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Abstract: Bacteria resistance to antibacterial antibiotics is made possible by the 
production of beta-lactamase. Beta-lactamase enzyme confers resistance by breaking 
open the Beta-lactam structure of antibiotics, thereby deactivating their antibacterial 
properties. As a result of this, attention shifted into identifying potential lead inhibitor 
of beta-lactamase, with ability to reduce resistance encountered in bacteria antibiotics. 
The computational approach was employed in the generation of QSAR model using 
Automated QSAR, and in the docking of ligands from Chromolaena odorata with Beta-
lactamase. The best model obtained was KPLS_Dendritic_43 (R2 = 0.8564 and 
Q2=0.7819), and was used in predicting the bioactivity of the lead compounds. Docking 
study revealed that the ligands bind with a higher binding score than co-crystallized 
ligand and other standard drug employed in this study. Tianshic acid and chromomorate 
recorded binding energy of -9.305 and -7.989 respectively. The drug-like properties of 
the ligands were evaluated using the Lipinski rule of Five, which revealed that C. odorata 
ligands do not only inhibit the activity of beta-lactamase, but the ligands are also drug-
like. Therefore, further studies are needed to adequately justify the mechanism of action 
of these ligands as a beta-lactamase inhibitor.  
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INTRODUCTION 
 

The resistance of microorganism has been the primary 

cause of decrease in the efficacy of antibiotics in the 
treatment of infections [1, 2]. Beta-lactam antibiotics are 
broad class of antibiotics, consisting of a compound that 
contains a β-lactam ring in their structure. These include 
penicillin, cephalosporin, monobactam and carbapenems [3, 
4]. These antibiotics disrupt cell wall biosynthesis in the 
bacteria and are the most widely used group of medicines [5, 
6,]. Over the years, bacteria have developed resistance to the 
use of these potent antibiotics, either as a result of a 
mutation in their active site or physical removal of the 
antibiotics from their body [7, 8]. Beta-lactamases are 
enzymes found in antibiotics resistance bacteria, 
responsible for the degradation of β-lactam antibiotics 
conferring resistance observed in bacteria [9, 10, 11].  The 
inhibitors bind irreversibly to the catalytic site of β-
lactamase, to prevent hydrolysis of penicillins and other 
antibiotics compounds, which can enhance their efficacy as 
antibacterial agents [12, 13]. In recent years, the 
development of Beta-lactamase inhibitor as combination 
therapy with bacteria antibiotics was brought to light. Beta-
lactam antibiotics are among the most frequently prescribed 

antibiotics worldwide in the control of S. aureus infection 
[14, 15]. They act on peptidoglycan synthesis, 
transpeptidases and carboxypeptidases, thereby disrupting 
cell wall formation of the pathogen [16, 17]. However, the 
efficacy of antibiotics for therapy have suffered a setback, 
due to the predominant extracellular beta-lactamase 
enzyme synthesized after exposure of S. aureus to β-lactam 
antibiotics, which It deactivates the drug by cleaving the β-
lactam ring [18]. The hydrolytic ability of β-lactamase in 
conferring resistance on S. aureus largely depends on its 
location, kinetics, quantity Physiochemical conditions and 
interplay of determinants [19]. Beta-lactamase inhibitors 
were reported to greatly enhance the efficacy of their 
partner β-lactam antibiotics (amoxicillin, ampicillin, and 
ficercillin), in the treatment of severe Enterobacteriaceae 
and penicillin-resistant staphylococcal infections [20]. 
Although synthetic compounds are currently in the market 
as beta-lactamase inhibitor, however, Medicinal herbs 
contain hundreds to thousands of compounds with 
therapeutic purpose or which can be as precursors in the 
synthesis of useful compounds, which can be useful without 
significant side effects [21]. Reports have shown that 
medicinal herbs are made up of different structures, which 
makes them to be potent medicine [22]. Chromoleana 
odorata referred to as “Obu inenawa” by the Igbos and “ewe 
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Awolowo” by the “Yoruba’s” in Nigeria, is a ubiquitous weed 
which has attracted the interest of researchers [23, 24]. 
Recently, the weed was reported to be made up of 
flavonoids, glycosides and saponins which allows them to 
exhibit a wide range of pharmacological properties such as 
antidiabetic, antibacterial, anti-inflammatory, astringent, 
antifungal and antimalarial properties [25, 26, 27]. The 
extract of C. odorata possesses both bacteriostatic and 
bactericidal effect with broad-spectrum activity in 
combination with synthetic antibiotics, which was 
published in literature [28]. Though its antimicrobial and 
bacteriostatic effect is popularly known, yet the compounds 
responsible for this property, its molecular target and 
molecular mechanism has not been adequately explained. 
Given this, we employed the use of Automated Quantitative 
structural analysis relationship (AutoQSAR) and docking 
software to identify inhibitors of beta-lactamase from 
Chromolaena odorata phytochemicals.  
 

EXPERIMENTAL METHODOLOGY 

Generation and Preparation of Dataset: 
The experimental dataset containing Beta-lactamase 
inhibitors were retrieved from CHEMBL database online 
server (www.ebi.ac.uk/chembl/), by blasting the FASTA 
sequence of the Beta-lactamase with the online server 
(CHEMBL3639375). Bioactivities of 112 beta-lactamase 
Inhibitors were retrieved with their respective IC50. The 
inhibitors show expansive structural diversity and 
bioactivities, ranging from 8-5nM. The retrieved compounds 
were converted to sdf format using data-warrior package 
(v.2) [29] and were further exported to maestro interface for 
preparation. The ligprep tool [30] in Schrodinger helps in 
adding missing hydrogen atom, build and energetically 
minimize outputs, conversion to 3D structure and ionize 
stereoisomers at neutral pH of 7.0±2.0. The output of the 
prepared ligand was exported to Canvas cheminformatics 
package (v 3.5) [31], to filter duplicate structures. Canvas 
clusters the inhibitors based on their Tanimoto similarity 
between sets of Hashed linear binary fingerprint 
descriptors, to determine the structural diversity among the 
inhibitor, and to select representatives from each resulting 
cluster. In this experiment, 15 clusters were generated and 
representatives were selected from each cluster to give a 
dataset of 30 inhibitors with diverse structural activities 
that were employed in developing our QSAR model.  
 
AutoQSAR (Automated Quantitative Structural Analysis 
Relationship): 
QSAR model was developed from a dataset containing 30 
structural diverse inhibitors with the aid of AutoQSAR tool 
in maestro 11.5 [32, 33]. AutoQSAR automatically computes 
models from 497 molecular descriptors (physicochemical, 
topology), using canvas molecular descriptors and Binary 
fingerprints as an independent variable from which the 
models are built. This is based on a set of chemical structure 
and activity property of a compound known as the 
dependent variable [32, 34]. AutoQSAR has an embedded 
feature selection program, which is used to identify a 
smaller subset of descriptors and fingerprint used 
independently, either continuous or categorically with 
varieties of machine learning methods such as KPLS, PLS, 
MLS (Kernel based PLS, Partial least squares regression, 
Best subsets multiple linear regression). It is importance for 
the compounds to be properly curated before they are 

employed in the model generation, as AutoQSAR does not 
alter the structural properties of inputted ligands. The 
AutoQSAR workflow of the automation process in 
represented in Figure 1. 

 

Figure 1: The AutoQSAR workflow 

The fitness of the model generated is automatically 
calculated by AutoQSAR algorithm and ranked, based on the 
curated training and testing data [32]. In this study, the 
QSAR was generated using the traditional method option 
available on AutoQSAR panel, and the random training set 
was left at default which automatically divides the data 
randomly into training and test. The Number of models to 
keep was selected to be five, and the maximum number of 
correlations among the independent descriptor generated 
was set to 0.8. 

The squared correlation coefficient (R2), cross-
validation (Q2), standard deviation (SD) and root mean 
square error (RMSE) was automatically computed by 
AutoQSAR program for each model generated and top 5 
models were retained. The Top model was validated using 
internal validation (Y-Randomization) and external 
validation [35].  
 
Validation of AutoQSAR model  
The AutoQSAR model was validated using Y-Randomization. 
In Y-Randomization, the dependent variable (activity value) 
was mixed randomly to generate a scramble model [35, 36]. 
This method checks the descriptors used in the model 
generation, and to ensure the validity of the model. In this 
case, the value of Q2 and R2 generated from the scramble 
model should be lower than that of the original model, if the 
value is higher it means the model is built by chance 
correlation and not responsive to bioactivities of the 
compound [36]. External validation employs the use of our 
model to predict the activity of the test set in comparison 
with the experimental activities of the test set [35] 
 
Preparation of Protein-ligand Complex: 
The 3D structure of the protein, Bacteria (Beta-Lactamase) 
was retrieved from an online database 
(www.rcsb.org/pdb/home/home.do) with (PDB ID: 1BLC) 
[37]. The protein was in a complex with ligand Clavulanate 
(CEM), having a resolution of 2.2 Å. This structure was 
chosen due to its low resolution. The protein was imported 
to maestro 11.5 interface for the preparation procedure, this 
was carried out with the protein preparation wizard [38] 
where missing side chains, loops were filled with prime, 
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missing hydrogen, and bond orders were added. The protein 
was prepared at neutral pH of 7±2.0, and Het state was 
generated for the ligand at the active site of the protein 
during the protein preprocess. Unnecessary water molecule 
and interfering ligands were removed from the protein 
using the review and modify tab, followed by H-bond 
assignment using PROPKA at pH 7.0. The crystallized 
protein structure was optimized and minimized at RMSD 0.3 
Å with OPLS 3 force-field [39]. 
 
Preparation of Ligands: 
70 Characterized compounds of Chromolena odorata used in 
this study were retrieved from literature [40]. The two-
dimensional structure of the compounds was retrieved from 
the NCBI PubChem database 
(https://www.ncbi.nlm.nih.gov/pccompound) in sdf 
format. The ligand was imported into maestro 11.5 interface 
to be screened for hit compounds, where it was prepared 
with the Ligand preparation tool (ligprep) [30]. The ligand 
was prepared at a pH of 7±2.0 using an OPLS3 force field 
[39]. Desalt and generate tautomers were selected, and the 
stereoisomer was left to retain specific chirality and to 
generate at most thirty-two per ligand. 
 
Grid Coordinate of the Receptor: 
The interaction between ligands and protein occurs at the 
active site which is also known as the receptor. Areas around 
this region define the binding pocket in x, y, z coordinates. 
Embedded in Maestro 11.5 is a receptor generation tool, 
which was used to map out the receptor coordinate of the 
target protein in complex with its native ligand, in this case, 
Clavulanate (CEM:301). The receptor was centered at 4.59, -
7.18 and -13.1, which correspond to co-ordinate x, y z 
respectively at the binding site. 
 
Docking Experiment: 
The docking procedure employed in this experiment was 
carried out using Glide (Grid-based ligand docking with 
energetics) tool v7.5 on Schrodinger maestro (version 2018-
1) [40, 33]. The process involves the prediction of the 
binding pose, and scoring of the retrieved library of 
compounds with the grid coordinate of the prepared 
protein. The co-crystallized ligand and library of compounds 
were docked with a scaling factor of 0.80 and partial charge 
cutoff of 0.15 into the receptor grid, using the standard 
precision algorithm (SP) leaving the ligand sampling at 
flexible. Extra precision algorithm (XP) was performed on 
the glide SP docking protocol with ligand sampling at none 
(refine only) to further minimize false positive result. 
 
ADME/Tox Screening: 
The pharmacokinetic properties of the hit compounds were 
estimated using the Absorption, Distribution, Metabolism, 
Excretion, and Toxicity (ADMET). This was carried out using 
qikprop tool in maestro 11.5 [41]. 
 
Validation of Molecular Docking Result: 
The Accuracy of the docking experiment was validated by 
blasting the protein fasta sequence with CHEMBL database 
server (www.ebi.ac.uk/chembl/). Bioactivities of 112 
inhibitors of beta-lactamase with their respective IC50 and 
canonical smiles was downloaded. The bioactivities were 
sorted to remove compounds with missing or misplaced 
data. The remaining compounds were converted to their 
respective sdf format using data-warrior (v.5) [29] and 

exported to maestro 11.5 [33], while duplicate structures 
were removed using the project table and project operation 
tools resulting in 72 structures. The structures were 
prepared using the ligprep tool at a pH of 7±2.0, with OPLS3 
force field [39]. The resulting 3D structure of the compounds 
were docked into the receptor grid of beta-lactamase, using 
SP and XP algorithm. A correlation coefficient plot of the 
docked scores of 72 compounds and pchembl_value was 
plotted and the r2 spearman correlation was generated as 
shown in Figure 4. 
 
RESULT AND DISCUSSION: 
 
AutoQSAR program splits the curated dataset randomly into 
60% training set, and 40 % test set. The models are built on 
each training set from all possible combination of machine 
learning method, and sets of independent variables that are 
supported by each machine learning methods [42]. This 
generates a large pool of up to 400 models, where each 
model is applied to its test set and assigns a quality model 
score to each model based on its performance on the 
training and test set. Once the models have been scored by 
AutoQSAR program, it arranges them in decreasing other 
where we set the machine to retain top five models. 
 
AutoQSAR employs a scoring function to differentiate 
between good models from the bad ones, in what is called a 
model score. The computed model score is the overall 
accessibility of the quality of the model based on the 
inputted datasets. Models are scored based on the equation 
below: 
 
Score M = accuracytest [1.0 – (accuracytrain - accuracytest)] [43] 
 
Where accuracy is defined between intervals 0, 1. A perfect 

prediction is represented by 1 and incorrect prediction as 0. 

The equation accepts models that exhibit high accuracy with 

respect to the test and train and penalize inaccurate models 

[34].  

Table 1: Represents the Score, R2, Q2 of the best model 
generated by AutoQSAR 

Model Code Score R2 RMSE Q2 
KPLS_Dendritic_43 0.8114 0.8564 0.3081 0.7819 

 

The top model represented in Table 1 was selected, and it 

was employed in this study. The top model was computed 

from kernel based partial least square regression (KPLS), 

which supports the use of descriptors and fingerprints as 

independent variables, and a fingerprint (Dendritic_43). 

Dendritic fingerprint encodes linear and branched feature, 

where the structure is first decomposed into smaller 

fragments consisting of linear paths, and intersection of 

linear path with five bonds per path as maximum [34,44]. 

The model recorded an R2 of 0.8564, Q2 of 0.7819 and root 

mean square error (RMSE) of 0.3081. The experimental 

activities and predicted activities of training set and test set 

in negative logarithm of inhibitor concentration(pIC50) was 

represented in Table 2. The model code is generated from a 

combination of the machine learning method (MLM), in this 

case kernel based partial least square, and Fingerprint 

(Dendritic_43) used by AutoQSAR to generate the model. A 

plot of the model was also generated as shown in Figure 2. 
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Table 2: Experimental and predicted activity of the Training set and Test set 

S/N Compounds Observed pIC50 Predicted pIC50 Residual error Dataset 
 

1 

 

7.7700 7.5573 -0.2127 Train 

2  8.8000 7.9692 -0.8308 Train 

3  6.3200 6.5428 0.2228 Train 

4  8.7000  8.9116 0.2116 Train 

5  7.4100  7.2775 -0.1325 Train 

6  6.2800  6.7481 0.4681 Test 

7  8.1000  8.0349 -0.0651 Train 

8  7.7700  7.4803 -0.2897 Test 

9  7.7200  7.6021 -0.1179 Train 

10  7.2200  7.6462 0.4262 Test 

11 

 

8.1000 8.4207 0.3207 Train 

12 

 

8.0000  8.1205 0.1205 Test 

13 

 

8.0000  7.7310 -0.2690 Train 

14 

 

7.6200  7.6492 0.0292 Test 

15 

 

6.3900  6.8328 0.4428 Train 
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S/N Compounds Observed pIC50 Predicted pIC50 Residual error Dataset 
 

16 

 

7.1400  7.1571 0.0171 Train 

17 

 

5.8000  5.9547 0.1547 Train 

18 

 

7.9600  8.1913 0.2313 Test 

19 

 

7.4800  7.2747 -0.2053 Train 

20 

 

7.9600  8.0805 0.1205 Train 

21 

 

6.4500  6.2435 -0.2065 Train 

22 

 

7.4000  7.8043 0.4043 Train 

23 

 

7.3900  7.2323 -0.1577 Train 

24 

 

6.0800  6.3468 0.2668 Train 

25 

 

7.8200  7.6657 -0.1543 Train 

26 

 

7.5500  7.6106 0.0606 Train 

27 

 

7.9200  8.4124 0.4924 Train 

28 

 

7.7700  7.5816 -0.1884 Test 

29 

 

7.9600  7.8874 -0.0726 Train 

30 

 

8.5200 8.120 -0.3995 Test 
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Table 3: The R2 and Q 2 values generated after 10 rounds of 

Y-randomization 

Iteration R2 Q2 

1 0.5901 0.4607 

2 0.2631 -0.3602 

3 0.5845 0.1698 

4 0.2780 0.2156 

5 0.2343 0.3137 

6 0.0070 -0.0296 

7 0.6739 -0.7297 

8 0.2101 -0.1119 

9 0.0095 -0.8014 

10 0.2636 -0.2441 

 

The AutoQSAR method was validated using Y-

Randomization method, to check if the models computed are 

not as a result of chance correlation. The pchembl_value 

(dependent variable) was mixed randomly among the 

curated dataset, and the result generated after several 

iterations were used to compute a model, which gives an R2 

and Q2 lower than the original model after 10 rounds of 

iterations. The result obtained from Y-randomization 

method of validating QSAR model is denoted in Table 3. The 

significant of a model can also be evaluated using the RMSE 

value, where a low RMSE value depicts the stability of a 

model in predicting the activities of unknown compounds. 

  

Figure 2: showing a plot of experimental (observed) and 

predicted activities of train and test with respect to 

KPLS_Dendritic 43 

The bioactivities of the lead compounds from C. odorata was 

predicted from the model, which was built from Kernel 

based partial least square regression (KPLS) and 

Dendritic_43 as descriptor after validation. This is to ensure 

that the model is fit enough to accurately predict external 

unknown compounds. The result obtained from the 

prediction of lead compounds is represented in Table 4a and 

Table 4b.

 
Table 4a: Predicted pIC50 of lead compounds using best model 
 

S. N. Compound Structure Compound’s Name Predicted pIc50 
 

1   
 
 

                    

 
Tianshic acid 

7.229 
 

2                                                                          
 

 
Chromomoric acid 

7.229 
 

3                                                             
 
 
                     

 
Syringaresinol 

 

7.867 
 

4      
 
 
                    
 

 
Medioresinol 

8.038 
 

5  
 
 
         
                     
 

 
Lycopsamine 

7.439 
 

 
Docking Analysis and Interaction Profile 
 
Over the years, computational chemistry has proven to be a 
useful tool in drug discovery, as a result of availability of 
crystallized stricture of proteins and structure of ligands. 
This has enabled researchers to study protein-ligand 

complex and the interactions involved in the stabilization of 
the complexes. The interaction between the lead compounds 
and the target protein was evaluated using molecular 
docking, which is able to predict the interactions involve in 
stabilization of ligand-receptor complexes [45]. The 
interactions are as a result of the formation of different 
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bonds (hydrogen bond, hydrophobic interactions, pi-pi 
interaction) with the lead compounds, which assume a 
unique pose at the binding pocket [46]. The sum of the 
electrostatic interaction and the conformation recorded 
with respect to each ligand is known as the docking score, 
which is expressed as negative energy in kcal/mol as 
represented in Table 4. In comparison with the binding 
emerging of some standard inhibitor of Beta-lactamase 
(Table 5), compounds of C. odorata recorded higher binding 
energy. Interestingly, the lead compounds from 
Chromolaena odorata displayed similar interaction with the 
co-crystallized ligand (clavulanic acid), in terms of hydrogen 
bond formation, hydrophobic interactions and salt bridge 
formation as represented in Figure 4. 
                  Tianshic acid recorded the highest binding with a 
binding score of -9.305kcal/mol, which is way higher than 
clavulanate which has a binding score of -5.545kcal/mol. 
This may be accounted for as a result of hydrogen bond and 
Salt Bridge formed with the active site residues. Stabilization 
of compounds by hydrogen and hydrophobic interaction has 
been reported by Patil and colleague [47], which is crucial to 
the binding and potency of compounds. Tianshic acid 
exhibited interaction with amino acid residues Ser70 and 
Ser130, similar to that of the co-crystallized ligand, with the 
formation of hydrogen bond from a proton transfer at C10 
and C14 of tianshic acid (Figure 3). Amino acid residues 
Ser130, Ser235, Thr236, and Gly237, have been previously 

reported to play an important role in the interaction of beta-
lactamase with an inhibitor, and Ser70 being a conserved 
amino acid at the active site [2, 48]. Other amino acid 
residues are involved in ligand interaction such as Lys73, 
Asn132, Glu166, Lys234, and Ala237 [49]. The bioactivity of 
chromomoric acid as nuclear factor-erythroid 2-related 
factor 2 (Nrf2) activator was reported by Heiss et al., which 
makes it an interesting compound [50]. Chromomoric acid 
has a binding affinity of -7.989, which is higher than 
clavulanic acid. Chromomorate recorded similar interaction 
with Tianshic acid, it interacted with Lys234 and Asn214 
forming a salt bridge with Lys234. The interaction was 
coupled with the donation of a proton in chromomorate, and 
the formation of hydrogen bond by receiving a proton from 
Asn214 residue. Syringaresinol and Medioresinol recorded 
a binding affinity of -6.645 and -6.121, higher than 
clavulanate. Medioresinol formed a hydrogen bond with 
Lys234 and ser130, being the proton recipient at the binding 
pocket of beta-lactamase. Syringaresinol was stabilized at 
the active site by hydrogen bond with Asn132, and Lys234 
on C25. Lycopsamine is a pyrrolizine alkaloid, which has 
been reported to be an important precursor of different 
bioactive compounds in plant and its usage as food 
supplement [51, 52]. Lycopsamine recorded a binding 
energy of -5.215, interacting with Tyr105 residue at N6 by 
forming a pi-cation, also with C23 by donating a proton to 
form hydrogen bond and pi-pi stacking respectively. 

 
Table 4b: Showing the docking result and pharmacological properties obtained from docking experiment. 
 

S/N Entry Name Glide 
Gscore 

(Kcal/mol) 

Dock score 
(Kcal/mol) 

ROF 
Violation 

HOA MW QlogKhsa QlogBB 

1 Tianshic acid 
 

-9.309 
 

-9.305 
 

0 1 330.464 
 

-0.46 
 

-2.535 
 

2 Chromomoric acid 
 

-7.993 
 

-7.989 
 

0 2 308.417 
 

0.065 
 

-1.777 
 

3 Syringaresinol 
 

-6.645 
 

-6.645 
 

0 1 
 

418.443 
 

0.194 
 

-0.666 
 

4 Medioresinol 
 

-6.121 
 

-6.121 
 

0 3 388.416 
 

0.181 
 

-0.506 
 

5 Lycopsamine 
 

-5.215 
 

-5.196 
 

0 3 299.366 
 

-0.32 
 

-0.69 
 

6 Clavulanate  
(co-crystallized) 

-5.579 
 

-5.545 
 

0 2 201.179 
 

-1.282 
 

-2.208 
 

ROF Violation: Rule of Five Violation. The rules are Mol. MW < 500, QPlogPo/w < 5, donorHB ≤ 5, accptHB ≤ 10. Maximum is 

4; HOA: Human Oral Absorption. 1, 2, or 3 for low, medium, or high.  M.W: Molecular Weight of compounds. The normal 

ranges 130.0 to 725.0. QlogKhsa: Prediction of binding to human serum albumin. The normal range between -1.5 to 1.5; 

QlogBB: Prediction of blood-brain barrier penetration. The normal range between -3.0 to 1. 

 
ADME and Lipinski Rule of Five: 
 
The pharmacokinetic properties of compounds can be 
studied using the absorption, distribution, metabolism, and 
elimination (ADME). ADME explicitly describe the drug-like 
possibility of a compound in terms of its efficacy, its ability 
to reach target protein without any possibility of side effects, 
and its elimination from the human system [53]. The drug-
likeness was evaluated using Lipinski rule of five. The 
criteria include: molecular weight that is less than 500Da 

(<500Da), hydrogen bond donors that is less or equal to 5 
(≤5), hydrogen bond acceptors that is less or equal to (≤10) 
and octanol-water partition coefficient (logP) that is less 
than 5 (<5) [54]. The lead compounds of C. odorata 
displayed an agreement with the Lipinski rule of five, which 
qualifies them to be considered drug-like. Other parameters 
such QlogKhsa that predict the ability of the compounds to 
bind to serum protein, Human oral absorption (HOA) and 
QlogBB (brain barrier penetration) were evaluated for the 
inhibitors.
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                               Chromomoric acid                                                                  Lycopsamine 
 

          
                                Syringaresinol                                                                            Tianshic acid  

 
                         Medioresinol                                                                               Clavulanic acid 

 

Figure 3: 2D- diagram indicating the interaction of inhibitors with the amino acid residues of Beta lactamase 
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Table 5: Showing the docking result of standard beta-lactam inhibitors 
 

S/N Entry Name Glide 
Gscore 

(Kcal/mol) 

Dock score 
(Kcal/mol) 

ROF 
Violation 

HOA MW QlogKhsa QlogBB 

1 Avibactam 
 

-3.462 
 

-3.462 
 

0 2 265.24 
 

-1.347 
 

-1.991 
 

2 Tazobactam 
 

-3.333 
 

-3.333 
 

0 2 300.289 -1.601 -1.47 

3 Sulbactam 
 

-2.398 
 

-2.398 
 

0 2 233.239 -1.388 -1.023 

 
Figure 4: Showing a correlation graph between the experimental pchembl_value and their corresponding docked scores. 
Strong correlation of 0.8043 was observed, which shows that docking analysis can reproduce the experimental bioactivities 
of the inhibitors. 
 
 
CONCLUSION 
 
In this study, computational tools were employed in 
exploring compounds from natural product as potent 
inhibitors against beta-lactamase. This study showed that 
compounds from C. odorata exhibited better binding affinity, 
ADME profile when compared to standard drugs avibactam, 
tazobactam and sulbactam using Glide and AutoQSAR 
model. This study suggests that both QSAR prediction and 
molecular docking is reliable in the discovery of novel drug. 
These compounds may be used in tackling resistance 
recorded in the use of beta-lactam antibiotics. The 
development of new resistant strains of beta-lactamases has 
been the major fallout of previous inhibitors as a result of 
their inability to inhibit the catalytic ability of the enzyme, 
when using in conjunction with beta-lactam antibiotics. This 
necessitates the development of new compounds with 
inhibitory activities from natural sources. Furthermore, 
these hit compounds should undergo atomistic simulation, 
in-vitro and or in-vivo testing, validating them as potent anti-
bacterial drugs. 
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