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ABSTRACT 

Pneumonia is the highest cause of death in the world. The presence of COVID-19 can worsen the patient's condition. 

One of the causes of pneumonia is Klebsiella pneumoniae. These bacteria can be resistant to antibiotics. In this case, an 

alternative treatment is needed. Caesalpinia sappan, based on pre-clinical trials, has an activity to be used as an 

antimicrobial. The activity predictions, molecular docking, and molecular dynamics simulations were performed using 

computational methods. The log P values were found in the range of 0.86-2.26. The molecular weights were in the range 

of 272.25-344.36 g/mol. All active compounds qualify with the Lipinski rule of 5. The lowest binding affinity value is 

-9.8 (kcal/mol), suggesting it can bind more strongly to the lipid from Klebsiella pneumoniae. Structure alert was

obtained, namely catechol and aldehyde. The results of molecular dynamics of compound 7 in Klebsiella pneumonia

protein got an eigenvalue of 5.186e-05. The active compound from Caesalpinia sappan is predicted to develop as a

lipid inhibitor from Klebsiella pneumoniae. It has interaction such as Compound 7 has one hydrogen bond in the amino

acid Trp46, one π-cation in Arg80, and one π-Sulfur bond in Met156.
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1. INTRODUCTION

Pneumonia is the leading cause of death worldwide,

especially in the age group, infants and children. This 

number of deaths globally exceeds the deaths of malaria, 

tuberculosis, and HIV infection combined. Pneumonia 

can be caused by bacteria, viruses, and mycoplasma [1]. 

Klebsiella pneumoniae bacteria are capable of infecting 

and exacerbating patients with COVID-19 disease [2].  

These bacteria have become resistant to antibiotics 

[3]. Being a hospital-associated pathogen, Klebsiella is 

constantly exposed to many antibiotics that cause 

mutations [4]. The mechanism of polymyxin resistance 

in Klebsiella pneumoniae is a modification of the target 

by changing the lipopolysaccharide structure on the 

chromosome, thereby interfering with the binding of 

polymyxin to Lipid A (lpxM and its regulator ramA) [5]. 

The essential lipids in Klebsiella pneumoniae are 

enzymes that are stored in most gram-negative bacteria. 

It is a new antibiotic target. Where the target of the 

sulfonyl piperazine compound is LpxH [6]. Research on 

lipids is still new and becomes a challenge for future 

research. 

Caesalpinia sappan has the potential as an 

antimicrobial [7]. Ethanol extract from this plant has the 

antibacterial potential [8]. Extracts from the bark of this 

plant can inhibit the growth of Klebsiella pneumoniae 

[9].  Caesalpinia sappan needs to be carried out 

molecular analysis with computational methods to 

predict how the potential of the active compound 

interacts with essential lipids from Klebsiella 

pneumoniae. 

Previous studies combining computational and 

experimental research have shown that Caesalpinia 

sappan has activity against Staphylococcus aureus [10]. 

The molecular docking technique uses the mechanism of 

putative phytochemicals to reveal their interactions and 

biological therapeutic capabilities in the target active site, 
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with precise quality modeling of biomolecules, 

Molecular Dynamics (MD) simulation reveals the 

dynamic behavior of biomolecules at the atomic level 

[11]. Natural compound analyzed for their effects are 

single compounds because they are more specific to the 

target protein [12]. This study analyzed the chemical, 

physical properties, interactions between the active 

compounds and proteins, and molecular dynamics.  

We discuss prediction with a computational 

approach. The use of computing in the field of research 

and development of new drugs can reduce the use of 

materials, reduce the use of experimental animals, and 

compare in vivo and in vitro tests. 

2. METHODS

2.1. Geometry Optimization and ADME 

Prediction 

The active compound Caesalpinia sappan [13] which 

will be used in this study, is codenamed 1-8. The 

molecular structure of the test compound was first drawn 

using Marvin Sketch. Then the geometry was optimized 

using Avogadro software by selecting Force Field 

MMFF94. ADME prediction using a web-based 

application such as pkCSM and SWISS ADME [14] [15]. 

2.2. Preparation of Macromolecules and ligands 

The target macromolecule used in the study was 

downloaded first on the website (www.rcsb.org). It is a 

receptor on Klebsiella pneumoniae (6pib) [6]. The crystal 

structure of the target macromolecule that was 

downloaded from the Protein Data Bank website was 

then prepared using MGLTools 1.5.6 software. This 

stage of preparation of target macromolecules is carried 

out by removing water molecules and natural ligands and 

adding hydrogen atoms and Kollman partial charges. 

Molecular Docking Using Autodock Vina software, by 

selecting 100 binding modes. 

2.3. Identification of Docking and Molecular 

Dynamic Simulation Results 

The results of the molecular docking simulation using 

autodock vina were selected from the minimum bond free 

energy, then analyzed for each residue involved, and 

analyzed the molecular interactions formed between 

macromolecules and the molecules of the test compound. 

Amino acid residues that play a role in the molecular 

interactions formed were analyzed for the type of bond 

using BIOVIA Discovery Studio 2020. Molecular 

dynamic studies were carried out to analyze 

Deformability, B-Factor, Eigenvalue, and Variance 

between ligands and proteins. The software used to 

analyze molecular dynamics is iMODS. 

3. RESULTS AND DISCUSSION

Molecular weight analysis, log p, Lipinski, and 

structure alert were performed on the eight active 

compounds Caesalpinia sappan. The analysis results 

obtained eight (Table 1) compounds that met the Lipinski 

rule of five as well-absorbed drugs orally because they 

have molecular weight values <500 and Log P<5. The 

structural alert was acquired in the toxicity study, namely 

catechol and aldehyde in the active compound. Catechol 

groups have hepatotoxic characteristics and can create 

difficulties with aberrant liver function [16].  

Catechol has a high iron affinity because it has two 

oxygen donor atoms and delocalized electrons through 

the conjugated ring [17]. Besides catechol, there is also 

an aldehyde group. The aldehyde group has the property 

of being easy to react with biomolecules and change their 

function. The aldehyde group is also capable of causing 

Table 1. Analysis of Physicochemical Properties and Toxicity Prediction 

Compound 
Molecular 

Weight (g/mol) 
Log P Lipinski Structure alert 

1 344.36 2.26 Yes Catechol 

2 286.28 1.52 Yes Catechol 

3 272.25 1.64 Yes Catechol 

4 302.28 1.06 Yes Catechol dan Aldehid 

5 288.30 1.86 Yes Catechol 

6 316.31 0.86 Yes Catechol 

7 302.28 1.30 Yes Catechol 

8 286.28 2.17 Yes Catechol 
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oxidative stress and can turn into radicals [18]. This 

prediction is limited by looking at the toxic nature of the 

functional group of a compound. The toxicity test is 

much more accurate when using in vivo, in vitro, and 

clinical trials. These eight compounds have water 

solubility values in the range <-2 (Table 2), which are 

categorized as soluble in water [19]. All compounds can 

be absorbed on the P-glycoprotein substrate, which is a 

protein that functions as a pump to remove foreign 

objects from the cell. A compound has low skin 

permeability if log Kp > -2.5. All compounds were 

absorbed in the blood-brain barrier because they had a 

molecular weight of <400 and had hydrogen bonds <8. 

The lowest BBP-P value in compound 1 was influenced 

by the most significant molecular weight of 344.36 g/mol 

Compound 4 has the lowest CNS-P value, which is -

3.354.  

Drug distribution in the CNS-P depends on several 

factors such as cerebral blood flow, extracellular fluid, 

intracellular fluid, and pH [20]. From the predicted 

Metabolism, compound 6 is not metabolized to CYP1A2. 

CYP1A2 is abundant in the liver. Drugs metabolized to 

CYP1A2 include theophylline, caffeine, clozapine, 

olanzapine, tizanidine, duloxetine, and ramelteon [21].  

Compounds 1 and 8 are metabolized at CYP2C19. 

CYP2C19 plays a role in the Metabolism of drugs, such 

as antiepileptic drugs (S-mephenytoin and diazepam), 

proton pump inhibitors (omeprazole), amitriptyline, 

citalopram, and propranolol [22]. Compound 8 is 

metabolized at CYP3A4. Metabolism of CYP3A4 is 

associated with the activity of HIV protease inhibitors, 

calcium channel blockers (nifedipine), 

hydroxymethylglutaryl inhibitors, coenzyme A 

reductase, antineoplastic drugs (cyclophosphamide, 

ifosfamide, docetaxel, paclitaxel, doxorubicin, etoposide, 

teniposide), or vinca alkaloids.  

Metabolites include testosterone and aflatoxins [23]. 

Compound 7 is a compound that takes a long time to be  

     Table 2. Predictive value of absorption metabolism distribution and excretion (ADME) 

Compound 
Absorption Distribution Metabolism Excretion 

WS Pgs Skin-P BBB-P CNS-P CYP1A2 CYP2C19 CYP3A4 TC 

1 -3.847 Yes -2.776 -1.05 -3.072 Yes Yes No 0.166 

2 -3.346 Yes -2.735 -0.748 -2.421 Yes No No 0.212 

3 -3.239 Yes -2.754 -0.873 -2.351 Yes No No 0.511 

4 -3.571 Yes -2.735 -0.94 -3.354 Yes No No 0.519 

5 -3.334 Yes -2.736 -0.841 -2.318 Yes No No 0.494 

6 -2.749 Yes -3.669 -0.827 -3.027 No No No 0.154 

7 -3.141 Yes -2.741 -0.937 -3.251 Yes No No 0.078 

8 -3.019 Yes -2.895 -0.981 -2.498 Yes Yes Yes 0.129 

       Information: 

WS: Water Solubility (log mol/L) 

Pgs: P-glycoprotein substrate  

Skin-P: Skin Permeability (logKp) 

BBB-P: blood-brain barrier Permeability (log BB) 

CNS-P: Central Nervous System Permeability (log 

PS) 

TC: Total Cleareance (log ml/min/kg) 

     Table 3. Optimization of geometry and docking score.   

Compound Total Energy (kJ/mol) 
Docking Score 

(kkal/mol) 

1 451.076 -8.5

2 339.594 -8.1

3 361.128 -8.1

4 368.094 -7.3

5 432.081 -7.5

6 591.292 -7.3

7 317.349 -9.8

8 1977.63 -8.9
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Figure 1. Predicted Interaction between active compounds from Caesalpinia sappan on Essential Lipids 

Klebsiella pneumoniae 
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eliminated in the body because it has the lowest Total 

Clearance value. Geometry optimization is carried out to 

calculate electronic structures quickly and 

efficiently[24]. 

Geometry optimization (Table 3) in the context of 

electronic structure calculations to search for minimum 

energy structures and transition structures [25]. The 

selected Force Field is MMFF94. The purpose of 

geometry optimization is to obtain a stable compound 

conformation with the lowest energy. 

Molecular docking in this study using the Autodock 

Vina software.  The validation of the docking method is 

carried out to ensure that the docking method has an 

accurate geometric pose. The Redocking technique is the 

docking of native ligands to proteins. The RMSD 

recommendation value is 2.0 [26].  

The validation results obtained an RMSD value has 

0.3. The lowest binding affinity value is -9.8 (kcal/mol), 

where it can be predicted bind more strongly to the lipid 

from Klebsiella pneumoniae (Table 3). We also predict 

the type of bond between the active compound and the 

protein (Figure 1). In compound 1, there is one hydrogen 

bond in Asn79, three π-alkyl interactions in Val132, 

Met156, and Leu83. Hydrogen bonding has a profound 

impact on protein folding and structure [27]. Compound 

2 have Hydrogen bonds on Ser160 and Trp46, two van 

der Waals bonds in Met156 and Phe128, one π-Cation 

bond in Arg80, one π-Alkyl bond in Ala153. Compound 

3 have hydrogen bonds in Trp46, Arg157, Arg80. One 

interaction π-π T-shaped bond in Phe82, two π-Alkyl 

bonds in Val132, and Arg157, one π-Sulfur bond in 

Met156. π-sulfur bonds can form a barrier that prevents 

dopamine from binding further to the intracellular 

surface[28]. 

Compound 4 has one hydrogen bond, two π-π bonds 

Stacked on Phe128 and Tyr125. Compound 5 has three 

π-π stacked interactions in Phe128, Tyr125 and Gly124. 

 Atom Index     Atom Index 

a)                                             b) 

Figure 2. a) Deformability relationship with atomic index b) B-Factor relationship with atom index. 

  a)  b) 

Figure 3. a) Relationship of Eigen Value with Mode Index, b) Relationship between Variance and Mode Index. 
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Compound 6 has one hydrogen bond in Asp122. 

Compound 7 contains one hydrogen in Trp46, one bond 

π-cation in Arg80, one π-Sulfur bond in Met156. 

Compound 8 contains one hydrogen bond, one π-cation 

bond, one π-sulfur bond in Met156, one bond π-π 

stacked bond, and two bond π-alkyl bonds in Ala153 and 

Val132. Hydrogen-bonding can increase the receptor-

ligand interaction when the donor and acceptor are 

significantly more potent, or the H-bond ability is weaker 

than the hydrogen and oxygen atoms in water [29]. 

π-cation bonds are significant for the function and 

pharmacology of ion channels and membrane proteins. 

These bonds are mostly found on aromatic rings (Phe, 

Tyr, or Trp) or interacting ligands [30].  

Furthermore, compound 7 was analyzed by molecular 

dynamic simulation to see its deformability, B-Factor, 

Eigenvalue, Variance, and residue index. Deformability 

is a measure of the ability of a molecule to deform at each 

residue [31]. The index atom 240-250 tends to deform at 

the residue (Figure 2a). Normal Mode Analysis (NMA) 

is an approach to describe the collective functional 

movement of macromolecules. NMA consists of 

deformation vectors and frequencies, which describe 

atomic displacements and motion amplitudes [31].  

The B-factor indicates the exact position of the atoms. 

The atomic positions always form irregularities in the 

crystal form. The higher the B-factor value, the higher the 

mobility and flexibility of a crystal [32]. The highest B-

factor value (Figure 2b) is one at atomic index 160-170. 

The eigenvalue indicates the stiffness of motion of a 

protein. The eigenvalue is directly related to the energy 

required to change the shape of the protein structure. The 

lower the eigenvalue, the easier it is to change shape. The 

eigenvalue (Figure 3a) increases for each index mode. 

The Variance is inversely related to the eigenvalues. 

Colored bars show individual (red) and cumulative 

(green) variances, and an increase in the cumulative 

Variance (Figure 3b) of the index mode but a decrease in 

individual variants. 

The residual covariance matrix (Figure 4a) that 

undergoes correlated (red), uncorrelated (white), or anti-

correlated (blue) motions. The correlation matrix is 

calculated using the coordinates and the Cα Cartesian 

equation. Each point in the graph represents one spring 

between the corresponding pairs of atoms. The darker 

gray color (Figure 4b) indicates a stiffer atomic motion. 

4. CONCLUSION

The active compounds from Caesalpinia sappan can 

be candidates for drugs absorbed orally. The lowest free 

bond energy is obtained from the docking of compound 

7. The type of bond that interacts is from ligands and

proteins such as hydrogen bonds, π bonds, and Van der

Waals bonds. Deformability, B-Factor, Eigenvalue,

Variance, and residue index was analyzed molecular

dynamics. The data shows index atom 240-250 tends to

deform at the residue. The highest point on the B-Factor

is at the atomic index of 160-170. Based on prediction,

Caesalpinia sappan have the potential to be developed as

a lipid inhibitor for Klebsiella pneumoniae.
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