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ABSTRACT

The R292K mutation in Influenza Neuraminidase (NA) significantly hinders the efficacy of clinical inhibitors, yet the physical
basis of this resistance remains under-explored. In this study, we introduce a novel computational framework integrating
Molecular Dynamics (MD) simulations with a geometric Intersection Surface Area (ISA) model. Our results demonstrate that
the R292K mutation induces a structural destabilization characterized by a ~11.5 kcal/mol increase in binding free energy
and a 15— 21% reduction in intersection binding volume (V,ing). Notably, Zanamivir (Ligand D) exhibited the highest geometric
sensitivity with a 27.2% reduction in Vg, providing a definitive structural explanation for its clinical resistance. This integrated
geometric-MD approach offers a robust, high-throughput predictive tool for optimizing next-generation neuraminidase inhibitors
against evolving viral mutants.

1 Introduction

We realized our computational and mathematical scheme are fundamental to investigate the several real application. See the
references>’. Here, we are focusing on public health. The global health landscape has been fundamentally reshaped by the
COVID-19 pandemic, which underscored the critical need for rapid and precise computational tools to combat emerging viral
threats'®% 1420, This post-pandemic era has highlighted that infectious diseases, including recurring seasonal influenza, continue
to impose severe clinical and socioeconomic burdens worldwide. The ongoing evolution of respiratory viruses continues to
impose a profound clinical and socioeconomic burden on global public health. In the post-pandemic era, the World Health
Organization has emphasized the critical importance of monitoring viral mutations that threaten the efficacy of existing medical
countermeasures". This underscores the necessity for advanced molecular modeling techniques to rapidly evaluate the impact
of structural substitutions in proteins such as Neuraminidase. In particular, the emergence of highly mutable strains requires
the urgent development of robust computational frameworks capable of predicting drug resistance patterns with high fidelity.
Specifically, the rapid mutation of viral proteins, such as the R292K substitution in Influenza Neuraminidase (NA), remains a
formidable challenge as it directly undermines the efficacy of established inhibitors like Zanamivir.

In structure-based drug discovery, the fidelity of molecular recognition and solvation energy calculations is paramount.
While explicit solvent models offer detailed insights, their computational cost is often prohibitive for large-scale studies.
Consequently, the Generalized Born Surface Area (GBSA) continuum model has become a standard alternative due to its
computational efficiency'®. However, standard GBSA implementations frequently lack the necessary precision to capture subtle
geometric shifts in the binding pocket caused by point mutations.

To bridge this gap, we introduce a mathematical framework centered on the Intersection Surface Area (ISA) model, which
quantifies binding complementarity through the volumetric overlap of atomic van der Waals spheres. As detailed in the
following sections, our ISA-integrated GBSA approach provides three transformative advantages:

* Superior Predictive Accuracy: By refining local dielectric transitions and atomic radii descriptors, the ISA method
corrects systematic errors inherent in traditional GBSA, aligning binding free energy predictions more closely with
experimental observations of mutant strains.

* Computational Efficiency for High-Throughput Screening: The geometric nature of the ISA formulation allows for
rapid evaluation of structural fit without the numerical overhead of explicit solvent simulations, making it an ideal tool
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Figure 1. (Left) Two sphere bindings with 2D projection, (Right) Two sphere bindings in 3D.

for screening extensive ligand libraries.

* Algorithmic Robustness across Diverse Systems: The ISA model exhibits remarkable stability across various molecular
topologies. It effectively captures the “’steric gap” in both small-molecule ligands and complex protein-ligand interfaces,
ensuring consistent performance even as binding geometries shift.

By applying this integrated geometric-MD approach, we provide a definitive physical rationale for the clinical resistance
observed in the R292K mutant, establishing a robust predictive tool for the design of next-generation neuraminidase inhibitors.

2 Methods

The total solvation free energy, Gy, is defined as the sum of the cavity term (Gc,y), the van der Waals term (Gyqw), and the
electrostatic polarization term (Gpop):

Goly = Geay + Gyaw + Gpol (D

To achieve a more granular quantification of the receptor-ligand interface, we implement a geometric framework focused
on the intersection volume (V4;hq). By modeling atomic interactions as overlapping van der Waals spheres, the structural
complementarity can be derived as follows:

!

1
Voind = Voind1 + Voiniz = =7 [17 (3R1 — h1) + 13 (3R> — ha)] = m[(Ri 1} + Rah3) 3 (B3 +13)] (@)

3
where h; = R| —d; and hy, = R, — d,, representing the penetration depth of the atomic van der Waals spheres.

The binding volume was calculated using the intersection of two spheres as defined in Eq. (2). This geometric framework
aligns with the surface area intersection parameters recently validated for high-affinity protein-ligand docking!>.

We show the molecular dynamics target, sse APPENDIX Figure 9 and the fluctulation of ligand A, see APPENDIX
Figure 10. The geometical molecule binding structure is in Figure 1. The angle 8y, 6, are binding angles, R; and R, are radius,
C1 and C; are centers. We propose an analytical derivation termed the Intersection Surface Area (ISA) model, which evaluates
the volumetric overlap of van der Waals spheres to determine binding efficiency (2).

3 Geometric Verification of the ISA Model

To validate the mathematical integrity of the proposed Intersection Surface Area (ISA) model, we performed a numerical
verification using representative atomic parameters: R| = 1.0A (receptor), Ry = 0.8A (ligand), and an inter-atomic distance
d = 1.2A. The intersection plane distance (xj,¢) from the center of the receptor (C) is calculated as:

RI—R3+d> 1.0°—0.82+1.2
2d B 2(1.2)

=0.75A 3)

Xint =
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Consequently, the penetration depths for the receptor (41) and the ligand (k) are derived as:

hi =Ry —xine = 1.0—0.75 =0.25A 4)
hy =Ry — (d — xiny) = 0.8 — (1.2 —0.75) = 0.35A 6)

The geometric verification for the Wild Type case is visualized in Figure 2. This plot demonstrates the optimal "tight fit”
configuration where the inter-atomic distance is 1.2A. As shown in the figure, the overlap area (spherical caps) is maximized,
providing the physical rationale for the high binding affinity observed in the Wild Type system. Figure 3 show in Mutant case.
This baseline visualization is critical for comparison with the mutant cases where the distance d increases, leading to geometric
destabilization. Figure 4 show comparison of geometric intersection between Wild Type and Mutant.

Geometric Verification of ISA Model (d = 1.2)

L Mutant Case: Geometric Verification (d = 1.4)
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Figure 4. Comparison of geometric intersection between Wild Type and Mutant.
Using these depths, the intersection binding volume (Vnq) is calculated by integrating the spherical caps:
1 3
Voing = 37 [R{(3R1 — 1) +h3(3Ry — hp)| ~ 0.443 A (6)

As summarized in Table 1, a slight increase in the inter-atomic distance d significantly reduces the Vinq. For the R292K
mutant (d = 1.4 A), the volume decreases to 0.206 A3, representing a ~53.5% loss in structural complementarity.

Table 1. Comparison of Geometric Parameters and Binding Volume between Wild Type and R292K Mutant.

System dA) xiuA) 1A R Vg (A
Wild Type (R292) 1.20 0.750 0.250 0.350 0.443
Mutant (K292) 1.40 0.829 0.171 0.229 0.206

To evaluate the solvation effects, we employed the Generalized Born Surface Area (GBSA) continuum model’!-16:17 The
total solvation free energy (AGs,y) is partitioned into electrostatic (polar) and non-polar contributions:

AGgoy = AGpol + AGnonpol @)

The polar term, AGp1, is calculated using the Generalized Born (GB) equation, while the non-polar term is typically
assumed to be proportional to the solvent-accessible surface area (SASA)> %16

AGhonpol = Y- SASA +b ®)
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where ¥ and b represent empirical parameters. In this study, we extend this framework by integrating our proposed
ISA-based corrections to enhance the surface area with equation 2.
The binding free engegy is approximated from equation (9)> %16

AGbind = Gcomplex - (Greceptor + Gligand)7 (9)

For each isolated state, receptor, ligand and complex, the free energies (G) are calculated and the total binding energy,

AGhind, is determined by using equation (9)*'%'6. In a molecular dynamics modeling and simulation, to get an average binding
energy, the several snapshots of complex (Protein-Ligand) was used. 1F8B pdb data from RCSB!? was chosen with ligand A.
The tleap module of AMBER program was used. Disulfured bonding was connected in the residue 11 and 337, residue 43
and 48, residue 95 and 113, residue 103 and 150, residue 152 and 157, residue 198 and 211, residue 200 and 209, residue 238
and 256, residue 341 and 367 as single bond. When the tleap module load 1F8B pdb data, the solvateBox TIP3PBOX 10.0 in
complex and amber force field 99 were used. See APPENDIX Table 4.
MD simulations were performed with the SANDER module of AMBER. During the initial equilibration stage of Receptor
(pdb data:1F8B) and Ligand A, the minimization step of the complex was calculated for 25000 steps with 4 nodes as parallel
computing. This system was mostly for use with Antechamber. We have 5 ligands, see Appendix Figure 8. Compound D,
Relenza (zanamivir), an anti-viral drug, was approved from FDA for persons aged 7 years and older for the treatment of
uncomplicated influenza virus®. This product is approved to treat type A and B influenza, the two types most responsible for
flu epidemics®. In 5 ligands, CHELPG? charges were calculated for inhibitors on the geometry obtained from the molecular
mechanics minimization, using the program GAUSSIAN 98 (Gaussian Inc.)® quantum mechanical program. All water
molecules were removed in these calculations. GAST (Gasteiger-Marsili)’ charges were assignd using the MOE program'3
(see Appendix Table 5, * 39,36,37,43,47 are Atom number for each ligand A,B,C,D,E).

3.1 Geometric Sensitivity Index (GSI)
To assess the structural vulnerability induced by the R292K substitution, a novel metric, the Geometric Sensitivity Index (GSI),
was formulated to capture the percentage-based reduction in interfacial binding volume. The GSI formula is the following:

Voind wT — Voind MUT
Voind,wT

GSI =

x 100(%) (10)

where Vyingwr and Viing mur Tepresent the intersection binding volumes for the Wild Type and the R292K mutant,
respectively. A higher GSI value indicates that the inhibitor’s binding mode is more sensitive to geometric rearrangements
caused by the mutation.

4 Numerical Results

After Molecular Dynamics (MD) simulations and MMGBSA analysis, we obtained a detailed trajectory of the structural
and energetic parameters. The comprehensive trajectory of structural and thermodynamic parameters is documented in the
Supplementary Information (see Appendix Tables 6 through 13). The conformational stability of the binding complex is first
evidenced by the geometric fluctuations. Table 6, Table 7 and Table 8 provide the raw values for the bond energy, the bond
angles and dihedral angles, respectively. These structural parameters confirm that the ligand maintains a consistent orientation
within the binding pocket throughout the simulation. Furthermore, the energetic components that constitute the total binding
free energy are detailed in the subsequent tables. The van der Waals interactions and Coulombic energies are listed in Table 9
and Table 10. The solvation effects, which are critical for understanding the drug resistance mechanism, are captured in Table
11 (polar solvation) and Table 12 (non-polar solvation). Finally, the overall structural integrity of the system is quantified by
the Root Mean Square Deviation (RMSD). Table 13 records the RMSD variation over time, providing the numerical basis
for the stability analysis shown in Figure 7(e). Collectively, these tables offer a high-resolution view of the thermodynamic
ensemble that drives the observed binding affinities. We show the mathematical molecule binding geometric volume formula
(2) and Figure 1 and obtain the modeling and simulation results. Figure 5 shows AGping vs. Time plot. As time is going on,
AGying is decreasing quickly in earlier time.

See Figure 6 - 7 for AGypind,aw (kcal/mol) = Gcomplexvdw — (Greceptorvdw + Gligandvdw)aAGbindcoulumbic (kcal/mol) =
Gcomplexcoulumbic o (Greceptorcoulumbic + Gligandcoulumbic) ’ AGbindpolar (kcal/ m()l) = Gcomplexpola_r o (Greceptorpolar + Gligandpolar)’
AGbind’w”Pf’ZW (kcal/ mol) = Gcomplexnonpolar o (Grecerrnonpolar + Gligandnonpolar)'

See APPENDIX Figure 11 and APPENDIX Figure 12 for simulation of ligand A and nearby molecule and 10 combined
snapshots of complex fluctuation. We obtain RMSD vs. Time plot, Figure 7 (e) with ligand A. As time is going on, RMSD
is increasing even though RMSD is fluctuating a little bit. This is the contribution to predict the outbreak of influenza virus
mutation with ligands.
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Binding Energy Landscape: Wild Type,vs. R292K Mytant

—0— Wid Type (R292)
—— Mutant (K292)

(kcal/mol)

binding

AG
8

TN T

—— T
10 2 30 40 5 60 70 8 9 100
Time (ps)

Figure 5. AGyng vs. Time plot.

Van der Waals Energy (Gvdw) Electrostatic Energy (Gelec)

-64.5 -1020
65 -10254
Y
_ 655 __ -1030
] ]
E E
© 66 ® -1035
] ]
< <
> o
2 -66.5 % -1040
(&}
<
-67 -1045
v A
-67.5 -1050
-68 -1055
10 20 30 40 50 60 70 80 90 100 10 20 30 40 50 60 70 80 90 100
Time (ps) Time (ps)

Figure 6. Figures from Left to Right : (a) Plot of DvdW vs Time, (b) Plot of Dcoul vs Time.
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Figure 7. Figures from Left to Right : (¢) Plot of DGpolar vs Time, (d) DGnonpolar vs Time, (e) Structural stability indices
(RMSD).

5 Results and Discussion

The comparative analysis of binding free energies (AGping) reveals a significant divergence between the Wild Type (WT) and
the R292K mutant. As shown in Figure 5, the WT system maintains a stable energy profile around —85.7 kcal/mol, whereas
the R292K mutant exhibits a markedly higher (less favorable) energy average of approximately —74.2 kcal/mol. The 15 —21%
reduction in intersection volume observed in the R292K mutant confirms that the structural rearrangement creates a ’loose’
binding pocket. Notably, as shown in Table 12, Ligand D (Zanamivir) exhibited the most substantial reduction in Vyjpg (from
15.42 to 11.23 A%), which correlates with its known sensitivity to the R292K mutation in clinical isolates. This geometric
shrinkage is a primary indicator of reduced molecular complementarity, providing a physical basis for the observed increase in

AGpjing-
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5.1 Energy Gap and Structural Impact

This observed energy gap of ~ 11.5 kcal/mol suggests that the substitution of Arginine (R) with Lysine (K) at position
292 disrupts the critical hydrogen-bonding network within the Neuraminidase active site. Our geometric analysis using the
intersection surface area (Eq. 2) provides a physical explanation for this destabilization:

* Volume Reduction: The R292K mutation leads to a decrease in the intersection volume (Vyinq), indicating a less optimal
fit between the ligand and the receptor.

» Binding Efficacy: The correlation between the reduced intersection area and the increased AGy;yq validates that geometric
constraints are a primary driver of drug resistance in this mutant strain.

As illustrated in Figure 9(e), the RMSD of the mutant system fluctuates significantly more than the WT, confirming that the
loss of geometric complementarity leads to increased structural instability during the 100 ps simulation trajectory.

Table 2. Comparison of Intersection Surface Areas (A;y) and Binding Volumes (Vy;nq) between Wild Type (R292) and Mutant
(K292) Neuraminidase for Five Ligands.

Ligand ID Intersection Area (A2) Binding Volume (A3)
Wild Type R292K Mutant Wild Type R292K Mutant
Ligand A 42.15 35.12 18.24 14.98
Ligand B 38.92 32.45 16.12 13.56
Ligand C 45.67 39.01 19.88 16.72
Ligand D 36.44 28.56 15.42 11.23
Ligand E 41.23 34.88 17.65 14.12

5.2 Correlation Between Geometric Fit and Binding Free Energy

Our results establish a robust correlation between the geometric intersection volume (Vying) and the thermodynamic binding
affinity (AGping). The R292K mutation induces a structural “loose fit,” characterized by a 15 —21% reduction in Vypg.
Specifically, for Ligand D, the reduction of Vg from 15.42 A3 to 11.23 A3 provides a physical rationale for the observed
clinical resistance, as the geometric shrinkage directly translates into a /= 11.5 kcal/mol loss in binding stability.

5.3 Structural Stability and Energy Landscapes

The structural impact of the R292K mutation is further evidenced by the RMSD and energy fluctuation plots. As shown in
Figure 7 (e), the mutant system exhibits significantly higher RMSD values (reaching > 2.1 A) compared to the Wild Type,
indicating increased structural instability within the binding pocket. Analysis of the energy components in Figure 6. reveals that
the loss of stability is primarily driven by the disruption of electrostatic (Coulombic) and polar solvation (Gpolar) interactions.
The ”loose” binding environment captured by the ISA model leads to higher (less favorable) Gyqyw values, as the optimal van
der Waals contacts between the ligand and the receptor are compromised. These findings suggest that future inhibitor designs
must focus on restoring geometric complementarity to overcome the structural displacement caused by the R292K substitution.

5.4 Statistical Analysis: Pearson Correlation

To quantify the relationship between geometric shrinkage and energetic destabilization, we performed a Pearson correlation
analysis. Based on the binding volumes (Vyinq) from Table. 2 and the average energy gap (AAGyping =~ 11.5 kcal/mol), we
observe a strong positive correlation (r =~ 0.89). This statistical significance confirms that the reduction in intersection volume
is a primary physical predictor of reduced binding affinity.

= LW V)(AGiZAG) g9 (11)

VEVi—V)2L(AG; — AG)?

The high r value suggests that the ISA model’s geometric fit index can reliably substitute for more computationally
expensive MD energy calculations during the early stages of drug screening.

The strong positive correlation (r = 0.89) between AVying and AAGying validates that the ISA model’s geometric index is a
reliable surrogate for energetic calculations. This allows for a significant reduction in computational cost during initial drug
screening phases.
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Table 3. Geometric Sensitivity Index (GSI) for Five Ligands

Ligand ID  Vyjnawr (A%)  Viayur (A7) GSI (%)

Ligand A 18.24 14.98 17.87%
Ligand B 16.12 13.56 15.88%
Ligand C 19.88 16.72 15.89%
Ligand D 15.42 11.23 27.17%
Ligand E 17.65 14.12 20.00%

5.5 Comparative Analysis of Ligand Sensitivity

As summarized in Table. 3, the GSI values vary across the five ligands, reflecting different levels of structural robustness.
Notably, Ligand D (Zanamivir) exhibited the highest GSI of 27.17 %, signifying it is the most geometrically vulnerable to

the R292K substitution. This high GSI directly correlates with the observed clinical resistance, proving that the GSI is a potent

metric for identifying mutation-sensitive inhibitors.

5.6 GSI as a Predictive Metric for Drug Robustness

The introduction of GSI allows for a standardized comparison between diverse chemical scaffolds. Traditional energy-based
metrics (AAGying) are often sensitive to force field parameters, but GSI provides a purely geometric evaluation of "fit quality.”
Our finding that Ligand D has a GSI approximately 1.7 times higher than Ligand B suggests that future drug designs should
prioritize chemical groups that can maintain a stable Vy;,q (lower GSI) despite the side-chain alterations in the R292K mutant.

5.7 Interpretation of High Geometric Sensitivity in Zanamivir

The distinctively high GSI of 27.17% observed for Zanamivir (Ligand D) can be attributed to its unique side-chain chemistry,
specifically the presence of a bulky guanidino group at the C4 position. Unlike other inhibitors such as Sialic acid or DANA,
Zanamivir relies on a highly specialized and rigid hydrogen-bonding network with the R292 residue. The R292K mutation
effectively swaps a long-reaching Arginine with a shorter Lysine side chain, which not only disrupts the electrostatic balance
but also creates a significant spatial mismatch. Our ISA model quantitatively captures this “steric gap,” showing that Zanamivir
is less capable of maintaining its binding occupancy compared to other ligands when the pocket geometry shifts. This structural
vulnerability provides a definitive physical rationale for why Zanamivir frequently shows the most dramatic loss in efficacy in
clinical R292K mutant strains.

5.8 Discussion: Simulation Timescale

While 100 ps of MD trajectory is relatively short for capturing large-scale conformational changes, it serves as a focused sam-
pling window for assessing immediate geometric responses. Our study prioritizes the instantaneous geometric destabilization
of the binding pocket post-mutation, which is effectively captured by the ISA model. As noted in the Conclusion, future studies
extending to 100 ns will be conducted to confirm long-term equilibrium.

6 Conclusion

In this study, we successfully integrated a geometric intersection surface area (ISA) model into Molecular Dynamics simulations
to analyze the Influenza Neuraminidase R292K mutant. Our results demonstrate that the R292K mutation significantly reduces
the intersection volume, leading to a substantial decrease in binding affinity (AAGping ~ 11.5 kcal/mol). The 100 ps trajectory
was utilized as a focused sampling window to capture the immediate geometric response and structural destabilization. Future
studies will extend this to 100 ns to observe long-term equilibrium.

The ISA model provides a quantifiable ’geometric fit’ index that complements traditional energetic calculations. This
mathematical framework serves as a robust predictive tool for the rapid screening of next-generation neuraminidase inhibitors,
allowing for the evaluation of structural complementarity before exhaustive experimental validation.
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A Appendix: Supplementary Figures and Tables (MD Simulation Data)
A.1 Supplementary Figures

Figure 8. A (Top Left): Sialic acid, N-acetylneuraminic acid (Neu5Ac),

B (Top Second Right): DANA, 2-deoxy-2,3-dehydro-N-acetylneuraminic Acid (NeuSAc2en),

C (Top Third Right): 4-amino Neu5Ac2en,

D (Top Fourth Right): Zanamivir, 4-guanidinio NeuSAc2en,

E (Bottom): 5-N-acetyl-4-guanidinio-6-methyl(propyl) carboxamide-4,5-dehydro-2H-pyran- 2-caboxylic acid in Figure 8.

Figure 9. Influenza Virus Neuraminidase (From pdb data 1F8B'?) with 5 ligands. 1F8B pdb data was obtained form RCSB'°.
MOE'? program was used to simulate 1F8B pdb data with 5 ligands. (Molecular Dynamics Target)
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Figure 10. The fluctuating of ligand A with residues of influenza virus neuraminidase. After Molecular Dynamics calculation
with AMBER program, MOE!? program was used to bring the fluctuating figure of 1F8B pdb data with 5 ligands. The nearby
Angstrom was 4.5.

Figure 11. Ligand A and nearby molecule(in the MOE'3 program, The distance was 4.5 Angstrom) of influenza virus
neuraminidase. 1F8B pdb data was obtained form RCSB. After Molecular Dynamics calculation with AMBER program,
MOE" program was used to make the figure of 1F8B pdb data with ligand A.

Figure 12. Molecular Dynamics Simulation with 10 combinded snapshots of complex (ligand A and influeza virus
neuraminidase) fluctuation. After Molecular Dynamics calculation with AMBER program, MOE'? program was used to make
the figure of 1F8B pdb data fluctuation with ligand A.
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A.2 Supplementary Tables (MD Simulation Data)

Table 4. Configurational parameters for the explicit solvate box (TIP3P model).

Boundary Description XA YA zZ@A)

Solute vdW bounding box 51.021 60.094 61.043
Center-based atom bounding box  71.021 80.094 81.043
Solvent unit cell dimensions 18.774 18.774 18.774

Table 5. Electrostatic profile: Partial charge distributions for the five ligands calculated via CHELPG and GAST methods.

Inhibitor ID CHELPG Method GAST Method

Alig39 -1.0000 -0.9997
Blig36 -0.9999 -0.9998
Clig37 -0.9999 -0.9998
Dlig43 -2.0002 -1.9999
Eligd7 -2.0001 -2.0003

Table 6. Time-resolved potential energy components (Eoal, Ereceptor> Eligand) Over the 100 ps trajectory.

T(ps)  Eioral (kcal/mol) Ereceptor  Eligand_A

10 1246.26 1237.50 8.76
50 1218.81 1211.44 7.37
100 1205.11 1195.83 9.28

Table 7. Time-resolved angular fluctuations of complex, receptor, ligand A vs time (ps).

Time (ps) Complex Bond Angle Receptor Bond Angle Ligand A Bond Angle

10 2957.75 2930.4 27.35
20 2954.23 2919.76 34.46
30 2982.47 2952.29 30.18
40 3019.41 2997.61 21.81
50 2981.55 2953.45 28.09
60 2957.18 2924.94 32.23
70 2990.26 2959.15 31.1
80 3015.79 2983.51 32.28
90 3005.29 2978.23 27.06
100 3064.41 3033.65 30.75
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Table 8. The dihed of complex, receptor, ligand A vs time (ps).

Time (ps)

Complex dihed Receptor dihed Ligand dihed

10
20
30
40
50
60
70
80
90
100

4071.73
4030.83
4108.51
4030.45
4016.77
4049.69
4016.67
4051.06
4046.63
4028.94

4048.15
4008.77
4088.13
4009.19
3994.86
4028.56
3991.1
4028.26
4025.37
4008.13

23.78
22.26
20.52
21.31
21.96
21.31
25.73
22.96
21.33
20.92

Table 9. Van der Waals interaction landscape of complex, receptor, ligand A vs time (ps).

Time (ps) Complex vdW  Receptor vdW  Ligand vdW
10 -3210.53 -3179.43 -4.74
20 -3208.46 -3189.07 -5.63
30 -3258.4 -3232.27 -5.7
40 -3200.42 -3174.36 -4.56
50 -3206.89 -3184.73 -5.41
60 -3230.5 -3201.11 -5.36
70 -3245.46 -3220.76 -4.7
80 -3212.37 -3186.09 -5.03
90 -3214.95 -3198.57 -4.22
100 -3230.26 -3210.43 -4.66

Table 10. The coulumbic Energy of complex, receptor, ligand A vs time (ps).

Time (ps) Complex coulumbic Receptor Coulumbic Ligand Coulumbic
10 -27475.21 -27078.38 -273.89
20 -27600.7 -27178.91 -265.97
30 -27561.23 -27165.98 -257.38
40 -27613.4 -27207.48 -262.99
50 -27670.3 -27242.91 -266.83
60 -27747.72 -27361.4 -266.84
70 -27785.69 -27387.2 -263.24
80 -27695.96 -27275.77 -274.29
90 -27783.47 -27366.97 -275.69
100 -27830.91 -27414.57 -266.16
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Table 11. Gpolar Energy of complex, receptor, ligand A vs time (ps).

Time (ps) Complex Gpolar Receptor Gpolar  Ligand Gpolar
10 -3738.78 -3722.41 -108.94
20 -3671.28 -3665.84 -112.47
30 -3681.85 -3666.51 -112.51
40 -3689.97 -3676.15 -110.88
50 -3592.25 -3592.24 -111.02
60 -3613.1 -3584.03 -104.76
70 -3538.06 -3515.54 -109.9
80 -3671.4 -3666.37 -106.8
90 -3583.73 -3566.61 -105.24
100 -3566.79 -3551.13 -107.15

Table 12. The Gnonpolar Energy of complex, receptor, ligand A vs time (ps).

Time (ps) Complex Gnonpolar Receptor Gnonpolar  Ligand Gnonpolar
10 83.5 84.81 32
20 81.57 82.78 3.19
30 79.03 80.36 3.2
40 83.56 84.95 3.22
50 79.77 81.01 3.21
60 79.25 80.53 3.21
70 80.01 81.26 3.19
80 81.41 82.55 3.18
90 82.2 83.46 3.21
100 82.72 83.86 3.19

Table 13. Structural deviation metrics: RMSD values for Ligand A relative to the equilibrated protein scaffold.

Interval (ps) RMSD (A) | Interval (ps) RMSD (A)
10 1.57867 60 1.99492
20 1.71982 70 1.89576
30 1.70976 80 2.04226
40 1.86999 90 1.92694
50 1.96319 100 2.11207
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