp< 1R QR et { ; n ‘“’Wn} ) " n(PASB 1 PAS A)pinging
3)

Consideration of additional binding rate in the DRBF resulted in a
change in the ranking of predicted potential toxicity of the 16 PAHs.
When comparing expDRF and DBF, in DRBF, indeno[1,2,3-c,d]pyrene
(IcdP), Fla., and DahA are predicted to become less toxic than in expDRF,
whereas greater toxicity is predicted for chrysene (Chr), BaP, benzo[b]
fluoranthene (BbF), and benzo[gh,ilperylene (BghiP) (Fig. 3C). These
results indicate that it is important to consider the entire molecular ki-
netic process toward the ligand-receptor binding and the mechanisms of
toxic expression to improve the accuracy of potential toxicity prediction.
Proteins often bind with ligands in buried cavities that appear inacces-
sible based on the static structures. The mechanisms and pathways by
which ligands reach their binding sites in such cases are often unknown

(Denison and Faber, 2017; Dror et al., 2011; Zhou et al., 2010). The
ligand recognition by occluded cavities can happen rapidly, indicating
there is no single dominant pathway. Therefore, this approach
describing ligand-receptor binding would consider all the comprehen-
sive bindings which can make a carcinogenesis.

3.3. Experimental and predicted toxic potencies of the 16 PAHs using in
vitro and in silico results

Since the DRBF-based prediction of toxic potencies includes the
molecular-scale binding reaction between the 16 PAHs and AhR protein,
the reliability and predictability were tested by comparison with
experimental bioassay results. Empirical AhR-mediated potency for the
16 PAHSs using the H41lE-luc cell lines (Table S5) (Fig. 4A) was used to
develop dose-response curves that were then categorized for the groups
with similar molecular weight and number of benzene rings. AhR-
mediated potency is proportional to the number of benzene rings.
Compared to a positive control-ligand of BKF with relative potency (ReP)
of 1.0, ReP values are <0.01 for the PAHs with 2-3 rings, while greater
ReP values are observed in the PAHs with 4-6 rings (< 0.85). AhR-
mediated potencies of PAHs varied even for PAHs of the same number
of benzene rings and molecular weight (Lee et al., 2015; Pieterse et al.,
2013). Construction of ligand-AhR complexes followed from the specific
binding sites would be changed by the structure of ligands and their
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Fig. 4. Performance of the DRBF model and other in silico models. (A) AhR-mediated potency (%BKkF,,,y) of the 16 PAHs determined from in vitro bioassay (H4IIE-
luc); (B) Predicted potential toxicity of the 16 PAHs by the DRBF model (proposed in the current study) and two common in silico models (QSAR, molecular docking
model). LCs, values were obtained from Daphnia magna and ToxPot scores were calculated by evaluating the binding affinity between aryl hydrocarbons (AhR) and
the 16 PAHs; (C) Observed values (1/Log ECsg) versus predicted values of potential toxicity from three in silico methods and model performance measured by the
coefficient of determination (R) with p-value. (D) Relative experimental and predicted toxicity of the 16 PAHs by the DRBF model and H4IIE-luc, QSAR, and the
docking model. Each relative toxicity value was normalized against the positive control (benzo[k]fluoranthene; set as 1.0 of potential toxicity).

conformational change in response to the AhR protein (Barron et al.,
2004; Giani Tagliabue et al., 2019).

Empirically determined toxic potency data (inverse of log(ECs)) are
compared with DRBF values, as well as other toxicity-relevant charac-
teristics predicted by other in silico models, including 1/LCso from QSAR
and toxic potency (ToxPot) score from the molecular docking model
(Fig. 4B and Table S6). IcdP and BaP are determined to have greater DRF
values than Chr, BaP, and BkF, but lesser DBF values push them up to
lower rankings in the DRBF model (Fig. 4B). For PAHs consisting of 2-3
cyclic rings, such as phenanthrene (Phe), Flu, anthracene (Ant), Ace,
Acl, and Nap, although additional consideration of the binding rate in
the DRBF model changed their rankings of potential toxicity when
comparing them from sole consideration of the DRF model, but it does
not affect the overall trend. In particular, Chr, BaP, and BbF had DRBF
values of 0.059, 0.049, and 0.046, respectively, which were predicted to
have greater potential toxic potency than those from DRF alone.
Comprehensive DRBF values, which combine physico-chemical prop-
erty-based DRF and binding rates-based DBF resulted in the best per-
formance (R2 =0.90 and p < 0.01) (Fig. 4C) of the model.

The overall results suggest that the DRBF model outperforms pre-

existing in silico models of QSAR and molecular docking in predicting
the toxic potencies when evaluating them with experimentally obtained
values by in vitro bioassays. The QSAR model applied in this study
predicts potential toxicity based on the number of benzene rings in
PAHs. For example, the model predicts the same toxic potencies for BhiP
and IcdP (LCsp: 0.05 mg L (Fig. 4B). QSAR prediction of 1/LCsg
resulted in moderate model performance (R?>=0.59, p < 0.05) (Fig. 4QC),
partly because most QSAR approaches solely depend on the relationship
between structure-dependent physico-chemical properties of substances
and toxicity, while the mechanistic approach such as the DRBF model
consider factors actually participating in the toxic responses. Thus, it is
expected for QSAR to provide over- or under-prediction of the potential
toxicity from new substances that are not previously included when
training the QSAR model (Gramatica et al., 2012; Kolmar and Grulke,
2021).

A docking model predicts greater potential toxicities (ToxPot scores)
for PAHs with five rings (Fig. 4B) and linear regression results indicate
that the docking model accounts for 84 % of the variability between
experimental and predictive values [®? = 0.84, p < 0.05, Fig. 4Q),
suggesting that the structure and physico-chemical properties of
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compounds are more related to the potential toxicity than the number of
benzene rings (Fig. 4B and C). Various factors affect the binding status
linked to receptor activation, such as the binding sites of the ligand, the
hydrophobic sites of the receptor, and the arrangement of amino acids.
The long-range dipole-charge interaction sets the orientation and rela-
tive distribution of the reactive sites of ligand prior to binding to the
receptor. Thus, it needs to be noted that the optimum ligand-receptor
binding posture with the lowest free energy might not always be ach-
ieved in the real environment. For pre-conjugation of the ligand-
receptor binding, the docking model does not account for the binding
rate but the optimal binding status. Thus, the predicted potential toxicity
of each ligand may not reflect the whole mechanism process of the
ligand-receptor binding process (Dyla et al., 2022; Tuffery and Derreu-
maux, 2012).

When relative toxic potencies predicted by all three in silico models,
after normalization to BkF, were compared with relative experimental
toxicity results reported in previous studies, the DRBF model could
explain more variance (measured by R?) in experimental results than
other two in silico models (Fig. 4D and Table 1) (Bols et al., 1999; Bos-
veld et al., 2002; Fent and Batscher, 2000; Kim et al., 2019; Larsson
et al., 2012; Louiz et al., 2008; Machala et al., 2001; Nisbet and Lagoy,
1992; Pieterse et al., 2013; Villeneuve et al., 2002; Vondracek et al.,
2017). Based on the relative toxic potencies of the 16 PAH compounds
derived by the DRBF model, the contribution of each compound to total
toxicity in environmental samples, such as sediment and water, can also
be calculated by a potency balance. In previous studies, using H4IIE-Iuc
bioassays like this study, it was confirmed that the mixture of PAHs

Table 1
Comparison of toxic potencies predicted by use of the directional reactivity (DR)
model with experimental potential toxicity data.

Studied In vitro bioassay Mechanistic quantification model
compounds (HAIIE-luc) (This study)
Log(1/  ReP’ DRF®  Rpge DRBF®  Rpgar
ECs0)
(M)
Naphthalene 0.06 6.65E-14 —2.52 3.24. 1.99. 1.77.
E-07 E-05 E-07
Acenaphthene 0.09 3.40E-07 -1.79  6.60. 5.76. 5.13.
E-06 E-04 E-06
Acenaphthylene 0.09 9.28E-08 -2.24  1.02. 1.18. 1.05.
E-06 E-04 E-06
Phenanthrene 0.14 5.50E-04 -1.10 1.10. 1.07. 9.54.
E-04 E-02 E-05
Fluorene 0.12 1.11E-04 -1.64 1.23. 1.53. 1.36.
E-05 E-03 E-05
Anthracene 0.10 2.45E-06 —1.58 1.55. 9.65. 8.60.
E-05 E-04 E-06
Fluoranthene 0.15 2.59E-03 0.41 5.39. 4.30. 3.83.
E-02 E+00 E-02
Pyrene 0.16 8.08E-03 0.27 3.04. 3.37. 3.00.
E-02 E+00 E-02
Benzol[a] 0.20 1.18E-01 0.37 4.59. 4.29. 3.82.
anthracene E-02 E+00 E-02
Chrysene 0.23 5.44E-01 0.40 5.18. 6.61. 5.88.
E-02 E+00 E-02
Benzo[a]pyrene 0.23 5.22E-01 0.38 4.75. 5.53. 4.92.
E-02 E+00 E-02
Benzo[b] 0.21 2.51E-01 0.37 4.59. 5.20. 4.64.
fluoranthene E-02 E+00 E-02
Benzo [k] 0.24 1.00E4+00 1.12 1.00. 1.12. 1.00.
fluoranthene E+00 E+02 E+00
Dibenzo[a,h] 0.15 4.61E-03 0.27 2.97. 3.14. 2.80.
anthracene E-02 E+00 E-02
Indeno[1,2,3-cd]  0.24 8.52E-01 0.41 5.38. 4.70. 4.19.
pyrene E-02 E+00 E-02
Benzo[g,h,i] 0.15 2.27E-03 0.26 2.97. 3.29. 2.93.
perlyene E-02 E+00 E-02

# Relative potency.
b Directional reactive factor.
¢ Directional reactive and binding factor.
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exhibited AhR-mediated potencies additively (Cha et al., 2019; Lee
et al., 2017).

In vitro bioassays, such as those using HA4IIE-luc cells, provide
detailed and biologically relevant data by directly measuring cellular
responses to chemical exposure. However, they can be resource-
intensive and subject to variability in experimental conditions. In
contrast, the DRBF model, a computational approach, predicts toxicity
based on chemical structure and receptor interactions, enabling rapid,
high-throughput screening of numerous chemicals. If the toxicity
mechanisms occurring within cells are further elucidated in the future, it
will be possible to predict toxicity more accurately through detailed and
specific simulations (e.g., concentration) using the model and offer a
more comprehensive view of toxic effects.

3.4. Environmental implications

Importance of mechanistic quantification of dynamic reactions be-
tween ligands and receptors can be influenced by water molecules
mediating interactions. Water molecules can have an effect on different
binding modes within a receptor, ultimately dictated by the free energy
of binding, but with several different contributions. In such a complex
reaction, relying solely on data-driven approaches rather than inte-
grating them with a mechanism-based approach can increase uncer-
tainty in model predictions. Moving away from the sole reliance on
traditional approaches and information sources used in hazard, expo-
sure, and risk assessment, toward the more comprehensive use of rapidly
acquired chemical information via in vitro, in silico, and targeted testing
strategies will require careful consideration of the information needed
and values associated with a particular decision. The data collection
should be obtained after careful consideration of approaches and bind-
ing of the toxic expression mechanism.

Our study showed that a mechanistic approach based on the
dynamical relationship between ligands and receptors can predict the
potential toxicity of the 16 PAHs with high predictive power (R? = 0.9).
This case study demonstrates two factors that help build confidence in
emerging methods: i) an approach independent of inferences from sta-
tistics and ii) the ability to construct the potential toxicity upon a
mechanism-based AOP. In the AOP model, molecular initiation is often
mediated as a ligand-receptor protein binding and is one of the funda-
mental biological processes initiating toxic responses, drug efficacy,
immunization, and other crucial cell functions occurring in biological
organisms (Helm et al., 1991; van der Velden et al., 2020). A receptor-
mediated enzyme regulation triggered by a ligand-receptor binding is
ligand-specific and thus provides the base of in vitro bioassays in envi-
ronmental toxicology and drug development for hazard assessment of
target substances. If a phenomenon of xenobiotic receptor activation is
therefore influenced by the entire kinetic process of ligand molecules
from introduction into a cell until binding with a receptor protein, both
the ligand approach stage and ligand binding stage must be considered
in estimating the toxic potency of a chemical, expressed as a probability
of binding.

Predictions made by the model described here are consistent with
experimental results and do not require any statistical assumptions but
reflect the ligand-receptor binding process quantitatively. This first-
principles methodology can serve as an initial framework for
analyzing the ligand-binding mechanism in the structure and functions
of the AhR in a high-throughput manner to improve understanding of
the variation in potential toxicities and their causes in the process of
ligand-receptor response for a large number of chemicals. And, the DRBF
model has the potential to predict toxicity based on the chemical
structure and the receptor involved in the interaction, thus making it
applicable to a broad spectrum of chemical compounds in the future.
Moreover, the principles employed, particularly quantification of pre-
conjugation and binding state, have an importance beyond the imme-
diate field of toxicity screening, for example in studies of drug efficacy
and monitoring of human subjects in clinical trials. Therefore, further
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improvement of the DRBF model could advance molecular biology and
computational structural biology and be a steppingstone for providing
reliable and mechanistic interpretation screening systems for preclinical
toxicology.

4. Conclusion

This study introduces and applies a new comprehensive model,
DRBF, to predict the cytotoxicity of 16PAHs. The study analyzes how
PAHs induce toxicity by interacting with the AhR in cells. By combining
two parameters, DRF, which represents the ligand’s approach potential,
and DBF, which quantifies the strength and stability of ligand-receptor
binding, DRBF provides a holistic description of the dynamic process
of ligand-receptor interactions. This indicator captures both the ligand’s
reactivity during its approach and the stability of the binding, encom-
passing the entire kinetic process before the ligand-receptor complex
translocated to the cell nucleus to regulate the expression of xenobiotic-
metabolizing enzymes. The study demonstrates the utility of the DRBF in
accurately predicting PAH toxicity and suggests its potential application
in future toxicity assessments and environmental risk studies.
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Appendix A. Supplementary data

Chemical compounds information of 16 PAHs used in this study
(Table S1); structural and electronic configuration parameters of 16
PAHs and the potential toxicity predict-ed by directional reactivity
factor (DRF) (Table S2); searching for structure homologues of aryl
hydrocarbon receptors (Table S3); physico-chemical properties of aryl
hydrocarbon receptors (Table S4); in vitro transactivation bioassay
conditions for evaluating toxicities of chemical compounds. (Table S5);
the estimated potential toxicity for 16 PAHs from various in silico models
(Table S6); visualization of the HOMO and LUMO orbitals in 16 PAHs
(Fig. S1); homology model and quality metrics of AhR LBD (Fig. S2); the
information of physico-chemical properties of 16 PAHs (Fig. S3); AhR
homology model and 16 PAHs binding sites (Fig. S4); Molecular dy-
namics simulations of the binding of 16 PAHs (2-6 rings) to AhR in
water solution (Fig. S5 and S6) (PDF).
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Supplementary Figures

Figure S1. Visualization of the HOMO and LUMO orbitals in 16 PAHs. (A and B) Presentation of the
energy levels, HOMO-LUMO gap and orbital composition distribution of the HOMO and LUMO
for 16 PAHs. HOMO-LUMO gap energy ranged from 3.33 eV to 4.78 eV. The HOMO-LUMO
gap is slightly difference in each PAH compound. «««« -+ seereeessemrmiin S9

Figure S2. Homology model and quality metrics of AhR ligand binding domain (LBD). (A) Super-imposi-
tion of the template (light blue) with the AhR model (white); (B) Sequence alignment between the
model and template. RMSD less than 1.0 A and a structure overlap of 98.13. The ProSA analysis
of the generated AhR structure in this study. 2 The figure represents the Prosa-web plot of template
4F3L chain A with a z-score value of — 4.07; (C) Signaling pathway of AhR and net charge of
ADR hOmOIOEY MOMEL. -+ +++veeeerrresseetieii i S10

Figure S3. The information of physico-chemical properties of 16 PAHs. Carbon atoms in molecular struc-
ture are shown in dark gray, hydrogen atoms are in white, and oxygen atoms in red. A carbon with
the highest Fukui value of 16 PAHs is in red, and the red arrow indicates the molecule’s dipole
moment. The length of the arrow corresponds to the magnitude of dipole moment vector.
............................................................................................................... Sl 1

Figure S4. AhR homology model and 16 PAHs binding sites. (A) Total 18 binding sites which were bound
by 16 PAHs consisted of Per-Arnt-Sim (PAS) A (red: A, B, C, D, E, F, G, H, and I) and PAS B
(blue: I, K, L, M, N, O, P, Q, and R) domains. quality metrics of AhR LBD. (B) The number of
total 30 ligands bound to AhR for 20 ns was measured, and the probability of binding to the PAS
B domain was Calculated. ................................................................................. S 12

Figure S5. Molecular dynamics simulations of the binding of 16 PAHs (2—4 rings) to AhR in water solution
(). AhR homology consists of total two domains including PAS A (blue) and PAS B (red). The
simulation was proceeded by the input of total each 30 PAHs to AhR. The results show that PAHs
do not depend on only one binding site for binding to AhR.. =+« creereerrereereeneneeee. S13

Figure S6. Molecular dynamics simulations of the binding of 16 PAHs (4—6 rings) to AhR in water solution
(2). AhR homology consists of total two domains including PAS A (blue) and PAS B (red). The
simulation was proceeded by the input of total each 30 PAHs to AhR. The results show that PAHs
do not depend on only one binding site for binding to AhR. -+« -vorreerrreeeeen S14



Supplementary Tables

Table S1. Chemical compounds information of 16 polycyclic aromatic hydrocarbons (PAHs) used in this study.

Compounds 2Abb. Molecular Number of Molecular Log Kow CAS RN Purity
formula benzene rings weight (%)
Naphthalene Na C10H8 2 128.17 3.30 91-20-3 > 98
Acenaphthene Ace CI12H10 3 154.21 3.92 83-32-9 >99
Acenaphthylene Acl CI2H8 3 152.19 3.93 208-96-8 >98
Fluorene Flu C13H10 3 166.22 4.18 95270-88-5 >98
Phenanthrene Phe C14H10 3 178.23 4.46 85-01-8 >98
Anthracene Ant CI14H10 3 178.23 4.45 120-12-7 >98
Fluoranthene Fla C16H10 4 202.25 5.16 206-44-0 >98
Pyrene Py C16H10 4 202.25 4.88 129-00-0 >98
Benzo[a]anthracene BaA C18H12 4 2283 5.76 56-55-3 >98
Chrysene Chr C18H12 4 228.3 5.73 218-01-9 >98
Benzo[b]fluoranthene BbF C20H12 5 252.3 5.78 205-99-2 >98
Benzo[k]fluoranthene BKkF C20H12 5 252.3 6.11 207-08-9 >98
Benzo[a]pyrene BaP C20H12 5 2523 6.13 50-32-8 >98
Dibenzo[a, h]anthracene DbahA C22H14 5 278.3 6.50 53-70-3 >98
Benzo[g,A,i]perylene BghiP C22H12 6 276.3 6.63 191-24-2 >98
Indenol[/,2,3-c,d]pyrene IcdP C22H12 6 276.3 6.70 193-39-5 > 98

2 Abb.: Abbreviations



Table S2. Structural and electronic configuration parameters of 16 PAHs and the potential tox-
icity predicted by directional reactivity factor (DRF).

Compounds HO LU HOMO- Dipole mo- Fukui Carbon atoms Location of Directional
MO MO LUMO  ment mag- value with the largest carbon” to reactivity
(eV) (eV) energy gapnitude (10? P Fukui value ~ AhR factor
(eV) Debye) (DRF)

Naphthalene -6.0 -1.3 4.78 0.0 0.1 10C B -2.52
Acenaphthene -5.7  -1.0 4.64 0.9 0.1 4C B -1.79
Acenaphthylene -6.0 -1.0 4.96 0.5 0.1 9C B -2.24
Phenanthrene -6.0 -13 4.71 0.0 0.1 8C B -1.10
Fluorene 55 -19 3.56 0.0 0.1 7C B -1.64
Anthracene -6.1 2.1 3.91 0.3 0.1 2C B -1.58
Fluoranthene -6.0 -2.0 3.98 0.3 0.1 14C B 0.41
Pyrene 5.6 -1.7 3.83 0.0 0.1 8C, 10C F 0.27
Benzo[a]anthracene 5.6 -1.8 3.74 0.0 0.1 9C F 0.37
Chrysene 5.8 -15 4.24 0.0 0.1 7C, 18C P 0.40
Benzo[a]pyrene 59 2.0 3.98 0.4 0.1 2C F 0.38
Benzo[b]fluoranthene -5.6 -2.0 3.64 0.3 0.1 7C F 0.37
Benzo[k]fluoranthene -5.3 -2.0 3.36 0.0 0.1 7C F 1.12
Dibenzo[a,k]anthracene -5.4 -1.9 3.50 0.0 0.1 7C B 0.27
Indeno[/,2,3-cd]|pyrene -5.6 -2.2 3.33 0.6 0.1 16C F 0.41
Benzo[g A ilperlyene  -5.6 -1.7 3.86 0.0 0.1 10C F 0.26

* The carbon with the largest Fukui value; forward (F), perpendicular (P), and backward (B) to the AhR.



Table S3. Searching for structure homologues of aryl hydrocarbon receptors.

Protein data Bank ID Chain GMQE QMEAN %Identity
4F3L B 0.67 -1.73 29.59
47P4.1 B 0.65 -3.97 30.77
47P4.2 B 0.67 -2.54 30.77
4ZPH.1 B 0.67 -3.01 30.77
4ZPH.2 B 0.67 -2.54 30.77
4Z7QD.2 B 0.67 -2.67 30.77
4ZQD.1 B 0.66 -3.21 30.77
SKIZ.1 A 0.64 -4.24 31.07
6E3T.1 B 0.66 -2.62 30.77
58Y7.1 B 0.63 -2.22 25.70
4ZPR.1 B 0.59 -6.01 31.07
58Y5.1 B 0.61 -2.73 21.90
58Y5.2 B 0.62 -2.60 21.90
4H6J.1 A 0.60 -3.30 34.41
2A24.1 A 0.60 -3.99 30.77
4WN5.2 B 0.59 -2.66 24.27
4WN5.1 A 0.59 -2.40 24.27
4DJ3.1 A 0.57 -3.08 18.63




Table S4. Physico-chemical properties of aryl hydrocarbon receptors.

Single letter code NFIFRTKHKLDFTPIGCDAKGQLILGYTEVELCTRGSGYQFIHAADILHCAESHIRMI
KTGESGMTVFRLLAKHSRWRWVQSNARLIYRNGRPDYIIATQRPLTDEE
Number of residues 107
Molecular weight 12381.1 g mol”!
Extinction coefficient 16500 M-1 cm’!
Iso-electric point pH9.14
Net charge at pH 7.4 4.1
Estimated solubility Good water solubility
10Pka; 10P%a;
2 Equation for net charge Net charge = Z N; 107H 4 10P%a Z N;j 1077 + 107

“N; is the number, and pKa; are the pKa values, of the N-terminus and the side chains of Arginine, Lysine, and Histi-
dine.



Table SS. In vitro transactivation bioassay conditions for evaluating toxicities of chemical com-

pounds.
Cell line HA4IE-luc
ATCCH# CRL-1548
Cell type Recombinant (luc-gene)
Mode of Action AhR-mediated potency
Endpoint Luciferase activity

Positive control
Culture condition
Exposure time

Benzo[a]pyrene
37 °C, 5% CO»
4h




Table S6. The estimated potential toxicity for 16 PAHs from various in silico models

Compounds QSAR (Daphnia magna) Docking model ®
(Lfl\jlo) ReP ToxPot
Naphthalene 2.95 0.04 0.20
Acenaphthene 1.09 0.12 0.22
Acenaphthylene 1.09 0.12 0.22
Phenanthrene 0.76 0.17 0.31
Fluorene 1.52 0.08 0.29
Anthracene 0.73 0.18 0.33
Fluoranthene 0.41 0.32 0.35
Pyrene 0.32 0.40 0.30
Benzo[a]anthracene 0.22 0.58 0.42
Chrysene 0.24 0.55 0.40
Benzo[a]pyrene 0.10 1.27 0.40
Benzo[b]fluoranthene 0.12 1.11 0.45
Benzo[k]fluoranthene 0.13 1.00 0.45
Dibenzo[a,h]anthracene 0.08 1.68 0.49
Indeno[/,2,3-cd]|pyrene 0.05 2.35 0.45
Benzo[g,h,ilperlyene 0.05 2.39 0.39




A
=— LUMO+1 = LUMO = HOMO Energy gap

atte ~ofle -ofle _gon i
e e -Gk N
S
O -3 -
= 464eV 496 eV
] 4.78 eV : 471eV 356 eV 3.83ev
a;cj’ 4 391 eV 398 eV € 4
w |
|28 88 & -t W .o -fe -EF
7 L7
Naphthalene Acenaphthene Acenaphthylene Phenanthrene Fluorene Anthracene Fluoranthene Pyrene
B
— LUMO+1 — LUMO — HOMO Energy gap
0 r 0
K| k-
3 3 n
% a4 3.74eV 424 eV 3086V 364 eV 3.36eV 3.50eV 3336V 38ev | 4
308 e Ry :
7 L7
Benzolal- Chrysene Benzolal Benzo[b]- Benzolk]- Dibenzo[a,h]- Indeno[1,2,3-cd]- Benzolg,h,i]-
anthracene pyrene fluoranthene fluoranthene anthracene pyreng perlyene

Figure S1. Visualization of the HOMO and LUMO orbitals in 16 PAHs. (A and B) Presentation
of the energy levels, HOMO-LUMO gap and orbital composition distribution of the HOMO and
LUMO for 16 PAHs. HOMO-LUMO gap energy ranged from 3.33 eV to 4.78 eV. The HOMO-
LUMO gap is slightly difference in each PAH compound.
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Figure S2. Homology model and quality metrics of AhR ligand binding domain (LBD). (A) Su-
per-imposition of the template (light blue) with the AhR model (white); (B) Sequence alignment
between the model and template. RMSD less than 1.0 A and a structure overlap of 98.13. The
ProSA analysis of the generated AhR structure in this study. 2 The figure represents the Prosa-
web plot of template 4F3L chain A with a z-score value of — 4.07; (C) Signaling pathway of
AhR and net charge of AhR homology model.
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Figure S3. The information of physico-chemical properties of 16 PAHs. Carbon atoms in molec-
ular structure are shown in dark gray, hydrogen atoms are in white, and oxygen atoms in red. A
carbon with the highest Fukui value of 16 PAHs is in red, and the red arrow indicates the mole-
cule’s dipole moment. The length of the arrow corresponds to the magnitude of dipole moment
vector.
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Figure S4. AhR homology model and 16 PAHs binding sites. (A) Total 18 binding sites which
were bound by 16 PAHs consisted of Per-Arnt-Sim (PAS) A (red: A, B, C, D, E, F, G, H, and I)
and PAS B (blue: J, K, L, M, N, O, P, Q, and R) domains. quality metrics of AhR LBD. (B) The
number of total 30 ligands bound to AhR for 20 ns was measured, and the probability of binding
to the PAS B domain was calculated.
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Figure SS5. Molecular dynamics simulations of the binding of 16 PAHs (2—4 rings) to AhR in
water solution (). AhR homology consists of total two domains including PAS A (blue) and PAS
B (red). The simulation was proceeded by the input of total each 30 PAHs to AhR. The results
show that PAHs do not depend on only one binding site for binding to AhR.
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}
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Figure S6. Molecular dynamics simulations of the binding of 16 PAHs (4—6 rings) to AhR in
water solution (2). AhR homology consists of total two domains including PAS A (blue) and
PAS B (red). The simulation was proceeded by the input of total each 30 PAHs to AhR. The re-
sults show that PAHs do not depend on only one binding site for binding to AhR.
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