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Abstract 

Kallikrein-8, a serine protease, is a target for structure-based drug design due to its 

therapeutic potential in treating Alzheimer’s disease and is also useful as a biomarker in 

ovarian cancer. We present a binding assessment of ligands to kallikrein-8 using a residue-

wise decomposition of the binding energy. Binding of four putative inhibitors of kallikrein-8 

is investigated through molecular dynamics simulation and ligand binding energy evaluation 

with two methods (MM/PBSA and WaterSwap). For visualization of the residue-wise 

decomposition of binding energies, Chemical Energy-Wise Decomposition or CHEWD is 

introduced as a plugin to UCSF Chimera and Pymol. CHEWD allows easy comparison 

between ligands using individual residue contributions to the binding energy. Molecular 

dynamics simulations indicate one ligand binds stably to the kallikrein-8 S1 binding site. 

Comparison with other members of the kallikrein family shows that residues responsible for 

binding are specific to kallikrein-8. Thus, ZINC02927490 is a promising lead for 

development of novel kallikrein-8 inhibitors.  

Keywords: Kallikrein 8; Molecular Dynamics Simulation; Binding Energy; WaterSwap; 

Chemical Energy-Wise Decomposition 

  



1. Introduction  

Understanding the interactions involved in ligand binding to a target protein is often essential 

in the development of novel lead molecules. Structure-based drug design (SBDD) has 

benefited significantly over the years from developments in the field of proteomics, 

comparative genomics and high-end computing [1–5]. Binding affinity is an important metric 

in the assessment of new drug targets and their optimization [5–8]. The ability to calculate 

binding affinities reliably in silico is advantageous, reducing the need for expensive 

experiments [9]. A wide range of computational techniques exist to estimate the binding 

affinity of novel compounds for a target, including: statistical regression, knowledge-based 

neural networks, molecular mechanics-based free energy calculation and free energy 

perturbation for estimation of the binding affinity of novel leads. Binding affinity is driven by 

interactions between the ligand and binding site of the protein target and desolvation effects 

are also important [10–12].There are several different methods available to calculate the 

binding energy of a protein-ligand system [13–15]. Herein, we apply the MM/GBSA, 

MM/PBSA [16, 17] and WaterSwap [18] methods to calculate the binding energies of 

putative inhibitors of Kalikrein 8 (KLK8). Visualization of the protein-ligand interactions is 

crucial to understanding the binding process and aid lead optimization. The contribution of 

each residue to the binding energy can be visualized through a plugin to the popular protein 

structure visualization software such as  UCSF Chimera or Pymol that is presented in the 

current work [19, 20]. The figures generated in this manuscript are from UCSF Chimera. The 

plugin is called CHEWD, which stands for CHemicalEnergy-Wise Decompostion.  

KLK8 is a paralog of the serine protease kallikrein 1 (KLK1) which was initially 

discovered in the human pancreas [21]. The term kallikrein (KLK) is derived from the Greek 

word kallikreas meaning pancreas. KLK8 plays a role in numerous tissues, predominantly in 

skin, the ovaries and the hippocampus [22, 23]. KLK8 is found in the cell as a single pre-pro-

KLK protein. Once it is secreted into the extracellular environment, the signal pre-peptide is 

cleaved off and the inactive pro-KLK8 is further activated by the trypsin-like cleavage of the 

pro-peptide at an arginine or lysine residue [24]. KLK8 activity is dependent on the tissue of 

expression; in the hippocampus its activity is associated with neural plasticity, while in skin it 

is involved in desquamation [24, 25]. In ovarian tissue it has differential expression in 

cancerous cells, a property that is under consideration as an early prognostic parameter for 

cancer [26]. In skin, higher concentrations of KLK8 mRNA are observed in psoriasis [27]. 

Similarly, in Alzheimer’s disease and schizophrenia mice models, alleviated expression of 

KLK8 mRNA has been found [28]. Although the therapeutic significance of the KLK family 

is still under debate, some consider this as a family of new potential targets for diseases such 

as Alzheimer’s, schizophrenia and psoriasis [29]. De Vita et al. have recently reported a class 

of depsipeptidic inhibitors for KLK6, which is highly expressed in breast and ovarian cancer 

[30]. There are known small molecules like chymostatin which could target KLK8, but they 

are likely to have low specificity as they bind to the catalytic triad of many serine proteases, 

thus limiting their therapeutic potential [31]. A previous study by Azam and Raza [32] used a 

homology model (Fig 1) to identify four novels hits for KLK8 (Fig 2). Here, we explore the 

application of molecular dynamics (MD) simulation to the four novel hits identified for 



KLK8.  Not all hits were stable during the MD simulations and the binding energy of the 

stable complexes was calculated using the WaterSwap and MM/PBSA or MM/GBSA 

methods. CHEWD was used to visualize the residue contributions to the binding of the ligand 

ZINC 02927490. Through this extended testing of the novel lead compounds, we have 

identified a potential lead which is more specific to the S1 and S2 sites of KLK8, rather than 

the catalytic triad (His 44, Asp 91 and Ser 198). This lead has the potential for increased 

specificity and reduced side effects, as binding is independent of the catalytic triad. 

Decomposition of the binding energy and visualization with CHEWD illustrates which 

residues are essential for ligand binding and can help indicate directions for lead 

development. This visualization of residue decomposition by CHEWD should be useful for 

computational biologists and experimentalists to yield and improve novel leads or drugs with 

increased specificity for therapeutic targets. 

2. Methods 

2.1. MD Simulations 

Azam and Raza have previously identified (through virtual screening) 4 potential lead 

compounds for KLK8 inhibition: ZINC00633883, ZINC02927490, ZINC1247655 and 

ZINC61720639 (Fig 2) [32]. Various molecular properties of each compound such as pH 

range and apolar/polar solvation  are given in the Supplementary information (SI) in Table 

S1. The highest scoring conformations of these compounds from previous docking studies 

using the GOLD and AutoDock packages were subjected to molecular dynamics (MD) 

simulation to validate the stability of the predicted poses. MD simulations are useful to test 

the stability, and to refine complexes produced by docking [13]. AMBER 14 [33] was 

utilized to perform MD simulations, using the ff14SB forcefield [34] to describe the protein 

and the Generalized AMBER Forcefield (GAFF) [35] for the ligands (see Table S2 for more 

detail). The protein-ligand complexes were solvated in a box of TIP3P [36] water molecules, 

with 12 Å between the protein and the edge of the box. The total volume of the box is 435605 

Å3, with x, y, z dimensions of 72.5 Å, 77.3 Å, and 77.7 Å, respectively. The model systems 

were neutralized by the addition of Na+ ions. Eight models, 1 from GOLD and 1 from 

AutoDock for each 4 ligands, were prepared using this protocol. The energy of the models 

was then minimized in several stages: (i) the positions of the hydrogen atoms were relaxed 

(500 steps of energy minimization); (ii) the positions of the water molecules were relaxed 

under a restraint with a force constant, k = 200 kcal mol–1Å–2 for all solute atoms (1000 

steps). (iii) the energy of the entire model was minimized with a restraint of k = 5 kcal mol–

1Å–2 on the positions of all C atoms (1000 steps). All atoms were minimized using 300 

cycles and restraint of k =100 kcal mol–1Å–2. After minimization, the system was heated to 

300 K for 20 picoseconds (ps) with a time step of 2 femtoseconds (fs) and a restraint of k = 5 

kcal mol–1Å–2 on the positions of the C atoms. Temperature was maintained using Langevin 

dynamics (collision frequency of 1.0 ps–1). The SHAKE algorithm [37] was used to constrain 

bonds involving hydrogen and the NVT ensemble was selected for heating the system. The 

model was then equilibrated for 100 ps with a 2 fs timestep, with SHAKE applied to 

hydrogen bonds and Langevin dynamics for temperature scaling [37, 38]. The NPT ensemble 

with isotropic position scaling was used to maintain pressure. C positions were restrained 



using a force with k = 5 kcal mol–1Å–2. For a subsequent period of 100 ps, the force constant 

for the restraint applied to the C atoms was gradually reduced in 1 kcal mol–1Å–2 increments. 

MD simulations were then carried out for a further 1 ns to allow the system to equilibrate. For 

production  MD simulations, the NVT ensemble was selected using the Berendsen 

temperature coupling algorithm [39]. SHAKE was applied to bonds involving hydrogen and 

the cutoff value for direct-space nonbonded interactions was set to 8.0 Å. Periodic boundary 

conditions were used, and long-range electrostatic interactions were treated using the Particle 

Mesh Ewald (PME) for all simulations. The production runs were carried out for 100 ns with 

a timestep of 2 fs. Six independent simulations of the complex with ZINC02927490, three for 

the pose predicted by GOLD and three for the AutoDock pose, were performed to increase 

sampling and test reproducibility/significance of the results. The MD simulations were 

analyzed using the cpptraj program of the AMBER package. The trajectories were visually 

analyzed using VMD [40] and Chimera [19, 41].  

2.2. Binding energy calculations 

Alchemical free energy calculations are highly dependent on the conformation of the 

ligand interacting with protein residues [9]. To avoid any local minima in the energy 

calculations, a significant sampling of conformational space through MD or MC should be 

carried out.  For MM/GBSA and MM/PBSA calculations, frames were picked every 200 

picoseconds from the entire MD trajectory (500 frames). As implemented, WaterSwap uses 

MC simulations (through the Sire program [42]) to sample conformational space. An initial 

configuration is of course required as an input to start the MC calculation; typically these are 

taken from MD simulations of the protein-ligand complex [43, 44].  

Clustering analysis was performed on the MD trajectories to find representative 

structures to use as initial geometries for WaterSwap. Clusters were identified based on the 

root mean square deviation (RMSD) of catalytic triad residues HIS 44, ASP 91 and SER 198. 

The DBSCAN clustering algorithm [45] was used,  with a sieve value set to 20 and the sieved 

frames were fitted with the entire cluster rather than the centroid. The clustering cutoff was 

set at 1 Å and clusters must have a minimum of 25 members. The centroid structures were 

then used to initiate WaterSwap calculations as the most representative structures of the 

ensemble generated by the MD simulations. 100 million moves of MC sampling was carried 

out for each of the 16  values (0.005, 0.071, 0.137, 0.203, 0.269, 0.335, 0.401, 0.467, 0.533, 

0.599, 0.665, 0.731, 0.797, 0.863, 0.929, 0.995) across the decoupling reaction coordinate, 

giving an overall sampling size of 1.6 billion moves. The free energy perturbation (FEP) [46], 

thermodynamic integration (TI) [47] and Bennett acceptance ratio (BAR) [48] algorithms 

were subsequently used to calculate the free energy. Three methods were used to evaluate the 

free energy because similarity of the energy values arising from these different methods is an 

indication of the reliability and convergence of the results.  

2.3. Analysis of trajectories from MD simulations 

The interactions involved in binding of the ligand to the protein were examined to 

determine the contributions of different types of interactions. Discovery Studio [49] was used 



to show the interactions between the ligand and protein, focusing on residues within 4 Å of 

the ligand. Interactions between atoms capable of acting as hydrogen bond donors/acceptors 

within a distance of 3.5 Å and with a donor-hydrogen-acceptor angle greater than 90º were 

considered hydrogen bonds [50]. Hydrogen bonds were calculated over the course of the MD 

trajectories and were only considered significant if the hydrogen bond was present for at least 

1 percent of the MD trajectory. 

Interactions with protein residues were further analyzed in the results of binding 

energy calculations using the MM/GBSA, MM/PBSA [51] and WaterSwap [52] methods. To 

visualize the results of these methods, a python-based plugin for Chimera [19] or Pymol [20] 

called CHEWD was developed to visualize residue-wise energy decomposition. The free 

energy calculated by these methods can be decomposed into residue contributions. It is 

important to note that the interaction energies calculated in this manner are not directly 

comparable to experimental results (e.g. G for mutated enzymes) nor will they sum to the 

total binding energy; however, this type of decomposition analysis is useful for identifying 

residues that have the largest effects on the binding energy. The residue decomposition was 

visualized and analyzed using the CHEWD plugin. Instructions on plugin installation and 

usage is given in the SI. 

3. Results and Discussion 

Azam and Raza [39] previously identified 4 potential lead compounds from the ZINC 

database [53] for KLK8 inhibition: ZINC00633883, ZINC02927490, ZINC12476555 and 

ZINC61720639, see Fig 2. These compounds meet many of the criteria for ‘drug-like’ 

compounds, i.e.  their molecular weight is between 150 and 500 Dalton, the xlogP value is 

less than 5, they have less than 5 hydrogen bond donor groups and less than 10 hydrogen 

bond acceptors (Table S1).  The compound ZINC61720639 is more polar than the other three 

compounds and is the only ligand to have a formal negative charge.  In terms of 

hydrophobicity all compounds are in similar range according to xlogP values (~2.0 – 2.8). 

The compounds have similar polar surface areas (102 – 131 Å2) and together these properties 

suggests that these compounds have a balance between hydrophobicity and hydrophilicity. 

The compounds were subjected to a ligand-protein docking protocol using the GOLD and 

AutoDock packages in the previous study. The highest scoring conformations of these 

compounds from docking studies were subjected to MD simulations of fully solvated models, 

to investigate the stability of the docked complexes (see Fig 3). Analysis of the MD 

trajectories showed that, of the eight model systems, the ligand remained in the binding site 

in only three trajectories. Among the three systems which retained the ligand in the active 

site, two were the docked system of ZINC02927490 from AutoDock and GOLD; we will 

refer to these complexes as Complex A and Complex B, respectively. The third was from the 

docked complex of ZINC00633883 generated by GOLD. The stability of the complex of 

ZINC00633883 with KLK8 from the GOLD protocol is questionable, as the corresponding 

complex from AutoDock was unstable. Only Complexes A and B were analyzed further with 

binding energy calculations using the MM/PBSA and WaterSwap methods, because this 

ligand seemed most promising. The initial ligand binding modes of Complexes A and B 

differ in their interacting residues and ligand orientation. This difference in the binding mode 



of the ligand results in sampling of different conformations in their trajectories. Complexes A 

and B were each subject to three separate MD simulations to ensure significance of results. In 

five out of six of the trajectories, the ligand kept its interaction with the S1 site throughout the 

trajectory, suggesting a preference of ligand ZINC02927490 towards the KLK8 S1 site. 

KLK8 is a globular protein and is not thought to require any major conformational 

change to activate it [54], making the RMSD a useful measure of structural stability. Fig S1a 

shows the RMSD of the Cα atoms over the course of the simulations, where the RMSD is 

generally similar for both complexes in all simulations. The core region of the protein is 

stable with a maximum RMSD of 2.0 Å (Fig S2a), but loops consisting of more than 5 

residues are much more flexible with a maximum RMSD reaching 5.0 Å (Fig S2b). There are 

differences in the RMSFs for these two complexes (Fig S2b) and binding the ligand to the 

loop region in Complex A run 2 causes higher fluctuations in that region, evident in the peak 

of > 6.0 Å.  All trajectories have slightly higher RMSF values for the last three residues 

(values ranging from ~ 4 to ~ 8 for SER 229, LYS 230 and GLY 231). There were no suitable 

templates for this C-terminal region when the homology model was built, and as such, it is 

not surprising that they have higher flexibility. Increased fluctuations in the simulations of 

Complex B have resulted in a slight increase in the volume of KLK8, as indicated by the 

radius of gyration, Rg (Fig S1c). The Rg value is an indication of the compactness of a 3D 

structure;  a significant increase in the Rg value during simulation may represent a loss of 

stability or conformational change in the protein structure [55]. The mean Rg values for 

KLK8 in Complex A and in Complex B are very similar (17.1 vs. 17.2).    

3.1. Protein-Ligand interactions 

Hydrogen bonding and van der Waals contacts play a vital role in protein-ligand complexes 

[56]. The cluster centroids obtained from the MD simulation trajectories were aligned to 

check the relative position of the ligand in each trajectory. For Complex A, in two of the 

three simulations the ligand is bound in the S1 site (Fig 4a and 4c) and one simulation the 

ligand has moved away from the S1 site and appears to be partially covering the peptide 

binding site (Fig 4b). In Complex B, the ligand also occupies the S1 site but is in a different 

position in run 1 where it interacts with the catalytic triad (Fig 4d). Hydrogen bonds formed 

by the ligand throughout the simulation are given in Fig 5. The RMSD for each ligand is 

shown in Fig S3. There is some fluctuation in the position of the ligand during the first 20 ns 

of the simulation for some of the complexes (e.g. Complex B run 2) but this settles down 

once the hydrogen bond network is properly established. The conformation shown in Fig 4a 

is particularly stable due to the presence of a hydrogen bond between H1 of the ligand and 

the backbone O of Ser 201 (Fig 5a), see Fig 6 for atom labels. This stability is also reflected 

in the low  RMSD of ligand in Complex A run 1 (< 1 Å throughout the simulation, Fig S3). 

In Complex A run 2 (Fig 4b), the ligand is oriented away from the S1 site of KLK8, bound 

instead to the loop region adjacent to the S1 site of KLK8. Two hydrogen bonds could be 

identified:  between ligand atom H1 and the backbone O of Asp 84 and between H7 of the 

ligand and the backbone O of Asp 87 (Fig 5b).The hydrogen bonds are formed with 90 loop 

after 10 ns of simulation as we can see in RMSD graph the ligand also gets stabilized as these 

hydrogen bonds are formed after 10 ns (Fig S3). In Complex A run 3 (Fig 4c), the ligand 



forms a stable hydrogen bond through H1 and the backbone O of Ser 201 (Fig 5c), as 

observed in run 1, but other more transient hydrogen bonds are also formed. Over the course 

of the trajectory almost all the initial hydrogen bonds formed between the ligand and protein 

are lost and different hydrogen bonds emerged whose pattern is similar to run 1. This 

variation in hydrogen bonds is also depicted in the variation in the RMSD for the ligand 

throughout the simulation (Fig S3).  In Complex B run 1, two hydrogen bonds are retained 

throughout the simulation: H7 – Ser 198 O and O1 – Gln 180 HE22 (Fig 5d). The hydrogen 

bonds are lost around 71-74 ns which is depicted by a small jumps in the RMSD suggesting a 

change in the conformation of ligand around that time period. After 75 ns the RMSD value 

seems to match the rest of trajectory (Fig S3).  In the other trajectories, hydrogen bonding is 

much more varied, although a hydrogen bond between H1 and Asp 87 O is present for most 

of the third trajectory (Fig 5f). This variation is also shown in the higher RMSD value for 

these ligand (Figure S3). Comparison of hydrogen bonding in the simulations of Complex A 

and Complex B indicates that Complex A is more stable as there are more persistent 

hydrogen bonds between the ligand and KLK8. 

Ligand interactions with the binding site in their representative orientation (the 

centroid of each cluster) are shown in plots produced by Discovery Studio [49] (Fig 7, S4 and 

S5). For Complex A, the residues interacting with the ligand are similar in run 1 and run 3 

(Fig 7a and S5a). These residues include Gln 180, Ser 183, Ser 198, Trp 199, Gly 200, Ser 

201 and Asp 202. Ser 201 forms a hydrogen bond with the ligand in the representative 

structure of both trajectories. The other residues are identified as either sharing a hydrogen 

bond or forming van der Waals interactions with the ligand. Common interacting residues in 

run 2 and run 3 of Complex B are: Val 85, Glu 86, Hie 88, Gln 162 and Trp 199. Val 85 and 

Trp 199 are also indicated in the interaction diagram for Complex B run 1. These interactions 

include van der Waals, π interactions and hydrogen bonds. The different interactions in 

Complex A run 2 are due to ligand detachment from the S1 site and binding instead to the 90 

loop of KLK8. This 90 loop is another allosteric site to modulate the activity of KLK8 [57]. 

Complex B run 1 also shows different residues because the ligand is in a different orientation 

in the S1 site. Residues Gln 180, Ser 183, Ser 198, Trp 199, Gly 200, Ser 201 and Asp 202 

are part of the S1 site of the KLK8. The indications from these MD simulations are that the 

ZINC02927490 compounds favors binding in the KLK8 S1 site. 

Although there is no convergence in the conformation of the ligand in the simulations 

of these two complexes, the protein residues contributing to the binding of the ligand are 

similar. Specificity for each member of the KLK family is thought to be determined by 

differences in the peptide binding sites from S1´ and S1-S4 (Fig 1). Although the pattern of 

these sites is conserved within the KLK family, some residues vary in each site for individual 

KLK members [58]. Interestingly, the major contributors to ligand binding described here 

belong to the S1 site of KLK8, suggesting that this novel lead compound may be specific for 

KLK8. 

 

 



3.2. Binding Energy Analysis 

Calculation of binding energies as a screening tool is highlighted by numerous 

implementations in medicinal chemistry and drug design [6–8, 59]. Decomposing the binding 

energy into individual residue contributions can provide useful insight into the nature of the 

protein-ligand complex. The reliability of any free energy calculation is dependent upon the 

conformation used for the free energy calculation. Free energy calculations are theoretically 

based upon the partition function, which in turn is evaluated as the summation of microstates 

observed in a simulation [60]. Conformational sampling for the ligand ZINC02927490 was 

explored by using structures generated by the MD simulations that started from two different 

docked conformations (Complexes A and B).  

3.2.1. MM/PBSA and MM/GBSA calculations 

Binding energy calculations on structures from the MD trajectories were performed using 

MM/GBSA and MM/PBSA methods. Binding energies in the range –19.4 kcal mol–1 to –32.4 

kcal mol–1 were predicted for Complex A using the MM/GBSA method and in the range 4.4 

to –10.2 kcal mol–1 with the MM/PBSA method (Table 1 and full components listed in Table 

S3). The binding energies predicted for Complex B were similar to those for Complex A, in 

the range –20.5 kcal mol–1 to –34.9 kcal mol–1 MM/GBSA and 4.3 kcal mol–1 to –7.0 kcal 

mol–1 MM/PBSA. The binding energy predicted by MM/GBSA is higher (more negative) 

than MM/PBSA due to the extra ‘dispersion solvation free energy’ component of the energy 

term in MM/PBSA; the difference in solvation and gas phase Gibbs free energy is the same 

within every MM/GBSA and MM/PBSA calculation. Dissociation of the ligand from the S1 

site in Complex A run 2 and the different position of the ligand in Complex B run 1 did not 

affect the affinity of the ligand for KLK8, the free energies predicted for these complexes are 

in fact the most favorable in both cases. According to both methods, the dominant 

contribution to the binding energy arises from the van der Waals and electrostatic 

interactions. Results suggest that the ligand lacks in polar contacts with protein residues 

which could stabilize the complex. Table 2 shows the residue-wise decomposition of the 

MM/PBSA calculations. Residue Trp 199 provides significant stabilization (−1.4 to −4.3 kcal 

mol–1) in all simulations except Complex A run 2. There are some common residues 

identified for Complex A run 2 and the simulations of Complex B: Asp 87, Val 85 and His 88 

are identified in the analysis of Complex B run 3. The residue Ser 201, which forms a stable 

hydrogen bond with the ligand in Complex A run 1 has the major contribution to the energies 

for Complex A at −3.9 kcal mol–1 and provides −1.3 kcal mol–1 in run 3. Gln 180, identified 

in the hydrogen bond analysis as being important in Complex B run 1, provides the most 

stabilization at −3.9 kcal mol–1 and also provides significant stabilization to Complex A in 

runs 1 and 3. Apart from Trp 199 and Val 85, the residues which contribute significantly to 

the binding are generally hydrophilic in nature (Table 2).    

3.2.2. WaterSwap calculations 

Binding energies from the WaterSwap method were calculated using the centroid of the 

largest cluster as a starting structure (Table S4), as this is the most representative structure of 



those sampled during the entire MD simulation. Monte Carlo simulations during the 

WaterSwap calculation then allow for some additional sampling around this conformation. 

The centroids were calculated based on alignment with the catalytic triad. WaterSwap 

predicted very similar results for the three structures of Complex A at around ~ –20 kcal mol–

1 (Table 1). There is more variation in the results for Complex B with binding energies in the 

range ~ –11 to ~ –30 kcal mol–1. Complex B run 1, where the ligand is interacting with the 

catalytic triad, has the most favorable binding energy at ~ –30 kcal mol–1 and the values for 

run 2 and run 3 (ligand bound to S1) are more similar at ~ –11 and ~ –13 kcal mol–1, 

respectively. There is a good agreement in the results from the different binding energy 

calculations, as the results of ligand binding are converging according to the orientation of 

the ligand. The contribution of individual residues to binding from analysis of the WaterSwap 

results is given in Table 3. Decomposition of the WaterSwap energies also highlights 

unfavorable interactions, useful information for lead optimization strategies to improve 

binding of an initial hit. More residues are identified with significant contributions to the 

WaterSwap energies than from the MM/PBSA analysis, but there are many similarities. Trp 

199 is stabilizing in all of the Complex B simulations (–2.4 to –4 kcal mol–1) and Complex A 

run 3 (–4.0 kcal mol–1), but is very destabilizing in Complex A run 1 with an energy of +15.2 

kcal mol–1. This event can be attributed to the methyl group lying in close proximity to the 

hydrophilic part of Trp 199 in complex A run 1, while in the other trajectories oxygen or 

nitrogen is oriented towards Trp 199. Gln 180 is also stabilizing in Complex A run 1 and 

Complex B run 1 (–1.3and –5.7 kcal mol–1, respectively), but destabilizing in Complex A run 

3 at +1.7 kcal mol–1. Residues Asp 91 and Asp 182 are destabilizing in the majority of 

complexes and would perhaps be good interactions to target in further optimization. 

3.3. Visualization using CHEWD  

In MM/GBSA and MM/PBSA analysis, an average binding energy is predicted based on 

many snapshots selected from an MD trajectory. As there is a large variation in the ligand 

conformation among the trajectories here, it is difficult to decide which groups of the ligand 

contribute most to binding. Hydrogen bond analysis indicated that H1 and H7 are involved in 

important interactions which span the S1 site. Still, this information does not provide an 

energy perspective to classify and identify which contacts could improve binding. 

Unfavorable contacts between the ligand and protein, which could be avoided to improve 

ligand binding, are not identified by the residue contributions from MM/PBSA results (Fig 

8). One advantage of the WaterSwap method is that unfavorable contacts are clearly 

highlighted with positive values (and are easily visualized by CHEWD). The CHEWD plugin 

loads the results of a WaterSwap or MM/PBSA calculation and then displays the model 

system with residues in the binding site color coded depending on the magnitude of their 

contribution to the binding energy. Favorable interactions are at the blue end of the color 

scale and unfavorable (preferring to interact with water in WaterSwap calculations) are 

shown in red. The intensity of the color then indicates the strength of the interaction and the 

scale can be adjusted to suit the spread of results for any system. This immediately highlights 

the resides important for ligand binding in an easy to interpret manner. The absolute values of 

the residue contributions are also available to inspect in the CHEWD dialog box. The results 



for the KLK8 system are available for download with the plugin. Figure 9 shows the 

visualization of the WaterSwap calculations on KLK8. the difference in the ligand 

interactions with Trp 199 in Complex A and Complex B are clearly demonstrated (Fig 9). In 

Complex A run 1, the interaction between Trp 199 and water is more favorable than with the 

ligand (Fig 9a) as it has a value of 15.2 kcal mol–1 making the residue bright red on the color 

scale. In all the other trajectories (except Complex A run 2), Trp 199 has favorable 

interactions with the ligand and is blue on the color scale (Fig 9). In Complex A run 1, the 

reduced contribution of Trp 199 is likely due to the orientation of the rings of the ligand and 

Trp, the misalignment of the rings has caused it to yield a negative score. However, in 

Complex B run 1, the oxygen of the ligand is oriented towards the NH group of the indole 

ring of Trp 199. Visualization shows that polar residues are surrounding the methyl groups of 

the ligand at C15 and C16. Binding may be enhanced if either of the methyl carbons at C15 

or C16 is replaced with a hydrophilic group to increase its contact with polar residues 

surrounding these atoms. Although the residue-wise energy values varied with respect to the 

ligand conformation, the overall binding affinity values suggest that the ligand is adaptable to 

the S1 site of KLK8. Alignment with other members of the KLK family shows that residues 

Lys 47, Val 85, Ser 201, Asp 202 and Asp 208 are specific to KLK8, while other residues are 

conserved among different members of the family [58]. In both Complex A and B, these 

residues are actively involved in interactions with the ligand during the simulation of these 

complexes.  

4. Conclusions 

CHEWD is a useful and simple plugin to the widely used visualization programs Chimera 

[19] and Pymol [20] that allows the visualization of residue contributions to binding energies 

calculated e.g. with the MM/PBSA, MM/GBSA or WaterSwap methods. We demonstrate 

CHEWD here to visualize ligand binding to KLK8, a serine protease with therapeutic 

potential in the treatment of Alzheimer’s disease. MD simulations were performed for KLK8 

with ligands ZINC00633883, ZINC02927490, ZINC12476555 and ZINC61720639, which 

had previously been identified as leads by virtual screening [32]. ZINC02927490 was 

identified as the mostly likely lead molecule as the other ligands did not form favorable 

complexes in the MD simulations. Binding energies were calculated for this ligand using the 

MM/GBSA, MM/PBSA and WaterSwap methods, where all complexes studied were 

predicted to have favorable binding energies in the range –11 to –30 kcal mol–1 with 

WaterSwap and –20 to –35 kcal mol–1 with the MM/GBSA method. Based on these 

theoretical predictions, ZINC02927490 has potential as a lead molecule for further 

development and experimental confirmation will be needed to further the process. Cross-

validation with other members of the KLK family to ensure specificity is another interesting 

area for further research.   

Key residues for the binding of ZINC02927490 were identified using the residue-wise 

decomposition of the free energies calculated by WaterSwap and visualized using the 

CHEWD plugin. The color scale made it easy to identify that particular interactions were 

favorable in most ligand orientations. The inclusion of unfavorable interactions in the residue 

analysis from WaterSwap calculations provides additional information that is useful for lead 



optimization to improve binding. The residues identified by WaterSwap analysis suggest that 

ZINC02927490 has a higher specificity for the S1 site of KLK8 and comparison with other 

members of the KLK family shows that the residues involved are specific to KLK8. We 

believe this tool will be useful to structural biologists, drug designers and medicinal chemists 

for visualizing results to aid in lead optimization and activity enhancement helping to meet 

current challenges faced by structure-based drug design. 

5. Supplementary Information 

Supplementary figures and tables can be found in the supplementary information. Installation 

instructions and a brief tutorial for CHEWD is also supplementary information. CHEWD can 

be downloaded from the link https://github.com/saadraza128/CHEWD.  
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Figure Captions 

Fig 1. (a) The structure of KLK8 shown with secondary structure representation and (b) the 

surface of KLK8 color coded on the basis of Columbic charge distribution of the protein 

using a scale of −10 to +10 kcal/(mol•e) at 298 K. Catalytic triad residues of KLK8 are 

depicted in cyan, purple and green for HIS 44, ASP 91 and SER 198, respectively. 

Fig 2. 2D structures of the top 4 compounds from virtual screening of the ZINC database 

against KLK8 (a) ZINC 00633883, (b) ZINC12476555, (c) ZINC 02927490 and (d) ZINC 

61720639 [32, 41]. The atoms highlighted in red indicate a common structural motif among 

some of the ligands. 

Fig 3. Structures of KLK8-ligand complexes generated by docking using  GOLD and 

AutoDock [32]. The S1-S4 pockects and 90-loop are indicated. The coloring of protein 

surface indicates the Coulombic electrostatic potential using a scale of −10 to +10 

kcal/(mol•e) at 298 K.  

Fig 4. Representative structures obtained from clustering analysis of the MD trajectories for 

(a, b, c) Complex A and (d, e, f) Complex B. Three MD simulations were run for each 

complex. 

Fig 5. Hydrogen bonds observed between the ligand and KLK8 in MD simulations. Complex 

A (a, b, c) and Complex B (d, e, f) showing the hydrogen bonding in the three different 

simulations of each complex. 

Fig 6. Ligand ZINC02927490 with the atoms involved in hydrogen bonding with KLK8 

labelled.  

Fig 7. Two depictions of ligand interactions with KLK8 drawn using Discovery Studio [49]. 

The plots are based on the protein-ligand interactions in the representative structure from run 

1 of (a) Complex A and (b) Complex B. The interaction plots for the replicate simulations are 

given in the SI. 

Fig 8. CHEWD depiction of the residue-wise decomposition of the free energies predicted by 

the MM/GBSA method (a, b, c) Complex A and (d, e, f) Complex B. The color scale 

represents the residue-wise energy value observed between –3 kcal mol–1 (blue) and +3 kcal 

mol–1 (red). Blue indicates favorable contacts in MM/PBSA and red represents any non-

favorable contacts. 

Fig 9. CHEWD depiction of the residue-wise decomposition of the free energies predicted by 

the WaterSwap method (a, b, c) Complex A and (d, e, f) Complex B. The color scale 

represents the residue-wise energy value observed between –5 kcal mol–1 (blue) and +5 kcal 

mol–1 (red). Blue indicates the residues that favor ligand binding and red shows that the 

residue prefers contact with water. 
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Table 1: Binding energy calculated by the WaterSwap, MM/PBSA and MM/GBSA methods. 

The binding energies from the WaterSwap method is calculated using using three separate 

statistical methods: Bennett acceptance ratio, free energy perturbation (FEP) and 

thermodynamic integration (TI). 

 Binding Energy (kcal mol–1) 

 

Complex-

A 

Run 1 

Complex-

A 

Run 2 

Complex-

A 

Run 3 

Complex-

B 

Run 1 

Complex-

B 

Run 2 

Complex-

B 

Run 3 

MM/PBSA –3.7 –10.2 4.4 –7.0 4.4 –4.0 

MM/GBSA –25.6 –32.4 –19.4 –34.9 –20.5 –25.8 

Bennetts –21.0 –19.6 –19.2 –31.0 –13.8 –10.4 

FEP –19.7 –18.4 –19.7 –28.3 –12.8 –10.9 

TI –19.6 –16.9 –18.9 –29.2 –13.7 –11.7 

AVERAGE 

WaterSwap –20.1 –18.3 –19.3 –29.5 –13.4 –11.0 
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Table 2 Residue wise decomposition of the binding energy (<–1 kcal mol–1) from MMPBSA 

calculations. Green labels indicate the residues from 90 loop region, blue represent the S3 site 

residues, red color represents S1site residues and catalytic triad is indicated in purple. 

 Complex A Complex B 

Residue Run 1 Run 2 Run 3 Run 1 Run 2 Run 3 

HIS 44    –1.2   

TYR80  –1.4     

ASN81  –1.4     

SER 82  –1.3     

ASP 84  –1.9     

VAL 85  –2.0  –1.5  –3.3 

ASP 87  –2.9    –1.5 

HIS 88  –1.8   –2.7 –3.2 

ASP 91  –1.0     

GLN 162     –1.5 –1.4 

CYS 179 –1.7      

GLN 180 –2.3  –1.2 –4.4   

GLY 181   –1.1    

SER 198    –1.8   

TRP 199 –1.9  –2.7 –4.3 –4.1 –1.4 

GLY 200 –1.2   –1.1   

SER 201 –3.9  –1.3    

ASP 202 –1.7      
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Table 3: Residue-wise decomposition of the binding energy (<–1 and >1 kcal mol–1) from 

WaterSwap calculations. Green labels indicate residues from the 90 loop region, blue 

represents the S3 site residues, red represents S1site residues and catalytic triad is indicated in 

purple. 

 Complex A Complex B 

Residue Run 1 Run 2 Run 3 Run 1 Run 2 Run 3 

ASP 2 1.5      

LYS 3 –3.7     –1.1 

HID 44  –1.7     

LYS 46  1.3     

LYS 47 –2.2   5.6   

SER 82  6.9     

ASP 84  –4.7    –1.7 

VAL 85    –2.9  –2.1 

GLU 86  –4.2    –2.0 

ASP 87  –1.2 1.8    

HIE 88     2.7 –2.9 

ASP 91  4.1 2.0 1.6  2.8 

GLN 162   9.6  –3.7 –1.1 

ASP 177 1.5     1.3 

CYS 179 –1.4      

GLN 180 –1.3  1.7 –5.7   

GLY 181    –1.5   

ASP 182 3.3 1.5 1.1 1.9  1.5 

SER 183    –3.0   

SER 198    –3.3   

TRP 199 15.2  –4.0 –3.0 –4.0 –2.4 

GLY 200    –1.1   

SER 201 –3.0  –3.5 1.7   

ASP 202 –3.5  1.1 –1.3 7.0  

ARG 206 2.4     –1.1 

ASP 208 –1.8      

LYS 209 3.4      
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