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Abstract: Tyrosinases (TYR) play an important role in oxidizing phenols and catechols, leading to the formation 
of catechols and ortho-quinones, respectively. In mammals, TYR catalyzes the conversion of L-Tyrosine to 
quinone, a pivotal step in melanogenesis, which generates melanin pigments responsible for protecting against 
UV radiation and oxidative stress. Given TYR's importance in melanin-related disorders and cosmetic 
applications, the inhibition of TYR has garnered attention for controlling melanin production. However, 
current inhibitors like hydroquinone, arbutin, and kojic acid (KA) have limitations in terms of side effects and 
effectiveness. A novel class of TYR inhibitors featuring arylpiperidine and arylpiperazine components has 
demonstrated potent inhibitory activity. This study presents a computational analysis of these inhibitors using 
molecular docking, molecular dynamics (MD) simulations, and the Linear Interaction Energy (LIE) method 
was used to estimate binding free energies. The arylpiperidine and arylpiperazine inhibitors exhibit 
remarkable stability within the TYR active site during simulations. The van der Waals interactions are notably 
sustained, indicating effective inhibition mechanisms. The results from LIE calculations closely align with 
experimental binding affinities. In summary, these results contribute to the understanding of TYR inhibition 
and underscore the potential of arylpiperidine and arylpiperazine derivatives as effective agents for 
modulating melanin production in both cosmetic and pharmaceutical applications. Overall, this study sheds 
light on the intricate interactions between inhibitors and TYR, opening avenues for the development of novel 
therapies and interventions. 
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Introduction 

Melanin holds significant importance across various organisms, serving crucial roles like 
photoprotection, thermoregulation, and wound healing. In humans, this pigment dictates the color 
of skin, eyes, and hair. [1–3]. In this biological pathway, the resultant melanin pigments assume a key 
role, serving as a formidable defense mechanism against the detrimental effects of UV radiation and 
the perilous onslaught of free radicals, thereby safeguarding the integumentary system from 
potential harm. [4] On the other hand, abnormal melanin loss and depigmentation can have 
pronounced aesthetic and dermatological implications. Conversely, elevated melanin production 
and accumulation are observed in diverse skin disorders, encompassing Parkinson's disease-linked 
neurodegeneration [5] and a heightened risk of skin cancer [6]. Indeed, it is widely acknowledged 
that pathologies associated with melanin can give rise to a spectrum of skin afflictions, encompassing 
hyperpigmentation, the formation of lesions, and the development of melasma [7,8]. 

In mammals, Tyrosinase (TYR) assumes a key role in the process of melanogenesis [9]. Then, the 
inhibition of TYR emerges as a strategic approach to regulate melanin production [10]. Consequently, 
the pursuit of TYR inhibitors has sparked considerable enthusiasm within the realms of treating skin 
pathologies and advancing dermocosmetic interventions. Tyrosinases (TYR, EC 1.14.18.1) are 
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metalloenzymes that abound across a wide spectrum of life forms, encompassing mammals, fungi, 
bacteria, and plants. These TYRs prominently feature binuclear active sites, characterized by the 
presence of two copper ions meticulously coordinated by six histidine residues [11]. Their primary 
catalytic function lies in the oxidation of phenols and catechols, yielding catechols and ortho-
quinones, respectively (Figure 1) [9]. 

 
Figure 1. General catalytic mechanism scheme of TYR. 

Kojic acid (KA) has been employed as a benchmark for assessing TYR inhibition [12–16]. 
However, it has exhibited adverse effects linked to its pronounced sensitizing potential and 
substantial toxicity [17,18]. These drawbacks cast a shadow over its suitability for application in the 
realms of both cosmetics and pharmaceuticals. Additionally, research underscores the pressing need 
for the formulation of novel TYR inhibitors. Recently, Ferro et al. [19] successfully synthesized a novel 
class of TYR inhibitors featuring arylpiperidine and arylpiperazine components, demonstrating their 
effectiveness at micromolar concentrations. Notably, these inhibitors exhibited greater potency when 
compared to the reference compound, KA. A variety of such inhibitors, exemplified by 
hydroquinone, arbutin, and KA, presently find application as agents for depigmentation [20,21]. 
These features underscore the importance of exploring compounds that inhibit melanin synthesis, 
thereby advancing the development of skin-whitening and depigmenting agents, a pursuit of 
considerable interest within the cosmetic industry [10]. 

In this study, we present a robust computational analysis of TYR inhibitors that were 
synthesized and assessed by Ferro et al [19]. This analysis was conducted through the application of 
molecular docking, molecular dynamics (MD) simulations, and calculations of binding free energy 
[22]. Our investigation sheds light on the mechanism of TYR inhibition by furnishing structural and 
energetic insights that align with experimental findings. Furthermore, it is important to note that all 
computational methodologies employed in this study have undergone rigorous validation by our 
research group [23–27]. 

Computational Methods 

Molecular Docking and Molecular Dynamics (MD) simulations 

The crystal structures of TYR from Bacillus megaterium (TYRBm) were obtained from the Protein 
Data Bank (PDB codes 5OAE and 6EI4) as well as the arylpiperidine and arylpiperazine-based 
compounds  (Tables 1 and 2) [19]. Molecular docking calculations were conducted using Molegro 
Virtual Docker (MVD) version 5.5 [28], a tool that has proven effective in TYR systems [23–27]. 
Specifically, for the docking procedures, Cu2+ ions were represented as van der Waals spheres 
positioned within the catalytic site of TYR. Our research group has successfully utilized the MVD 
program to elucidate the binding modes of TYR inhibitors in previous studies [23–27]. Consequently, 
the same computational procedures were applied to the selected TYR systems. Detailed equations for 
the MOLDOCK method can be found elsewhere [28]. 
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Table 1. Arylpiperidine (L02–L07) and arylpiperazine-based (L08–L12) inhibitors of TYR evaluated 
by Ferro et al. [19] and their respective experimental binding free energy (∆𝑮𝑬𝑿𝑷), at 310 K, from IC50 
values, according eq. 2. 

 

Inhibitor R X ∆𝑮𝑬𝑿𝑷 (kcal/mol) 

L02 CH3CH2 CH -5.58 

L03 CH3CO CH -6.53 

L04 H CH -5.02 

L05 CH3CH2CO CH -6.55 

L06 CH3CH(CH3)CO CH -6.32 

L07 C6H5CO CH -6.68 

L08 H N -5.77 

L09 CH3CO N -6.15 

L10 CH3CH2CO N -6.09 

L11 CH3CH(CH3)CO N -6.40 

L12 C6H5CO N -6.91 

Table 2. Arylpiperazine-based inhibitors of TYR evaluated by Ferro et al. [19] and their respective 
experimental binding free energy (∆𝑮𝑬𝑿𝑷), at 310 K, from IC50 values, according eq. 2. 

 

 

 

Inhibitor R ∆𝑮𝑬𝑿𝑷 (kcal/mol) 

L13 2–F -7.70 

L14 3–F -6.05 
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L15 4–F -7.25 

L16 2–CH3 -7.49 

L17 3–CH3 -5.33 

L18 4–CH3 -6.35 

L19 2–OCH3 -8.07 

L20 3–OCH3 -6.48 

L21 4–OCH3 -7.15 

L22 2–OH -7.31 

L23 3–OH -6.95 

L24 4–OH -6.47 

For MD simulations, the most favorable docking conformations of TYR inhibitors were chosen 
as initial configurations. The OPLS-AA [29] and TIP3P [30] force fields were employed to define 
parameters for the solute (comprising TYR amino acids and its inhibitors) and solvent subsystems, 
respectively. Parameters for TYR inhibitors were computed using the MACROMODEL package 
[31,32]. In particular, a set of classical parameters proposed by Liao et al. [33], referred to as the Cu2+ 
dummy model (CuDum), was employed to characterize the metal center of TYRBm. The PROPKA 
approach [34] was used to establish pKa values for all ionizable amino acid (AA) residues at a neutral 
pH. 

Each TYR system was immersed in a simulation sphere with a 20 Å radius, comprised of TIP3P 
molecules [30], centered at the respective TYR inhibitor's center of mass. The surface-constrained all-
atom solvent (SCAAS) method [35] was employed to handle polarization and radial constraints at 
the surface of the simulation sphere. To account for dielectric screening [36], all ionizable amino acid 
residues near the sphere boundary were neutralized. A 10 Å cutoff was applied when computing 
non-bonded interaction energies, with only the atoms of the inhibitors excluded from this calculation. 
Long-range electrostatic interactions were computed using the local reaction field (LRF) multiple 
expansion method [37]. All atoms beyond the 20 Å radius simulation sphere were held fixed to reduce 
computational costs [36], and solvent hydrogen bonds were maintained using the SHAKE algorithm 
[38]. 

Details regarding MD equilibration and production procedures for both the enzyme-bound and 
solvent-exposed (water) states can be found in our prior studies [26,27], which utilized the Q6 
program [39]. Each equilibrated system underwent a total of 10 ns of MD simulations, conducted in 
five randomized replicas, each lasting 2 ns. A time step of 1 fs was employed, and no positional 
restraints were applied during these simulations. Specifically, for the free state, a weak harmonic 
restraint was employed to ensure that TYR inhibitors remained centered within their respective water 
simulation spheres. 

Binding Free Energies by the Linear Interaction Energy (LIE) Method 

Binding free energy calculations were conducted using a 10 ns duration of MD simulations from 
the production phase, employing the Linear Interaction Energy (LIE) method [39]. This method 
leverages ensembles representing both the bound and free states of a given ligand to determine their 
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free energy disparity [40–42]. The binding free energy (∆𝐺௅ூா) for each TYR system was evaluated 
using the following LIE equation (Eq. 1): ∆𝐺௅ூா = 𝛼∆𝑈௩ௗௐ + 𝛽∆𝑈௘௟௘ + 𝛾 (1) 

In this equation, the α and β parameters serve as empirical scaling factors for the non-polar and 
polar components, respectively, contingent upon the chemical properties of the ligand [42]. These 
parameters can be derived from prior investigations (α = 0.181 and β = 0.33–0.50) [42], or alternatively 
through linear regression with experimental binding free energies (∆𝐺ா௑௉) (Eq. 2). The averages of 
van der Waals (vdW) and electrostatic (ele) interactions between the "bound" and "free" states were 
calculated using ensembles generated during MD production. ∆𝐺ா௑௉ = RT ln 𝐼𝐶ହ଴ + c (2) 

Here, the assay-specific constant (c) relies on substrate concentration and the Michaelis-Menten 
constant [43]. Importantly, this constant does not impact relative free energies and can be implicitly 
incorporated into the optimized value of γ in Eq. 1. 

Results and Discussion 

Molecular Docking and MD simulations 

Molecular docking and MD simulations are important techniques in the computational drug 
design process, collectively offering a comprehensive understanding of drug-target interactions. 
Molecular docking, by predicting the binding modes and affinities of potential drug candidates with 
target proteins, facilitates the identification of promising lead compounds. In contrast, MD 
simulations are used for exploring the dynamic behavior of these interactions, offering insights into 
the stability and conformational changes of drug-protein complexes over time. These combined 
approaches not only aid in optimizing drug candidates for enhanced binding but also accelerate the 
drug discovery process by reducing the number of costly experimental iterations. Consequently, 
molecular docking and MD continue to be indispensable tools in modern pharmaceutical research, 
contributing significantly to the development of innovative therapeutic agents [22,44–47]. 

It should be highlighted that arylpiperidine and arylpiperazine compounds are heterocyclic 
structures that possess diverse chemical functionalities, rendering them amenable to molecular 
modifications for targeted inhibition of TYR. According to Ferro et al. [19], the incorporation of aryl 
rings into these heterocyclic frameworks contributes to their binding affinity with the active site of 
the enzyme. Through systematic structural modifications, these researchers have been able to fine-
tune the inhibitory potency and selectivity of these derivatives, enabling the development of lead 
compounds with enhanced bioactivity and reduced off-target effects. Besides, arylpiperidine and 
arylpiperazine derivatives exhibit diverse pharmacological activities beyond tyrosinase inhibition, 
making them attractive candidates for multifunctional therapeutic agents [48–51]. Very recently, 
while our study was in progress, an experimental and computational investigation involving 
compounds containing the 3-chloro-4-fluorophenyl group underscored the significance of this 
moiety in the inhibition of Agaricus bisporus TYR [52]. 

It is worth emphasizing that our molecular docking outcomes, employing the MVD package in 
conjunction with the MOLDOCK method [28], have demonstrated their efficacy in the context of TYR 
systems [23–27]. The MOLDOCK scoring function for each TYR inhibitor based on arylpiperidine 
and arylpiperazine moieties has been extracted and subsequently compared with experimental 
binding data (Table 3). In the case of the first group of compounds (without benzamide ring), L02–
L12, a notable and positive correlation (r² = 0.73) has been observed between the MOLDOCK scoring 
and experimental values. However, for arylpiperazine compounds (with benzamide ring), L13–L24, 
the correlation is notably weaker and negative (r² = –0.39). These findings align with the expectations 
in the realm of molecular docking calculations. In many instances, docking algorithms can predict 
the appropriate binding modes but may not consistently rank various ligands based on their binding 
affinities [53]. 
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Table 3. MOLDOCK scoring function and experimental binding free energy (∆𝐺ா௑௉ ) values for 
arylpiperidine (L02–L07) and arylpiperazine (L08–L24) based TYR inhibitors. 

Inhibitor 
MOLDOCK 

(kcal/mol) 

∆𝑮𝑬𝑿𝑷 

(kcal/mol) 
Inhibitor 

MOLDOCK 

(kcal/mol) 

∆𝑮𝑬𝑿𝑷 

(kcal/mol) 

L02 -79.32 -5.58 L13 -95.49 -7.70 

L03 -81.16 -6.53 L14 -101.05 -6.05 

L04 -69.54 -5.02 L15 -102.65 -7.25 

L05 -87.73 -6.55 L16 -96.04 -7.49 

L06 -82.71 -6.32 L17 -100.97 -5.33 

L07 -82.28 -6.68 L18 -102.06 -6.35 

L08 -74.18 -5.77 L19 -97.34 -8.07 

L09 -80.50 -6.15 L20 -102.81 -6.48 

L10 -87.09 -6.09 L21 -106.33 -7.15 

L11 -82.05 -6.40 L22 -99.78 -7.31 

L12 -81.51 -6.91 L23 -100.74 -6.95 

   L24 -97.81 -6.47 

To carry out MD simulations after molecular docking is of paramount importance in drug 
discovery and structural biology. While molecular docking provides crucial insights into potential 
binding modes and initial binding affinities, MD simulations take this a step further by offering a 
dynamic view of the interactions between ligands and target proteins over time. This enables the 
exploration of structural changes, conformational dynamics, and the stability of the ligand-protein 
complex, which are often critical factors in understanding the true binding mechanism and predicting 
binding affinities accurately [54,55]. 

As detailed in the Computational Methods section, we conducted a total of five random replicas, 
each lasting 2 ns, utilizing the Q6 program [39]. This approach was adopted to generate ensembles 
that would enhance the understanding of the binding dynamics of arylpiperidine and arylpiperazine-
based compounds with TYR. Our MD results reveal the robust stability of all simulated compounds 
within the catalytic site of TYR. Moreover, the structural characteristics of the TYR portion closely 
resemble those observed in prior computational investigations [26,27]. 

As can be observed in Table 4, it becomes evident that for the arylpiperidine group, the RMSD 
values span from 0.41±0.10 Å (L05) to 1.19±0.24 Å (L04), while for the arylpiperazine group, the RMSD 
values range from 0.39±0.10 Å (L20) to 0.97±0.30 Å (L24). These findings strongly indicate the effective 
stabilization of all simulated compounds within the TYR catalytic site in their respective complexes. 
Intriguingly, all inhibitors maintained the interaction between the fluorobenzyl group's fluorine atom 
and Cu2+ ion (B) present in the TYR catalytic site, a feature akin to what is observed with natural 
substrates (L-Tyr and L-DOPA) as well as the KA inhibitor [56].  
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Table 4. Root Mean Square Deviation (RMSD) values, measured in angstroms (Å), pertain to the 
heavy atoms of inhibitors within the TYR enzyme complex. 

Inhibitor RMSD (Å) Inhibitor RMSD (Å) 

L02 0.32±0.10 L13 0.71±0.33 

L03 0.47±0.14 L14 0.95±0.52 

L04 1.19±0.24 L15 0.70±0.27 

L05 0.41±0.10 L16 0.82±0.28 

L06 0.45±0.10 L17 0.55±0.15 

L07 0.40±0.11 L18 0.79±0.21 

L08 0.46±0.14 L19 0.79±0.28 

L09 0.45±0.15 L20 0.39±0.10 

L10 0.44±0.21 L21 0.67±0.17 

L11 0.39±0.09 L22 0.52±0.11 

L12 0.58±0.30 L23 0.52±0.11 

  L24 0.97±0.30 

Furthermore, this interaction aligns with the findings of Ferro et al. [19], whose research 
indicated that the electron density within the TYR active site corroborated the placement of the 4'-
fluorobenzyl moiety between the two copper ions. Additionally, the aromatic ring was stabilized 
through stacking interactions with the residue His208 (Figure 2). The most potent arylpiperidine-
based compound, L12, engages in a hydrogen interaction with Arg209 from TYR (Figure 2B), an 
interaction not observed in the case of L04 (Figure 2A). Additionally, as previously assessed [26,27], 
the CuDum model [33], employed for describing Cu2+ ions, appropriately captured all the critical 
structural characteristics. 
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Figure 2. Representative MD structures of L04 (A) and L12 (B) inhibitors bound in the active site of 
the TYRBm. 

Then, by considering the premises of the arylpiperidine group, it can be inferred that 
compounds interacting with the Arg209 residue possess enhanced inhibitory potential against the 
TYR enzyme. This interaction is evident in both the most potent inhibitor and the second least potent 
among the arylpiperazine compounds (Figure 3). The computational evidence presented here 
corroborates the observations made by Ferro et al. [19] regarding the mobility of Arg209, which 
facilitates the stabilization of bulky compounds within the active site of TYR. 
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Figure 3. Representative MD structures of L14 (A) and L19 (B) inhibitors bound in the active site of 
the TYRBm. 

LIE calculations 

The LIE method is an efficient computational approach used in drug design to estimate binding 
free energies between a ligand and its target protein [40–42,57]. This method provides a simplified 
yet accurate way to predict the changes in binding affinities by considering the energetic 
contributions from non-covalent interactions. such as van der Waals. electrostatic and hydrogen 
bonding interactions. One of the strengths of this method resides in its computational efficiency. 
Unlike more elaborate methods that require extensive sampling of conformational space [58]. The 
LIE approach is suitable for high-throughput studies, virtual screening and lead optimization. It 
offers a balance between accuracy and computational cost, making it a valuable tool in the early 
stages of drug discovery [59]. 

In Table 5, we present the computed ligand-surrounding energies for arylpiperidine and 
arylpiperazine-based analogs, respectively. These values are derived from a comprehensive analysis 
of all MD simulations conducted for each inhibitor. Specifically, for the calculation of LIE-free energy 
values, we opted for a total of 10 ns of MD simulations for each TYR system. The empirical parameters 
α and β were directly sourced from the literature [42], with additional details available in Table S1. 
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Notably, the optimized value of γ (set at -2.75) in the LIE equation for arylpiperazine was determined 
through linear fitting concerning ∆GEXP. Specifically, it was observed that omitting the inhibitors L02, 
L06, and L17 led to a notably improved correlation with ∆GEXP. Therefore, in all subsequent LIE 
discussions presented herein, these particular inhibitors have been intentionally excluded from the 
regression analysis. This approach mirrors the strategy employed by Carlsson et al. [60] and Vanga 
et al. [61] as well as previously for TYR systems [27]. 

Table 5. The calculated (∆GLIE) and experimental (∆GEXP) binding free energies for arylpiperidine and 
arylpiperazine-based TYR inhibitors. These values are expressed in kilocalories per mole (kcal/mol). 

Inhibitor ΔUvdW ΔUele ∆GLIE ∆GEXP 

L03 -20.31 -6.72 -6.55 -6.53 

L04 -11.86 -7.35 -5.00 -5.02 

L05 -20.90 -6.82 -6.69 -6.55 

L07 -20.93 -6.23 -6.44 -6.68 

L08 -14.70 -8.92 -6.12 -5.77 

L09 -20.09 -6.02 -6.20 -6.15 

L10 -21.26 -5.54 -6.21 -6.09 

L11 -22.37 -5.96 -6.59 -6.40 

L12 -19.61 -7.55 -6.77 -6.91 

L13 -23.53 -0.88 -7.36 -7.45 

L14 -21.43 +1.13 -6.12 -5.85 

L15 -24.26 -0.40 -7.28 -7.01 

L16 -18.41 -2.52 -7.15 -7.25 

L18 -25.38 +2.58 -6.20 -6.15 

L19 -22.32 -2.17 -7.70 -7.81 

L20 -18.21 -0.14 -6.09 -6.27 

L21 -24.16 +0.48 -6.88 -6.92 

L22 -21.87 -0.68 -6.94 -7.07 

L23 -21.23 -0.28 -6.67 -6.72 
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L24 -23.65 +1.79 -6.34 -6.26 

The LIE approach demonstrates the ability to reproduce the absolute binding free values for the 
arylpiperidine and arylpiperazine-based inhibitors within the experimental dataset (r² = 0.97) (Figure 
4). In our ensuing discussion, we will delve into the examination of the weakest inhibitor (L04) and 
the most potent one (L19) regarding TYR, aiming to pinpoint key characteristics that elucidate their 
binding discrepancies. Notably, the ∆GLIE value for L04 exceeds its experimental data by 
approximately 0.02 kcal/mol (-5.02 kcal/mol), while the ∆GLIE value for L19 exceeds its experimental 
value by roughly 0.11 kcal/mol (-7.81 kcal/mol). As previously proposed by Ferro et al. [19], the 
noteworthy TYR inhibitory activity exhibited by these arylpiperazine-based inhibitors can potentially 
be attributed to the presence of the benzamide ring. Consequently, exploring new interactions in this 
segment of TYR inhibitors can yield valuable insights into their inhibitory mechanisms. To decipher 
the energetic contributions of amino acid residues surrounding the TYR catalytic site, we conducted 
a residual decomposition analysis, encompassing both van der Waals (vdW) and electrostatic (ele) 
components as per the LIE equation. An interesting result concerning the electrostatic component can 
be observed among inhibitors L16 and L24, where those with substituent groups at the para position 
of the benzamide ring (L18, L21, and L24) exhibit positive electrostatic values: +2.58, +0.48, and +1.79 
kcal/mol, respectively. 

 
Figure 4. Linear regression model between the calculated (ΔGLIE) and experimental (ΔGEXP) binding 
free energy (in kcal/mol) for arylpiperidine and arylpiperazine-based inhibitors bound to TYR. 

Residual Decomposition Analysis 

Residual decomposition analysis is a powerful computational technique used in binding free 
energy calculations to dissect and understand the contributions of individual molecular components 
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to the overall binding affinity between a ligand and its target protein. This approach provides insights 
into the specific interactions that drive ligand binding. shedding light on the underlying molecular 
mechanisms, serving as a valuable tool for validating binding hypotheses, explaining binding 
selectivity and suggesting ways to improve ligand binding. Its insights can facilitate the discovery of 
more potent and selective drug candidates, ultimately accelerating the drug development process 
[22,62–64]. 

 
Figure 5. (A) electrostatic and (B) van der Waals (vdW) (in kcal/mol) energetic contributions over L04 
(blue) and L19 (red) inhibitors used in the LIE calculations. 

The average van der Waals (vdW) and electrostatic (ele) interaction energies for the TYR amino 
acid residues that significantly contribute to ∆GLIE are presented in Figure 4, considering both the 
most potent (L19, red lines) and weakest (L04, blue lines) TYR inhibitors. The values for others 
systems are reported in Table S2. In general, the electrostatic contributions from TYR residues exhibit 
minimal disparities between the L04 and L19 systems (Figure 4A). Notably, the electrostatic 
interaction with Cu2+ ions for L04 is -12.64 kcal/mol, whereas, for L19, it stands at -9.17 kcal/mol. 
Conversely, the vdW contributions undergo more substantial changes when transitioning from L04 
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to L19 inhibitors (Figure 4B). The most prominent differences are noticeable for Phe197, Pro201, 
Asn205, Arg209, and Val218, with values varying approximately by -0.94, -1.68, -0.91, -1.60, and -0.30 
kcal/mol from L04 to L19 inhibitors, respectively (Figure 4B). Of particular interest is the interaction 
established between L19 and Arg209, characterized by a π–cation stacking contact between the amino 
acid sidechain and the benzamide ring of the arylpiperazine-based inhibitor. 

Furthermore, it is confirmed that vdW interactions prevail over ele ones, even when considering 
all amino acids and Cu2+ ions. The total ele contributions for the L04 and L16 systems are -9.45 and -
5.54 kcal/mol, respectively, indicating a difference of approximately 4.00 kcal/mol. When considering 
the total vdW contributions, the systems exhibit -25.10 and -39.12 kcal/mol, respectively, signifying a 
difference of approximately -14.00 kcal/mol. These findings suggest that the inhibition of the TYR 
enzyme by these inhibitors is primarily driven by vdW interactions, underscoring the significance of 
the benzamide ring in the arylpiperidine and arylpiperazine-based inhibitors studied inhibitors. 

Conclusions 

Here, we used computational techniques such as molecular docking, molecular dynamics (MD) 
simulations, and binding free energy calculations using the Linear Interaction Energy (LIE) method 
to investigate Tyrosinase inhibitors within the enzyme's active site. Our focus centered on a novel 
class of compounds containing arylpiperidine and arylpiperazine components. Throughout the 
computational analyses, all simulated compounds consistently exhibited stability within the catalytic 
site of TYR, maintaining the key interactions with essential residues and Cu2+ ions. The interaction 
involving the fluorine atom of the fluorobenzyl group and the copper ion remained stable during 
MD simulations. The results also show that van der Waals interactions due to the presence of the 
benzamide group are important for the stabilization of the inhibitors. Furthermore, our results 
corroborate the accuracy of the LIE approach in estimating binding free energies. In general, this 
investigation provides valuable insights into the understanding of TYR inhibition and offers 
guidance for the development of potential therapeutic agents. 
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