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Melanin is a widely found natural pigment serving multiple physiological functions and having numerous
applications in industries and pharmaceuticals. Due to the diverse structural properties of melanin, drug
molecules exhibit varying degrees of affinity towards it. Consequently, drug molecules binding to
melanin, including eumelanin, possess significant implications for drug delivery, biodistribution, and the
treatment of various diseases. Here, we investigate allosteric binding between drugs and eumelanin
using computational techniques such as molecular dynamics (MD) simulations, density functional theory
(DFT) calculations, and free energy calculations. Eumelanin, composed of DHI and DHICA molecules,
was utilized in different systems, including aggregated and random arrangements, with the addition of
neutral or charged eumelanin and selected drug molecules (chloroquine, levofloxacin, timolol,
methotrexate, and diclofenac). The MD simulations revealed conformational changes in both eumelanin
and drug molecules upon interaction along with the creation of binding sites or cavities. Evaluation of
binding free energy through molecular mechanics Poisson—Boltzmann surface area (MM-PBSA)
calculations indicated that neutral timolol and charged diclofenac exhibited the strongest binding to DHI
aggregated bundles, while both neutral and charged methotrexate showed the strongest binding in
random DHI systems. In contrast, neutral and charged chloroquine displayed the strongest binding in
random systems with DHICA (neutral and charged) respectively. Following MD simulations, DFT
calculations were employed to further investigate the strength of drug—eumelanin binding. By utilizing
the drug—eumelanin poses obtained from MD simulations, DFT calculations demonstrated that the bind-
Received 10th March 2024, ing strength is influenced by the structural orientation and conformation of both the drug and eumelanin
Accepted 16th May 2024 molecules. Overall, drug—eumelanin binding depends on various factors, including conformational
DOI: 10.1039/d4ma00246f changes in both the drug and eumelanin, the charges of the molecules, the presence of binding sites
(especially in DHI eumelanin), the occurrence of n—n and hydrogen bond interactions, and the surround-
rsc.li/materials-advances ing solvent environment.
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mational changes of eumelanin (DHI and DHICA) and drugs which were obtained  the oxidation of phenols and the subsequent polymerization of
from MD simulations. Fig. S8-S17: DFT optimized single eumelanin (DHI and
DHICA) molecule and single drug molecule binding with energy. Table S1:
binding free energy of eumelanin-drug systems in the MD simulations, second o R . . . .
and third replica copy results. Table S2: the average drug-eumelanin binding free Melanin is typlcally divided into three main categories,
energies (kcal mol™") calculated by using the MM-PBSA approach. Each system eumelanin, pheomelanin, and allomelanin based on the
contains 27 eumelanin and 7 drug molecules. Results from first simulations.  chemical structure of the pigment’s monomeric subunit.!
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results from the third replica. Table S5: AutoDock Vina grid box parameters used melanin, neuromelanin, and pyomelanm. Eumelanin, which

in molecular docking. See DOIL: https://doi.org/10.1039/d4ma00246f appears primarily black-brown, is prevalent in human hair and

intermediate phenols and their resulting quinones, melanin is
generally referred to as a heterogeneous polymer.*
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skin, and it is also produced by certain bacteria, fungi, and
myxomycetes.” Pheomelanin, on the other hand, is predomi-
nantly yellowish or reddish and is found in high concentrations
in poultry feathers, red hair in humans, insects, amphibians,
and reptiles.® Allomelanin encompasses a heterogeneous poly-
mer that can exhibit various colors and is commonly found in
numerous fungi and plants, lacking nitrogen content.” Neuro-
melanin is a dark insoluble pigment that has a pheomelanin
core and eumelanin shell. It is, however, not produced by
melanocytes but rather in catecholaminergic neurons located
in the substantia nigra region of the brain.*'° Lastly, pyomela-
nin is a water-soluble pigment that does not possess a biosyn-
thetic pathway. It is associated with the activation of the r-
tyrosine/L-phenylalanine degradation pathway and is widely
present in bacteria and fungi."!

Eumelanin exists in the form of a complex macromolecule
composed of 5,6-dihydroxyindole (DHI) and its 2-carboxylated
form, 5,6-dihydroxyindole-2-carboxylic acid (DHICA)." Although
eumelanins consist of DHI and DHICA at the fundamental
level, the precise structure remains unknown and, conse-
quently, the natural aggregation or stacking behaviors of
eumelanin are still subjects of ongoing discussion.>™*> How-
ever, this defining characteristic relies on factors such as the
abundance of carboxylic acid groups with negative charges, the
presence of aromatic rings facilitating n-interactions, hydrogen
bonds, and van der Waals interactions.’” In the human body,
eumelanin functions as a natural sunscreen by absorbing UV
radiation, safeguarding the skin from harm, and reducing the
risk of skin cancer.'® Moreover, eumelanin in the eye acts as a
protector for photoreceptor cells, preserving retinal health by
shielding them from UV light."” Eumelanin also plays a role in
regulating body temperature by absorbing and dissipating
heat."® Additionally, eumelanin exhibits antioxidant properties
by counteracting harmful free radicals within the body."?

Melanin has also demonstrated a wide range of applications
in biotechnology, medicine, and the environment.'® Studies
have revealed that it possesses potent anti-inflammatory prop-
erties due to its ability to inhibit cyclooxygenase (COX) and
lipoxygenase (LOX) enzymes.?® Furthermore, melanin can pro-
vide protection for the digestive system by reducing the secre-
tion of gastric juice.'® Its ability to remain in pigmented tissues
for extended periods of time makes it suitable for use as a
vehicle or conduit for drug delivery, facilitating the transporta-
tion of drugs to their target locations, particularly when admi-
nistered orally.>" For instance, a melanin-iron complex can
effectively treat iron-deficiency anemia by alleviating symp-
toms, enhancing the availability of iron, and reducing side
effects compared to conventional drug treatments.>* Addition-
ally, melanin has been recognized as a highly efficient and
rapid ion exchange agent capable of binding toxins, chemicals,
and heavy metals, effectively acting as a scavenger for free
radicals.”®

In medicinal chemistry, the focus has been on its capacity to
bind and interact with drugs. A specific experimental investiga-
tion highlighted the substantial impact of ocular melanin on
ocular pharmacokinetics by binding small-molecule drugs,
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offering a potential approach for prolonging drug retention in
the eye.” A combined experimental and computational study
explored the influence of cellular factors on the release and
retention of drugs in melanin-containing cells, aiding the
development of drugs that bind to melanin for extended ocular
effects.>® In vivo and in vitro research has demonstrated that
melanin-drug binding can affect the distribution and elimina-
tion of ocular medications.?® Another in vitro study indicated
that melanin can be utilized for analyzing drug incorporation
into hair, enabling the determination of drug use in both
clinical and forensic toxicology.?” Lastly, an experimental study
proposed the use of melanin as a novel nanocarrier for pH-
responsive drug release in formulations targeting the colon and
intestines in drug delivery systems.>®

Computational techniques such as MD simulations,
DFT calculations, and molecular docking have already demon-
strated their utility and efficiency in drug discovery, as well
as in the identification of different molecular characteristics,
including binding properties.”® For example, MD simulations™°
can offer insights into the system’s dynamic behavior, includ-
ing the drug and eumelanin’s conformational changes and
movements. Additionally, it can identify potential binding sites
and provide binding affinities. Meanwhile, DFT*' calculations
can provide more detailed information on the electronic struc-
ture and energetics of the system, such as how drugs and
eumelanin interact and thermodynamic information such as
free binding energy. Combining the information obtained from
both MD simulations and DFT calculations can provide a
comprehensive understanding of the drug-eumelanin interac-
tions, including information about energy, dynamic behavior,
and thermodynamics of the system. Conversely, molecular
docking®? is an approach that examines the arrangement and
positioning of molecules within the binding site of a macro-
molecular target, such as eumelanin.

The objective of this study is to examine how drugs bind to
different forms of eumelanin (DHI and DHICA), which can be
either aggregated or random. To investigate the behavior and
interaction of these various eumelanin forms with one or more
drug molecules, we employed MD simulations, DFT calcula-
tions, and molecular docking.

2 Computational methods

We combined three different computational methods, namely
MD simulations, DFT calculations, and molecular docking to
study the binding properties of eumelanin (DHI and DHICA)
with five different drugs (chloroquine, levofloxacin, timolol,
methotrexate, and diclofenac). The selection of drug molecules
was based on previous experiments conducted on melanin
binding with these drugs.>*** The MD simulations allowed us
to study eumelanins’ (DHI and DHICA) conformational
changes in the presence of drugs possessing neutral or charged
states. This also included examining the behavior of charged
eumelanin (DHICA) when exposed to drugs of both neutral and
charged states.
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The information from MD simulations was further used to
identify stable drug-eumelanin interactions, to determine
binding sites, and to calculate binding energies. In addition,
the stable conformations of drug-eumelanin complexes were
used in DFT calculations to assess the strength of binding and
structural orientations. Due to the computational costs asso-
ciated with DFT, we limited our analysis to systems of a single
drug molecule and a single eumelanin molecule, enabling us to
obtain binding energies.

As the third approach, we utilized molecular docking to
investigate the binding affinities of neutral and charged drugs
to the eumelanin systems that had already undergone confor-
mational changes in the presence of drug molecules during the
MD simulations. The equilibrated structures from the MD
simulations were used as the starting point. To perform
the MD simulations, we created two types of eumelanin sys-
tems, namely aggregated and random, based on our prior
studies.**”*® The structures of DHI and DHICA eumelanin used
in this study are shown in Fig. 1. The figure illustrates the units
in the DHI- and DHICA-eumelanin models employed in this
study. However, it is important to note that our models repre-
sent specific structural configurations. Eumelanin structure
and monomer units may vary in different cases, see for example
ref. 37-45. We would also like to mention that the model for the
DHICA molecule consists of three units. Experimental results
using X-ray and neutron scattering indicate longer oligomers,
in particular those consisting of 4-5 units.">**™*° Here,
the length of three units was chosen for computational effi-
ciency and to be able compare directly with previous MD
simulations.**

The rationale for the aggregated and random structures was
the following: eumelanin can exhibit different structural
arrangements depending on conditions and charges. For
instance, at physiological pH (7.4), DHICA-eumelanin carries

ICAQ

DHICA

PTCA

(a) (b)

Fig. 1 Chemical structures of the eumelanin models used in this study: (a)
DHI-eumelanin protomolecule, DHI-based tetrameric model introduced
by Kaxiras et al.*>* (monomer units are IQ moiety: indole-5,6-quinone and
MQ moiety: 1Q tautomer including quinone-methide). (b) DHICA-
eumelanin: the monomer units of the model are the ICAQ moiety:
indole-2-carboxylic acid-5,6-quinone; the DHICA moiety, and the PTCA
moiety: (pyrrole-2,3,5-tricarboxylic acid).
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a net negative charge (—4) as all of its four carboxyl groups
become ionized>*>" (Fig. 1b; the DHICA and ICAQ moities have
one, and the PTCA moiety has two carboxyl groups), and it may
exist in a random form. DHI-eumelanin is neutral®* and can be
found in both aggregated and random forms. In industrial
applications,’” both of them can be neutral or charged and can
adopt aggregated or random forms.

2.1 Molecular dynamics simulations

2.1.1 System preparation. Three types of DHICA-
eumelanin and four types of DHI-eumelanin systems were set
up for the MD simulations. The DHICA-eumelanin ones were
(1) aggregated neutral DHICA with neutral drugs, (2) randomly
distributed neutral DHICA with neutral drugs, and (3) charged
randomly distributed DHICA with charged drugs. The four
DHI-eumelanin systems were: (1) aggregated neutral DHI with
neutral drugs, (2) randomly distributed neutral DHI with
neutral drugs, (3) aggregated neutral DHI with charged drugs,
and (4) randomly distributed neutral DHI with charged drugs.
Each of the DHICA and DHI systems was individually prepared
with the drug molecules, that is, chloroquine, levofloxacin,
timolol, methotrexate, and diclofenac. Table 1 provides the list
and details of the systems and Fig. 2 illustrates the structures of
the selected drugs and their possible ionizations.

Each of the above systems consisted of a combination of 27
eumelanins and 7 drug molecules in total. The concentrations
of eumelanin ranged from 50 to 210 mg ml~". The eumelanin
concentrations were determined using ¢ = n/V, where ¢ is the
concentration, n is the amount of the solute (in mol) calculated
as n = N/N,, where N, is Avogadros number, and Vis the volume
of the solution.

2.1.2 Parameterization of eumelanin and drug molecules.
For DHICA and DHI, we utilized the molecular models and
parameterizations from our prior studies.*>*® The chemical
structures of the drug molecules were obtained from
PubChem.”® To optimize the drug molecules in their neutral
and charged states, we used the B3LYP/6-311G(d,p) level of
theory. The partial atomic charges were calculated at the same
level of theory using the electrostatic potential (ESP) fitting over
the van der Waals surface grid with the Merz-Singh-Kollman
(MK) scheme.>® The topologies for the drug molecules were
obtained from the LigParGen web server.>®

2.1.3 Classical MD simulations. The Gromacs 2019.3
package®® with the OPLS-AA forcefield®” was used for all MD
simulations. Water molecules were represented using the sim-
ple point charge (SPC) model®® and the box size was ensured to
be large enough to avoid any finite size effects, Table 1. When
necessary, counterions (K'/Cl~) were added to maintain overall
charge neutrality, and time step of 0.5 fs was used for integra-
tion. The Lennard-Jones interactions and the real-space portion
of electrostatic interactions were truncated at 1.0 nm. The
particle-mesh Ewald (PME) method® with a 0.12 nm grid was
utilized for long-range electrostatics; the protocol taken here
follows the common standards, but we would like to point out
that methodological issues of both electrostatics and Lennard-
Jones issues have been discussed broadly, and while using PME

© 2024 The Author(s). Published by the Royal Society of Chemistry
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Table 1 Compositions of the eumelanin—drug systems used in the MD simulations

System composition Drug No. of water molecules Counterions (K'/CI7) Duration (ps)
27 neutral DHICA (aggregated) + 7 neutral drugs Chloroquine 16232 0 3.00
Levofloxacin 16249 0 3.00
Timolol 16268 0 3.00
Methotrexate 16222 0 3.00
Diclofenac 16052 0 3.00
27 neutral DHICA (random) + 7 neutral drugs Chloroquine 10464 0 3.00
Levofloxacin 10474 0 3.10
Timolol 24570 0 3.00
Methotrexate 21211 0 3.00
Diclofenac 14804 0 3.00
27 charged DHICA (random) + 7 charged drugs Chloroquine 6165 94 (K" 3.00
Levofloxacin 6160 108 (K") 3.00
Timolol 6156 101 (K" 3.10
Methotrexate 6122 122 (KY) 3.50
Diclofenac 6182 114 (K') 2.00
27 neutral DHI (aggregated) + 7 neutral drugs Chloroquine 16235 0 3.00
Levofloxacin 12420 0 3.00
Timolol 19433 0 3.00
Methotrexate 12395 0 3.00
Diclofenac 12492 0 2.00
27 neutral DHI (random) + 7 neutral drugs Chloroquine 13281 0 3.00
Levofloxacin 12856 0 3.00
Timolol 12873 0 3.00
Methotrexate 13276 0 3.00
Diclofenac 12 880 0 2.00
27 neutral DHI (aggregated) + 7 charged drugs Chloroquine 12403 14 (CI7) 3.00
Levofloxacin 12418 0 3.00
Timolol 12418 7 (CIN) 3.00
Methotrexate 12374 14 (K" 3.00
Diclofenac 12472 7 (K) 2.00
27 neutral DHI (random) + 7 charged drugs Chloroquine 12093 14 (CI7) 3.00
Levofloxacin 13300 0 3.00
Timolol 13100 7 (CIN) 3.00
Methotrexate 19986 14 (K" 3.00
Diclofenac 12881 7 (K" 2.00

(or comparable) for electrostatics is now standard,®® the
precise handling of Lennard-Jones remains a topic of
investigation.®'** The eumelanin (DHICA or DHI) and water
molecules were independently coupled to a heat bath at 300 K
using the V-rescale algorithm® with a coupling constant of
0.1 ps. Periodic boundary conditions were applied in all direc-
tions, and hydrogen atoms were constrained using the P-LINCS
algorithm.®®

The systems underwent an initial pre-equilibration in the
NVT ensemble for 2 ns (constant particle number, volume, and
temperature). This was followed by a second pre-equilibration
step in the NPT ensemble for 2.0 ns (constant particle number,
pressure, and temperature) using the Parrinello-Rahman
barostat®” at 1 bar, a compressibility of 4.5 x 10° bar ', and
a time constant of 2.0 ps. Temperature was set to 300 K. The
production runs were then carried out for 2-3 ps in the NPT
ensemble. Visualizations were performed using visual molecu-
lar dynamics (VMD)®® and PyMol.*®

In this study we rigorously uphold the established standards
governing molecular dynamics (MD) simulations by employing

© 2024 The Author(s). Published by the Royal Society of Chemistry

a thorough approach that utilizes three replica copies to greatly
investigate the system under examination. The initial simula-
tion, as detailed in Table 1, forms the foundational basis,
providing essential insights into the system’s behavior and
dynamics. Following this primary exploration, the second and
third replicas are initialized from the concluding state of the
initial simulation, ensuring a seamless continuation of the
investigative process. These subsequent replicas are subjected
to a series of meticulous procedures, including energy mini-
mization, NVT, and NPT runs as mentioned above, each
tracked over a duration of 150 nanoseconds. This iterative
methodology allows for the achievement of diverse starting
conditions and trajectories, facilitating a comprehensive exam-
ination of the system’s dynamic behavior and enabling thor-
ough exploration of potential variations. Furthermore, a
comprehensive analysis of the statistical variance observed
among the replicas is presented, enriching the understanding
of the reliability and reproducibility of the computational
findings. Such a thorough approach underscores the study’s
commitment to methodological rigor. This approach also is

Mater. Adv., 2024, 5, 5494-5513 | 5497
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Fig. 2 Chemical structures of the drugs used in this study. The figure
shows their neutral states and their potential ionization with the corres-
ponding pKj, values.

essential for establishing trustworthiness and credibility within
the domain of molecular modeling and simulation research.
Overall, by following these strict guidelines, we can draw more
solid and meaningful conclusions of drug-binding eumelanin
with MD simulations in result section.

2.2 Binding free energy calculations

The dissociation binding constant (Ky) is commonly utilized in
experiments to determine the binding energy since it is related
to the standard free energy. This relationship is expressed by
the equation®*

AGpinga = —RTIn Ky, (1)

where R is the ideal gas constant and T is the temperature.
Eqn (1) provides a theoretical estimate of the binding free
energy, which is often utilized to analyze experimental data
through the dissociation binding constant. This equation,
however, cannot be directly applied to MD simulations. Never-
theless, by considering the free energies of the receptor, ligand,
and receptor-ligand complex, the MM-PBSA approach allows
for the calculation of binding free energy (AGping) in MD
simulations. Moreover, the MM-PBSA approach considers the
intricate molecular interactions and solvation effects.”® The
MM-PBSA method is employed for small molecule binding as
an endpoint approach to estimate the difference in binding free
energy between the ligand-receptor complex and the separate
unbound components (ligand, receptor).”® Consequently, the

5498 | Mater. Adv, 2024, 5, 5494-5513
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binding free energy between the ligand and receptor can be
defined as

AGbind = AGrecreptor—ligand - AGreceptor - AGligand- (2)

The disparity in free energy between the complex and
individual components can be further broken down into
enthalpic (AH) and entropic (—TAS) terms, which assess
changes in bonding interactions and conformational disorder
upon binding. The enthalpic energy term is approximated by
the gas-phase molecular mechanics energy (AEyn) and the
solvation free energy (AGsoy). Estimating the configurational
entropy (—TAS) typically involves techniques such as normal
mode or quasi-harmonic analysis, but it is often disregarded
due to its high computational cost and the challenge of
achieving convergence.”’ With the above, eqn (2) can be
written as

AGbind =AH — TAS = AEMM + AGsolV - TAS (3)

The calculation of AE\n, involves utilizing the molecular
mechanics force field (i.e., the OPLS-AA force field in this
study), which encompasses the covalent (AE.oyalent), €lectro-
static (AEeec), and van der Waals dispersion and repulsion
(AE,qw) energies. Within the covalent term, there are variations
in bond energies (A Epona), angle energies (AE,pgie), and torsion
enel‘gies (AEtorsion)r that iS, AEMM = AEcovalent + AEelec + AEVdWy
where AEcova]ent = AEbond + AEemg]e + AEtorsion-

The term AG,,, in eqn (3) characterizes the impact of polar
and non-polar interactions during the transfer of the ligand
from a gas phase to a solvent. The polar solvation component
(AGpolar) quantifies the energy associated with the solute’s
charge distribution in the continuous solvent and is deter-
mined by solving the Poisson-Boltzmann equation (PBE). The
non-polar solvation term (AGhon.polar) Measures the energy
resulting from the solute creating a cavity within the solvent
and the van der Waals interactions at the interface between the
solute and the cavity.”” Therefore, the overall solvation free
energy can be expressed as

AGsolv = AGpolar + AGnon—polar; (4)

but it generally leads to reduced predictive performance com-
pared to the PBE method.”® To incorporate these approaches
into the MD simulations, we utilized the gmx-MM-PBSA tool.”"
Both MMPBSA and MMGBSA methodologies offer avenues
for computing binding free energies. However, MMPBSA relies
on the Poisson-Boltzmann (PB) equation to evaluate the elec-
trostatic contribution to solvation, which, with the price of
computational intensity, provides higher accuracy.”® This elec-
trostatic component assumes significance in this study owing
to the intricate interactions among drug molecules, eumelanin
molecules, and the surrounding solutions. Conversely,
MMGBSA employs the generalized Born model, an approxi-
mation of the PB equation, which, while computationally less
demanding, is also less precise compared to MMPBSA.”>

© 2024 The Author(s). Published by the Royal Society of Chemistry
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2.3 DFT calculations

The final structures from the first replica of the MD simulations
were used for obtaining the poses of drugs bound to DHI and
DHICA for DFT calculations; the structures are available online,
see Section Data availability. Each model consisted of one
eumelanin (DHI or DHICA) and one drug molecule, either
neutral or charged. The Gaussian 16 program’> was used for
the calculations. The M06-2X/6-31G(d,p) level of theory was
used for optimization and harmonic frequency calculations,
while the eumelanin-drug structure and solvent environment
were modeled using the IEFPCM (integral equation formalism
of the polarizable continuum model) method (¢ = 78.35 for
water). We selected the M06-2X functional for its purported
greater reliability and accuracy in describing non-covalent long-
range interactions, van der Waals interactions and main group
thermochemistry.”*”® To obtain single-point energies, the M06-
2X/6-311+G(2df,p) level of theory was used, and Gibbs free
energy corrections were obtained from the M06-2X/6-31G(d,p)
level of theory. Then, the binding Gibbs free energies were
obtained  using  IEFPCM(water)-M06-2X/6-311+G(2df,p)//
IEFPCM(water)-M06-2X/6-31G(d,p) levels of theory. Finally, the
drug binding free energies were calculated using

EAG(binding) = E(eumelanin—drugcomplex) - E(eumelanin) - E(drug)-

(5)

2.4 Molecular docking

We employed the induced-fit ligand-protein binding docking
method”® for molecular docking. The DHI and DHICA eume-
lanin were obtained from the MD simulations, considering
both aggregated and random systems. For the docking calcula-
tion, we utilized DHI and DHICA eumelanin bundles as the
receptors, while the drug molecules served as the ligands. The
minimized ligand molecules were also acquired from the MD
simulations. To prepare receptors, all the water molecules, drug
molecules, and ions were removed from all the DHI and DHICA
eumelanin systems. To prepare AutoDock readable receptor
and ligand structures, we utilized the UCSF Chimera
program.”” The induced-fit ligand-protein binding molecular
docking was performed using the AutoDock Vina program.”®
The specific parameters for the grid boxes used in each system,
are provided in Table S1 (ESIf).

The eumelanin bundle lacks a clearly defined active site,
leading drug molecules to bind to its allosteric site. These
allosteric sites exhibit dynamic behavior, undergoing various
conformational changes in response to drug molecules during
MD simulation. Consequently, to investigate eumelanin-drug
binding, we initially prepared a mixture of drug molecules and
eumelanin. After the equilibration of the systems during MD
simulation, we utilized the appropriate structures obtained
from the MD (specifically, the last snapshot structure) for
docking studies. It has been observed that the allosteric sites
stabilize with the presence of drug molecules due to MD
simulation equilibration. Therefore, these stabilized eumelanin
structures are deemed suitable for docking studies, leading to

© 2024 The Author(s). Published by the Royal Society of Chemistry
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the sequence of calculations in this study being MD simula-
tions followed by docking simulations. The approach is is
similar in spirit to that of Firouzi et al.”®

3 Results and discussion

Experimental studies®® have shown that eumelanin does not
possess a well-defined structure, and its molecular weight can
range from somewhat under 1000 to over 10 000 g mol ™ *.>*#! In
this study, the estimated molecular weights of DHI and DHICA
eumelanin are 583.72 g mol~ " and 993.44 g mol ', respectively.
Furthermore, the concentration of eumelanin in the human
retinal pigment epithelium (RPE) can vary from 11 to 22 mg
ml !, while in RPE choroid cells, it can reach concentrations as
high as 750 mg ml '.*® Eumelanin concentrations in our
prepared systems, as described in the Computational methods
range from 50 to 210 mg ml ', which is considerably higher
than the concentrations found in biological systems. Conver-
sely, many experiments®* typically employ lower concentrations
of eumelanin (e.g., 1 mg ml™") along with low drug concentra-
tions (0.5-500 uM). Compared to experimental conditions, the
drug concentrations used in MD simulations are much higher,
ranging from 23 to 54 mM, involving 7 drugs and 27 eumelanin
molecules (DHI and DHICA) in a 1:4 ratio. This is because
concentrations ranging from 0.25 pM to 500 pM are too low for
MD simulations.

As mentioned in the Methods section, we chose drug
molecules based on previous experimental studies.?"** Conse-
quently, we considered their neutral state and the charge state
corresponding to physiological pH, see Fig. 2.

At pH 4.7 chloroquine can acquire three positive charges,
but at pH 7.4, it only has two positive charges.>" The latter was
used in the simulations. Levofloxacin is a compound with both
positive and negative charges. At pH 7.4, levofloxacin predomi-
nantly exists in its zwitterionic form without any net charge.®®
Timolol is categorized as a weak base and can undergo proto-
nation in an aqueous solution. At pH 7.4, it is primarily found
in its protonated form, carrying a positive charge.®* Methotrex-
ate, on the other hand, is considered a weak acid and can
undergo deprotonation in an aqueous solution. At pH 7.4, it
mainly exists in its deprotonated form.®> Similar to methotrex-
ate, diclofenac is also classified as a weak acid and can undergo
deprotonation in an aqueous solution. At pH 7.4, diclofenac is
primarily present in its deprotonated form.*®

3.1 Conformational changes of drug-eumelanin complexes

The drug-eumelanin MD simulations revealed that all systems
underwent conformational changes, enabling drug molecules
to interact with eumelanin. Fig. 3-9 and Fig. S1-S7 (ESIt) show
illustrations of conformational changes that occurred in eume-
lanin (DHI and DHICA) aggregated and random systems in the
presence of drug molecules. The figures are from first simula-
tions and the replica copies are not shown.

In the case of DHI aggregated systems (Fig. 3 and Fig. S1
and S2, ESIT), it was observed that all neutral drug molecules
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Fig. 3 The snapshots show aggregated DHI system with neutral drug molecules. (a) Chloroquine, (b) levofloxacin, (c) timolol, (d) methotrexate, and (e)
diclofenac. The binding energies of individual molecules are shown in kcal mol™.

interacted with DHI without disturbing the stacking.
Additionally, a large number of drug molecules demonstrated
a greater tendency to interact with DHI via n-n interactions,
forming small drug clusters at the planar sides of the
DHI stacks. However, a few drug molecules also exhibited a
tendency to interact with the DHI stacks through the
tops of their hydroxyl sides, forming hydrogen bonds and
n-m interactions. Interestingly, the DHI-aggregated stacks
remained intact even when charged drug molecules interacted
with it.

5500 | Mater. Adv, 2024, 5, 5494-5513

In the DHI random systems (Fig. 4 and Fig. S3 and S4, ESIf),
the DHI and the drug molecules were initially placed randomly
in the simulation box. During the simulation, the DHI mole-
cules aggregated and formed multiple stackings, creating cav-
ities for drug molecules to interact. In these random systems,
drug molecules were more evenly distributed over the DHI
stacking compared to the DHI aggregated systems, regardless
of their charge. Furthermore, drug molecules in these random
systems showed only low tendency to form clusters. When
charged drug molecules interacted with the DHI stacks, they

© 2024 The Author(s). Published by the Royal Society of Chemistry
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Fig. 4 Snapshots from DHI random systems with neutral drug molecules. (a) Chloroquine, (b) levofloxacin, (c) timolol, (d) methotrexate, and (e)
diclofenac. Binding energies for the individual drug molecules are shown in kcal mol™.

also occupied the cavities in the stacks and were widely In the cases of the DHICA aggregated systems (Fig. 7 and
distributed throughout the DHI stackings. Fig. S5, ESIt), chloroquine, timolol, and diclofenac were widely
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Fig. 5
Binding energies are shown in kcal mol™*.

distributed throughout the DHICA aggregation. On the other
hand, levofloxacin and methotrexate formed clusters with
multiple levofloxacin and methotrexate molecules accumulat-
ing during the simulations.

In the DHICA random systems (Fig. 8 and Fig. S6, ESIT), the
neutral DHICA molecules accumulated and interacted with
neutral drug molecules during the simulations. Since DHICA
molecules were randomly placed at the beginning of each
simulation, the drug molecules had a better opportunity to
occupy the regions inside the accumulated bundles of DHICA.

5502 | Mater. Adv., 2024, 5, 5494-5513

(e)

Illustration shows aggregated DHI with charged drug molecules. (a) Chloroquine, (b) levofloxacin, (c) timolol, (d) methotrexate, and (e) diclofenac.

Consequently, the drug molecules were more evenly distributed
within the accumulation compared to the DHICA aggregated
systems.

In the case of DHICA random systems with charged drugs
(Fig. 6 and Fig. S7, ESI}), it is important to note that DHICA
molecules were negatively charged when placed with charged
drugs prior to the simulations. The charged DHICA molecules
did not accumulate during the simulations due to their nega-
tive charges as also shown in our prior study.*® Since DHICA
molecules did not accumulate, the charged drug molecules

© 2024 The Author(s). Published by the Royal Society of Chemistry
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Fig. 6 DHI random system with charged drug molecules. (a) Chloroquine, (b) levofloxacin, (c) timolol, (d) methotrexate, and (e) diclofenac. Binding

energies are shown in kcal mol ™.

were widely dispersed throughout the systems. However, in
these situations, the charged drug molecules engaged in inter-
actions with one or two negatively charged DHICA molecules at
a time through n-n interactions and Coulombic interactions.

3.2 Drug-eumelanin binding free energy

The MM-PBSA free energy calculations are derived from the
data obtained from the three mentioned replica copies, and

© 2024 The Author(s). Published by the Royal Society of Chemistry

the resulting outcomes are documented in Table 2. The
methodology employed for calculating these results involves
considering the presence of seven distinct drugs within
each replica and are shown in Table S1 (ESIt). Consequently,
both the free energy values and their associated variances
are computed for each simulation (Tables S2-S4, ESIY).
To ensure the reliability and robustness of the final
results, a weighted average free energy approach is utilized,
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Fig. 7 DHICA aggregated system with uncharged drug molecules. (a) Chloroquine, (b) levofloxacin, (c) timolol, (d) methotrexate, and (e) diclofenac.
Binding energies are shown in kcal mol ™.

along with a combination of variances in Table 2. The simulations, as they originate from the data of the first
figures display the free energy results for the initial replica simulation.
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Fig. 8 DHICA systems that had random initial distribution of DHICA molecules with uncharged drug molecules, (a) chloroquine, (b) levofloxacin, (c)
timolol, (d) methotrexate, and (e) diclofenac. Binding energies are shown in kcal mol™.

In aggregated DHI systems with neutral drugs, chloroquine
exhibited the strongest average binding with the lowest binding
energy of —3.03 + 0.7 kcal mol~* (Table 2, column 3). It was
also observed that among the seven drug molecules in each
system, those that interacted with the planar side or the flat

© 2024 The Author(s). Published by the Royal Society of Chemistry

surface of DHI (Fig. 1a) demonstrated the strongest binding, as
depicted in Fig. 3. This pattern held true for all neutral drug
molecules interacting with the DHI aggregated bundle. The
ranking of drug molecules based on their average binding
strength to the DHI aggregated bundle was: chloroquine
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Fig. 9 Charged DHICA systems that had random initial distribution of DHICA molecules with charged drug molecules, (a) chloroquine, (b) levofloxacin,
(c) timolol, (d) methotrexate, and (e) diclofenac. Binding energies are shown in kcal mol™.

(—3.03) > methotrexate (—2.19) > timolol (—1.45) > diclofe-
nac (—0.79) > levofloxacin (—0.43).

In the case of DHI random systems with neutral drugs, both
the neutral drug molecules and DHI were randomly positioned
at the start of the simulation. Over time, the DHI molecules

5506 | Mater. Adv, 2024, 5, 5494-5513

aggregated and formed multiple stacks while interacting with
the drug molecules, as illustrated in Fig. 4. Unlike in the DHI
aggregated systems, in this scenario, the drug molecules had a
greater opportunity to occupy the cavities created by the stack-
ing of DHI molecules. Nevertheless, similar to the DHI

© 2024 The Author(s). Published by the Royal Society of Chemistry
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Table 2 The weighted average drug—eumelanin binding free energies (kcal mol™?) of three replica copies with combined variance calculated by using
the MM-PBSA approach. Each system contains 27 eumelanin and 7 drug molecules

Drug name State DHI (aggregated) DHI (random) DHICA (aggregated) DHICA (random)
Chloroquine Neutral —3.03 £ 0.7 —5.42 £ 2.9 —1.52 £ 1.2 —1.94 £ 2.6
Levofloxacin —0.43 £ 1.8 —3.72 £ 2.2 +0.19 £+ 1.6 —4.18 £2.0
Timolol —1.45+ 1.2 —-0.78 £ 1.8 —2.36 £ 1.2 —2.76 £ 1.9
Methotrexate —2.19+ 1.4 —6.68 + 2.2 +2.76 + 1.4 —4.18 + 2.1
Diclofenac —-0.79 £ 1.0 —-1.57 £ 0.9 +0.01 £ 0.5 —1.45 + 2.5
Chloroquine Charged +1.02 £ 1.1 —0.20 £ 0.7 NA —37.35 £ 2.5
Levofloxacin —0.77 £ 2.4 —0.63 £ 1.3 NA +0.05 £ 1.4
Timolol —0.97 £ 1.1 —1.61 + 0.7 NA —21.14 £ 3.1
Methotrexate —3.28 £1.0 —4.97 £ 1.2 NA 27.24 £ 1.3
Diclofenac —2.40 £ 1.5 —4.86 + 0.6 NA 13.76 £ 1.1

aggregated systems, the interactions between drug mole-
cules and the planar side of DHI remained crucial for
stronger binding. Methotrexate exhibited the strongest average
binding, with the lowest average binding free energy of —6.68 +
2.2 keal mol ! (Table 2, column 4). This can be attributed to the
planar surface of methotrexate interacting with the planar side
of DHI and being positioned between the DHI stack, facilitating
strong -7 interactions between DHI and methotrexate mole-
cules (Fig. 4d). A similar trend was observed for other drug
molecules, indicating a stronger binding affinity when inter-
acting with random DHI molecules. Therefore, the ranking of
drug molecules based on their binding strength to the DHI
random bundle was determined to be methotrexate (—6.68) >
chloroquine (—5.42) > levofloxacin (—3.72) > diclofenac
(—1.57) > timolol (—0.78).

In the case of DHI aggregated systems with charged
drugs, Fig. 5, methotrexate exhibited the strongest average
binding with the lowest average binding energy of —3.28 +
1.0 kcal mol™' (Table 2, column 3). The planar L-shapes
surfaces of methotrexate molecules (see Fig. 5d) are engaged
in simultaneous interactions with multiple DHI-eumelanin
entities in this scenario. The second strongest average binding
belongs to diclofenac with —2.40 + 1.5 kcal mol ™. It is notable
that out of the seven diclofenac molecules, five of them
accumulated together while interacting with the planar side
of the DHI aggregated stack, indicating a high tendency for
diclofenac molecules to interact with each other in their
charged form. Similarly, for other drug molecules, those that
interacted through the planar side of DHI by forming robust
n-7 interactions displayed stronger binding. Consequently, the
ranking of the charged drug molecules based on their binding
strength to the DHI aggregated bundle was determined to be
methotrexate (—3.28) > diclofenac (—2.40) > timolol (—0.97)
> levofloxacin (—0.77) > chloroquine (+1.02).

In the case of DHI random systems with charged drugs,
where the charged drug molecules and the neutral DHI mole-
cules are randomly positioned at the start of the simulation, the
DHI molecules aggregate and form multiple stacks while inter-
acting with the charged drugs, as illustrated in Fig. 6. Similarly
to the DHI random systems with neutral drug molecules, the
average strongest binding was observed for methotrexate, with

© 2024 The Author(s). Published by the Royal Society of Chemistry

the lowest average binding energy of —4.97 + 4.5 kcal mol "
(Table 2, column 4). As seen in previous DHI systems, all
charged drug molecules exhibited a similar interaction pattern
with the DHI random system. Therefore, the ranking of the
charged drug molecules based on their binding strength to the
DHI random bundle was determined to be methotrexate
(—4.97) > diclofenac (—4.86) > timolol (—1.61) > levofloxacin
(—0.63) > chloroquine (—0.20).

In the DHICA aggregated systems with neutral drugs, where
the neutral drug molecules interacted with the neutral aggre-
gated DHICA bundle (Fig. 7), the strongest average binding was
observed for timolol, with the lowest average binding energy of
—2.36 + 1.2 kcal mol™' (Table 2, column 5) followed by
chloroquine (—1.52 + 1.2). The ranking of the neutral drug
molecules based on their binding strength was determined to
be timolol (—2.36) > chloroquine (—1.52) > levofloxacin
(+0.19) > diclofenac (+0.01) > methotrexate (+2.76).

In the case of DHICA random systems with neutral drugs,
where both the neutral drug molecules and neutral DHICA
molecules were randomly positioned at the start of the simula-
tion. The neutral DHICA molecules aggregated and formed a
bundle while interacting with the drug molecules, Fig. 8. It is
important to note that in this scenario, the drug molecules had
a greater opportunity to be positioned within the middle of the
bundle during the interactions and bundle formation. The
strongest average binding was determined for levofloxacin,
with the lowest binding energy of —4.08 + 6.8 kcal mol *
(Table 2, column 6). Additionally, the ranking of the neutral
drug molecules based on their binding strength to the DHICA
random bundle was found to be levofloxacin (—4.18) &~ metho-
trexate (—4.18) > timolol (—2.76) > chloroquine (—1.94) >
diclofenac (—1.45).

In the case of DHICA random systems with charged drugs,
where both the charged drug molecules and the charged
DHICA molecules were randomly positioned at the start of
the simulation, the charged DHICA molecules did not aggre-
gate due to their negative charges while interacting with the
charged drugs, Fig. 9. It was observed that most of the drug
molecules interacted with either one or two DHICA molecules
simultaneously, as the negative charges of DHICA prevented
their accumulation. The ranking of the charged drug molecules

Mater. Adv.,, 2024, 5, 5494-5513 | 5507
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based on their average binding strength to the DHICA random
molecules was found to be chloroquine (—37/35) > timolol
(—21.14) > levofloxacin (+0.05) > diclofenac (+13.76) > meth-
otrexate (+27.24). The ranking is consistent with findings from
experimental studies,>* except for levofloxacin. Overall, the
calculations using MM-PBSA for drug-eumelanin binding free
energies demonstrate that drug molecules, whether neutral or
charged, bind to various sites of different eumelanin systems
with varying degrees of binding strength.

3.3 DFT calculations

The MD simulations revealed that both the aggregated and
random DHI and DHICA systems experienced conformational
changes when interacting with the drug molecules. These
conformational changes and drug binding at different eumela-
nin sites demonstrate that drug molecules bind to the various
eumelanin sites with different binding strengths. To investigate
the binding energies on a single eumelanin molecule, DFT
calculations were conducted using a single eumelanin mole-
cule (DHI or DHICA) and a single drug molecule. As described
in Computational methods, single eumelanin-drug complexes
were obtained from each of the MD simulation systems. Their
binding energies using DFT calculations are presented in
Table 3 and Fig. S8-S17 (ESI¥).

In the aggregated DHI systems (column ‘aggregated’ in
Table 3), the binding Gibbs free energies of neutral drugs
suggest that single neutral methotrexate and chloroquine com-
pounds have a higher binding affinity towards single (neutral)
DHI eumelanin compared to other drug compounds. The
ranking from the strongest to the weakest binding was found
to be methotrexate (—1.7) > chloroquine (—1.2) > levofloxacin
(—0.8) > diclofenac (+0.8) > timolol (+1.4).

For a single charged drug molecule bound to a single neutral
DHI molecule, the results in Table 3 indicate that the charged
chloroquine and levofloxacin molecules have the highest bind-
ing affinities. The ranking from the strongest to the weakest
binding is chloroquine (—2.3) > levofloxacin (—1.2) > diclo-
fenac (+1.6) > timolol (+1.8) > methotrexate (+2.0).

For DHI random systems (column ‘random’ in Table 3), the
results indicate that chloroquine and timolol have the highest

Table 3 Drug—eumelanin binding free energies calculated using
IEFPCM(water)-M06-2X/6-311+G(2df,p)//IEFPCM(water)-M06-2X/6-
31G(d,p) level of theory. Energies are shown in kcal mol™*

DHI DHI DHICA DHICA
Drug name State (aggregated) (random) (aggregated) (random)
Chloroquine Neutral —1.2 —4.4 —6.0 +3.1
Levofloxacin —0.8 +1.2 +0.9 +2.9
Timolol +1.4 -2.9 +10.2 +2.8
Methotrexate -1.7 —0.8 +7.6 +9.5
Diclofenac +0.8 +2.0 +6.0 —0.3
Chloroquine Charged —2.3 —0.6 NA —16.6
Levofloxacin —1.2 —11.0 NA +6.2
Timolol +1.8 +3.7 NA -7.1
Methotrexate +2.0 —5.2 NA +4.8
Diclofenac +1.6 +2.6 NA +20.9
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binding affinities towards single neutral DHI eumelanin. The
order of binding strengths was chloroquine (—4.4) > timolol
(—2.9) > methotrexate (—0.8) > levofloxacin (+1.2) > diclofe-
nac (+2.0). We also calculated the eumelanin-drug binding
energies for charged drug compounds, and the results show
that charged levofloxacin and methotrexate compounds have
the highest binding affinities towards DHI eumelanin. The
order of binding strengths was levofloxacin (—11.0) > metho-
trexate (—5.2) > chloroquine (—0.6) > diclofenac (+2.6) >
timolol (+3.7).

For the DHICA aggregated systems, (column ‘aggregated’ in
Table 3) the binding free energies for single neutral drugs were
also calculated and the results indicate that only chloroquine
has binding affinity. The order of binding strengths was
chloroquine (—6.0) (the only binding one) > levofloxacin
(+0.9) > diclofenac (+6.0) > methotrexate (+7.6) > timolol
(+10.2).

For DHICA random systems, (column ‘random’ in Table 3)
the binding free energies of single neutral drugs and single
charged DHICA eumelanin were calculated and the results
suggest that of the neutral drugs, only diclofenac has binding
affinity. The order of binding strengths was diclofenac (—0.3) >
timolol (+2.8) > levofloxacin (+2.9) > chloroquine (+3.1) >
methotrexate (+9.5). For the charged drugs chloroquine and
timolol had binding affinity. The ranking was chloroquine
(—16.6) > timolol (—7.1) > methotrexate (+4.8) > levofloxacin
(+6.2) > diclofenac (+20.9).

In general, the strength of binding is influenced by the
structural orientation and conformation of both the drug and
eumelanin. In systems involving DHI, both neutral and charged
drug compounds exhibited varying degrees of binding affinity
to single DHI eumelanin molecule. Interestingly, this occurred
even though the charge of the DHI eumelanin was neutral in
both aggregated and random systems (Fig. S8, S10, S12, S14
and S16, ESIf). In the DHI systems, charged chloroquine
exhibited the strongest binding to DHI eumelanin with the
lowest binding energy of —2.3 kcal mol™ !, whereas charged
methotrexate was the weakest binder with the highest binding
energy of +2.0 kcal mol~'. However, in DHI random systems,
charged levofloxacin showed the strongest binding to DHI
eumelanin with the lowest binding energy of —11.0 kcal mol %,
and charged timolol showed the weakest binding with the
highest binding energy of +3.7 kcal mol .

In neutral DHICA eumelanin systems, chloroquine exhibited
the strongest binding affinity with the lowest binding energy of
—6.0 kecal mol™, and timolol exhibited the weakest binding
affinity with the highest binding energy of +10.0 kcal mol .
In charged DHICA eumelanin systems, chloroquine exhibited
the strongest binding affinity with the lowest binding energy
of —16.6 kcal mol™', while diclofenac exhibited the
weakest binding affinity with the highest binding energy of
+20.9 kcal mol . In all systems (Fig. S8-S17, ESI{), it was
further observed that slight changes in conformation and
charge of drugs and eumelanin can affect binding energy, as
well as the number of n-n and hydrogen bond interactions. It is
worth noting that DFT calculations were performed on a single

© 2024 The Author(s). Published by the Royal Society of Chemistry
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drug and single eumelanin compounds with implicit water,
whereas biological conditions involve multiple eumelanin com-
pounds interacting with one or more drugs with explicit water
molecules, which could impact the binding affinity and energy.
Therefore, larger models with multiple eumelanin compounds
and drugs are required to investigate this further, and QM/MM
calculations may also be useful. Additionally, the structure of
eumelanin should also be considered as a crucial factor for
investigating drug-eumelanin binding because the complete
structure of eumelanin is still unknown.

3.4 Molecular docking

Additionally, we conducted molecular docking calculations on
eumelanin systems obtained from the MD simulations. The
MD simulations revealed that eumelanin (DHI or DHICA)
undergoes conformational changes, and formation of cavities
or binding sites in the presence of drug molecules. To explore
the binding affinities, we employed molecular docking. The
AutoDock Vina molecular docking program was used to calcu-
late the drugs’ binding affinities, Table 4.

In the case of the DHI aggregated systems with neutral drug
molecules, methotrexate exhibited the strongest binding affi-
nity, with the lowest binding energy of —7.9 kcal mol *. The
ranking of binding strengths, from strongest to weakest, was as
follows: methotrexate (—7.9) > levofloxacin (—7.6) > diclofe-
nac (—6.5) > timolol (—5.9) > chloroquine (—5.3). Similarly, in
DHI random systems with neutral drug molecules, methotrex-
ate again displayed the strongest binding affinity, with a bind-
ing energy of —12.1 kcal mol . The ranking of binding
strengths, from strongest to weakest, was as follows: metho-
trexate (—12.1) > levofloxacin (—10.5) > chloroquine (—9.4) >
diclofenac (—8.5) > timolol (—7.9).

In the case of the DHI aggregated systems with charged drug
molecules, methotrexate exhibited the strongest binding affi-
nity, with the lowest binding energy of —8.0 kcal mol . The
ranking of binding strengths, from strongest to weakest, was as
follows: methotrexate (—8.0) > levofloxacin (—7.6) > diclofe-
nac (—6.6) > timolol (—5.9) > chloroquine (—5.7). Similarly, in
DHI random systems with charged drug molecules, methotrex-
ate showed the strongest binding affinity, with a binding energy

Table 4 Binding affinities toward eumelanin systems. Molecular docking
scores were calculated using AutoDock Vina and binding affinities are
shown in kcal mol™

DHI DHI DHICA DHICA
Drug name State (aggregated) (random) (aggregated) (random)
Chloroquine Neutral —5.3 —9.4 —5.9 —5.2
Levofloxacin —7.6 —10.5 —8.9 —5.3
Timolol -5.9 -7.9 —-7.3 —4.3
Methotrexate -7.9 —12.1 -9.8 —7.6
Diclofenac —6.5 —8.5 —7.4 —5.0
Chloroquine Charged —5.7 —9.4 NA —5.2
Levofloxacin —7.6 —10.1 NA —5.2
Timolol -5.9 —8.1 NA —4.8
Methotrexate —8.0 —12.5 NA —6.9
Diclofenac —6.6 —-9.7 NA —5.1

© 2024 The Author(s). Published by the Royal Society of Chemistry
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of —12.5 kecal mol~". The ranking of binding strengths, from
strongest to weakest, was as follows: methotrexate (—12.5) >
levofloxacin (—10.1) > diclofenac (—9.7) > chloroquine
(—9.4) > timolol (—8.1).

On the other hand, for the DHICA aggregated systems
with neutral drug molecules, methotrexate displayed the stron-
gest binding affinity, with the lowest binding energy of
—9.8 keal mol™". The ranking of binding strengths, from
strongest to weakest, was as follows: methotrexate (—9.8) >
levofloxacin (—8.9) > diclofenac (—7.4) > timolol (-7.3) >
chloroquine (—5.9).

Regarding DHICA random systems with neutral drug mole-
cules, methotrexate again exhibited the strongest binding
affinity, with the lowest binding energy of —7.6 kcal mol .
The ranking of binding strengths, from strongest to weakest,
was as follows: methotrexate (—7.6) > levofloxacin (—5.3) >
chloroquine (—5.2) > diclofenac (—5.0) > timolol (—4.3). In
DHICA random systems with charged drug molecules, once
again, methotrexate demonstrated the strongest binding affi-
nity, with a binding energy of —6.9 kcal mol . The ranking of
binding strengths, from strongest to weakest, was as follows:
methotrexate (—6.9) > chloroquine (—5.2) and levofloxacin
(—5.2) > diclofenac (—5.1) > timolol (—4.8).

Overall, methotrexate, whether in a neutral or charged state,
displayed the strongest binding affinity towards all eumelanin
(DHI and DHICA) systems. It is important to note that no
aqueous solution was used during the molecular docking
process, which could potentially affect the calculation of bind-
ing affinity. As a result, the molecular docking results for
binding affinities did not align consistently with the MD and
DFT calculations.

3.5 Experimental vs. computational

Our computational analyses at multiple scales, including mole-
cular dynamics (MD), density functional theory (DFT) calcula-
tions, and docking, yielded varied binding outcomes
attributable to differences in calculation methods and para-
meters such as pH, ionization state of compounds, and eume-
lanin condition. Consequently, the ranking of melanin binding
was not consistently maintained, a discrepancy attributed to
both computational method disparities and nuances in experi-
mental characteristics.

Pigmented tissues encompass diverse melanin types, and
melanin extracted from various sources may not exhibit a
‘clean’ state, as is the case in computational simulations, due
to deviations in physical 3D structure and impurities in parti-
cles. This discrepancy between experimental studies and com-
putational results is evident in the heterogeneous nature of
melanin binding, as revealed in vitro experiments.®” The cur-
rent computational findings suggest that melanin binding
lacks specific high affinity, instead demonstrating relatively
low affinity characterized by diverse interactions with melanin.

In-depth analysis of drug binding data, including sub-
stances like chloroquine and methotrexate, disclosed multiple
binding energies resulting from various types of binding for
each drug. Consequently, defining one or two binding sites
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appears inadequate, prompting a preference for the Sips iso-
therm to describe heterogeneous binding.?” The study antici-
pates that even slight alterations in melanin particle structures
may impact binding properties, with particle size also influen-
cing results.”

Various methodologies, including equilibrium binding stu-
dies in simple vials,”* two-compartmental systems with dialysis
membranes,®® and microscale thermophoresis,>* have been
employed in experiments investigating the binding of drugs
to melanin. However, most studies on melanin binding report
binding percentages under specific experimental conditions,
typically utilizing a single drug concentration and a fixed
amount of melanin particles.** Unfortunately, such experi-
mental data do not facilitate the calculation of dissociation
constants (Kg) or binding capacity (Bmax). Determining Ky
values, crucial for comparisons with molecular modeling simu-
lations, is challenging due to the necessity of using various
drug concentrations.”® Additionally, the high binding capacity
of melanin poses difficulties in reliably determining Ky values,
especially in the cases of drugs with high melanin affinity and
low water-solubility, where achieving high drug concentrations
is often problematic. Consequently, there is limited available Ky
data, and values can vary across different methods, sometimes
leading to disparities in K4 values obtained through distinct
approaches.®*

External factors play a role in modifying binding levels
within cells and the living body. For instance, the drug perme-
ability of melanosome and plasma membranes acts as a con-
straint on drug escape from cells, leading to prolonged drug
retention.’® The pH of melanosomes, a crucial factor, may be
influenced by basic drugs such as chloroquine, which elevate
the pH of other cell organelles like endosomes and lysosomes.
The actual pH within melanosomes during drug accumulation
remains unknown. In vitro melanin binding studies, coupled
with predictive simulations, prove valuable in drug develop-
ment, as evidenced by the correlation between drug retention
in pigmented rat eyes after intravenous injections and in vitro
binding results.”*

Overall, the comparison of computational and experimental
results requires careful consideration to ensure optimal align-
ment between the two.

4 Conclusion

We conducted a study to examine the binding of drugs to
eumelanin (DHI and DHICA) using three computational tech-
niques: MD, DFT calculations, and molecular docking. Various
eumelanin systems were utilized, including aggregated systems
of DHI and DHICA (where neutral aggregated eumelanin mole-
cules were used at the start of the simulations), random
systems of DHI and DHICA (where neutral eumelanin mole-
cules were randomly placed at the start of the simulations), and
random systems of DHICA (where charged DHICA molecules
were randomly placed at the start of the simulations). Based on
experimental studies, we selected drug molecules such as
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chloroquine, levofloxacin, timolol, methotrexate, and diclofe-
nac with their neutral and charged form at physiological pH
7.4. Our computational investigations yielded the following
findings:

e MD simulations showed that drug molecules (neutral or
charged) and eumelanin (DHI and DHICA) undergo conforma-
tional changes when they interact, resulting in the formation of
different shapes of eumelanin in the presence of drug mole-
cules, which create cavities or binding sites.

e When drug molecules (neutral or charged) interacted with
aggregated eumelanin (DHI or DHICA), they did not penetrate
into the eumelanin bundle; instead, they positioned themselves
on the surface. However, when drug molecules and eumelanin
were randomly placed at the beginning of the simulations, drug
molecules had a higher likelihood of being situated in the
middle of the eumelanin bundle.

e Based on calculations of drug-eumelanin binding free
energies using MM-PBSA, neutral chloroquine exhibited the
strongest average binding with the lowest average binding
energy (—3.02 + 0.7 kcal mol™ ') when interacting with DHI
aggregated bundle. On the other hand, charged methotrexate
showed the strongest average binding with the lowest average
binding energy (—3.28 + 1.0 kcal mol™ ') when interacting with
DHI aggregated bundle. In the case of randomly placed neutral
DHI eumelanin molecules, both neutral and charged metho-
trexate exhibited the strongest average binding, with the lowest
average binding energies of —6.68 + 2.2 kcal mol™" and
—4.97 4+ 1.2 keal mol ™', respectively. For DHICA aggregated
systems, neutral timolol showed the strongest average
binding with the lowest average binding energy of —2.36 +
1.2 keal mol . However, when neutral DHICA and neutral drug
molecules were randomly placed, neutral levofloxacin and
methotrexate exhibited the strongest average binding with the
lowest average binding energy of —4.18 £ 2.0 kcal mol " and
—4.18 + 2.1 kecal mol "' respectively. Finally, when charged
DHICA eumelanin and charged drug molecules were randomly
placed, charged chloroquine exhibited the strongest average
binding with the lowest average binding energy of —37.35 +
2.5 kcal mol™ ' which has Coulombic interactions as well as
planar interactions with DHICA-eumelanin. The charged
DHICA-eumelanin and drug binding results are in agreement
with experiment but levofloxacin.

e DFT calculations were performed to investigate the bind-
ing energy between a single eumelanin molecule and a single
drug molecule, using poses obtained from MD simulations.
These calculations revealed that the strength of binding is
influenced by the structural orientation and conformation of
both the drug and eumelanin molecules. In DHI aggregated
systems, charged chloroquine demonstrated the strongest
binding to DHI eumelanin, with the lowest binding energy of
—2.3 kecal mol*. However, in DHI random systems, charged
levofloxacin exhibited the strongest binding to DHI eumelanin,
with the lowest binding energy of —11.0 kcal mol ™. In neutral
DHICA eumelanin systems, chloroquine exhibited the stron-
gest binding affinity, with the lowest binding energy of
—6.0 kcal mol ' In charged DHICA eumelanin systems,

© 2024 The Author(s). Published by the Royal Society of Chemistry
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chloroquine exhibited the strongest binding affinity, with the
lowest binding energy of —16.6 kcal mol ™.

e Molecular docking calculations revealed that methotrex-
ate, in both neutral and charged states, displayed the strongest
binding affinity to all eumelanin systems.

Overall, our study indicates that drug-eumelanin binding
depends on various factors, including conformational changes
of both the drug and eumelanin, the charges of both molecules,
binding sites (particularly for DHI eumelanin), the number of
n-n and hydrogen bond interactions, and the solvent environ-
ment. Therefore, further investigation using larger models with
multiple combinations of eumelanin molecules and drug mole-
cules is necessary. Additionally, it is important to consider the
eumelanin structure as a critical factor in studying drug-
eumelanin binding, as the precise structure of eumelanin
remains unknown.

In addition, comparing computational and experimental
results in drug-melanin binding poses challenges due to
diverse factors. The multiscale computational analyses, invol-
ving MD, DFT calculations, and docking, demonstrate varying
outcomes in melanin binding due to differences in calculation
methods and parameters, including pH and ionization state.
Discrepancies between experimental and computational results
arise from the diverse melanin types in pigmented tissues and
impurities in particles. Computational findings indicate a lack
of specific high affinity in melanin binding, displaying rela-
tively low affinity with heterogeneous interactions. Most experi-
mental studies on melanin binding report percentages under
specific conditions, often using a single drug concentration
and a fixed quantity of melanin particles, making the calcula-
tion of dissociation constants (K4) challenging. Determining Ky
values for comparison with molecular modeling simulation
results is demanding, requiring the use of various drug con-
centrations. Furthermore, external factors such as drug perme-
ability of melanosome and plasma membranes impede drug
escape from cells, prolonging drug retention. Hence, caution is
essential when comparing computational and experimental
results for optimal alignment.

Data availability

Parameters for DHI, DHICA and all the drug molecules used in
this study are available as open source at https://github.com/
SoftSimu/melanin.
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