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       In this study, computational approaches were invested on a thiazole derivatives as biofilm inhibitor agents. CoMFA and CoMSIA models 

constructed presented a significant predictive capacity, including Q² values of 0.538 and 0.593 and R² values of 0.925 and 0.905 and R²pred 

values of 0.867 and 0.913, and ESS values of 0.185 and 0.208, respectively. The predictability check was performed by external validation, 

which shows that the CoMSIA model strongly explains the inhibitory activity against biofilms. The information generated by the CoMSIA 

model has guided us to propose some candidates as a potent biofilm inhibitor. The mode of interaction was examined by molecular docking 

on a protein-binding pocket (ID: 2XF). The results obtained highlight the key amino acids involved in the ligand/protein interaction and show 

that the complexes bound to the designed compounds showed the best conformations in the binding site. An ADMET study was carried out 

on the various compounds proposed to ensure their pharmacokinetics and bioavailability in the body. The binding stability of the most active 

compound N°22, the lowest active compound N°8, and the newly designed compound Pred01 was assessed by molecular dynamics 

simulations accompanied by the calculation of the binding free energy according to a simulation trajectory of 100 ns. Furthermore, the energy 

profiles of these selected compounds were described by DFT analysis. Finally, these findings could lead to the discovery of new, more 

effective thiazole-based antibiofilm inhibitors. 
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INTRODUCTION 
 

According to the National Institutes of Health (NIH), 

Biofilms contribute 65-80% of the total microbiological 

infections and 80-90% of chronic infections [1-3]. In 

addition, statistics indicate that drug-resistant diseases kill 

approximately 25,000 life in Europe and 23,000 lives in the 

United States annually, with the proportion significantly 

higher in developing countries [4,5]. These statistics make 

biofilm a serious health problem for the world. 

The bacterial biofilms are known to be complex 

structured   aggregates  of   microbes  on  an  inert  or  living  
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surface such as body surfaces, medical devices, and plants [6-

8]. Microorganisms that grow in a biofilm resist adaptively 

antibiotics stronger than the same bacteria due to numerous 

phenotypic mechanisms. Where, bacterial cells in a biofilm 

are covered by the matrix, which prevents antibiotics           

from penetrating, and the deeper layers bear metabolic 

inactivation, resulting in the creation of persistent inactive 

cells that are naturally difficult to treat [9,10]. Hence, the 

formation of microbial biofilms is among the main reasons 

for the failure of antibiotic therapy [11,12]. The effect of 

biofilm formation on drug resistance highlights the 

importance of developing novel inhibitory agents capable of 

preventing biofilm formation and thus avoiding drug-

resistant infections [13], especially with recent events such as 

COVID-19 [14], where  antibiotics  have  become  overused  
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and thus an increase in Antibiotic resistance.  Despite 

numerous efforts in recent years to finding of several 

compounds as antibiofilm agents, no compound has been 

approved for clinical use at present [15]. 

This current research was devoted to establishing a 

quantitative structure-activity relationship (QSAR) of 

thiazole derivative compounds as biofilm inhibitors, in order 

to further establish new biofilm inhibitor compounds based 

on thiazole derivatives. Although QSAR develops models for 

the prediction of new potent compounds [16,17]. The 

companionship of 3D QSAR by molecular docking methods 

and molecular dynamics simulations is the most powerful 

and recognized approach to design new powerful compounds 

in the field of computer-aided drug design [18]. On the one 

hand, the molecular docking technique estimates the binding 

mode and mechanism of a ligand in the target active site of a 

protein [19,20]. On the other hand, the molecular dynamics 

simulations guides to evaluate the ligand stability in the 

binding site, and also to estimate the binding free energy 

using the MM-PBSA approach [21,22]. The model 

developed led us to develop eleven compounds with higher 

inhibitory activity than the most active molecule in the data 

set compound N°22. Our work was reinforced by an 

ADME/toxicity study to predict the bioavailability of these 

proposed compounds compared to compound N°22. The 

energy profile of the compounds and their reactivity was 

studied using the DFT study. Finally, all these results can 

build a solid and interesting path for the design of new 

biofilm inhibitors. 

 
MATERIALS AND RESEARCH METHOD 
 

Dataset Preparation 
In this research, a dataset including 27 thiazole-derived 

compounds as antibiofilm agents against bacterial reference 

strains S. aureus (ATCC 25923) was collected for the 

generation of 3D-QSAR models [23]. The inhibitory 

concentration IC50 was transformed into pIC50 (-logIC50) for 

use as a dependent variable, the recorded IC50 values of the 

dataset vary between 4.312 M and 6.699 M. Four molecules 

(15%) from the datasets were randomly selected as a test set 

to assess the predictive ability of the constructed models, and 

the rest of the molecules (23 molecules, 85%) were 

considered as a training  set  to  generate  3D-QSAR models.  

 

 

The structure of all selected compounds and their reported 

activity values (pIC50) are listed in Table 1. 

      Dataset preparation and alignment procedure. The 

structures of all targeted compounds in the dataset were 

drawn using SYBYL-X 2.0 software. A Tripos force field 

with 0.05 kcal/(mol/Å) and  Powell's conjugate minimization 

algorithm with 1000 iterations were used as parameters to 

energetically minimize the geometry of all structures of 

thiazole derivatives [24]. The partial atomic charge was 

calculated by the method of Gasteiger Huckel, then it was 

added to the molecules to obtain stable molecular 

conformations [23,24]. The other program parameters 

SYBYL-X 2.0 have been adopted by default. The molecular 

alignment of the compounds was carried out by the method 

of distilling rigid alignment implanted in SYBYL-2.0, as is 

shown in Fig. 1. The most activity molecule N°22 was chosen 

as a template. 

      Molecular modeling by CoMFA and CoMSIA 

analysis. SYBYL-X 2.0 software was used to develop 3D-

QSAR models based on selected thiazole derivatives using 

the two most widely used methods, CoMFA and CoMSIA. 

CoMFA makes it possible to correlate the biological activity 

with the steric (S) and electrostatic (E) properties. The steric 

and electrostatic fields were estimated on a 3D grid with a 

spacing of 2.0 Å in three spatial directions for each of the 

alignments [25]. To count the energy of steric fields, an sp3 

carbon probe atom with a Lennard-Jones Coulomb radius of 

1.52 Å was taken and the electrostatic energy was calculated 

with a charge of +1 as probe [26]. The cutoff value for steric 

and electrostatic fields was maintained at 30.0 kcal mol-1. The 

Lennard-Jones (1) and Coulomb (2) relations are calculated 

according to the following: 

 
      E୴ୢ୵ = ∑ (A୧r୧୨

ିଵଶ − C୨r୧୨
ି଺)୬

୧ୀଵ                                        (1) 

 

      Eେ = ∑
q୧q୨

Dr୧୨
൘

୬
୧ୀଵ                                                       (2) 

 

In the case of the CoMSIA method, it makes it possible to 

correlate the biological activity with the steric (S) and 

electrostatic (E), hydrophobic (H), hydrogen bond acceptor  

(A), and hydrogen bond donor (D) properties. The similarity 

is represented in terms of steric and electrostatic properties, 

the  values  of  the  other  standard  parameters  at  the probe 
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Table 1. Chemical Structures and Inhibitory Activities of the Compounds Studied 

 

 

N°  R1 R2 R3 
pIC50 exper 

(M) 

CoMFA 

pIC50 pred 
Res 

CoMSIA 

pIC50 pred 
Res 

Affinity 

(kcal mol-1) 

1 Train H CH2CH2NHBoc CH3 4.86 4.908 -0,048 4.865 -0.005 -7 .9 

2 Train OCH3 CH2CH2NHBoc H 5.149 5.101 0.048 5.083 0.066 -8.1 

3 Train Br CH2CH2NHBoc CH3 5.032 4.74 0.292 4.768 0.264 -8.1 

4 Train F CH2CH2NHBoc CH3 4.433 4.673 -0.24 4.707 -0.274 -8.1 

5 Train H CH2CH2NH2 H 5.328 5.362 -0.034 5.399 -0.071 -7.8 

6 Train H CH2CH2NH2 CH3 4.483 4.557 -0.074 4.523 -0.04 -7.2 

7 Train OCH3 CH2CH2NH2 H 4.633 4.358 0.275 4.451 0.182 -7.6 

8 Train OCH3 CH2CH2NH2 CH3 4.312 4.609 -0.297 4.635 -0.323 -7.3 

9 Train Br CH2CH2NH2 H 5.357 5.654 -0.297 5.696 -0.339 -7.9 

10 Train Br CH2CH2NH2 CH3 4.697 4.661 0.036 4.62 0.077 -7.2 

11 Train F CH2CH2NH2 H 5.824 5.894 -0.07 5.873 -0.049 -7.8 

12 Train F CH2CH2NH2 CH3 6.301 5.947 0.354 5.839 0.462 -7.2 

13 Train H CH3 CH2CH2Ome 5.125 5.15 -0.025 5.163 -0.038 -7.2 

14 Test OCH3 CH2CH2Ome H 4.73 5.648 -0.918 6.13 -1.4 -7.4 

15 Train OCH3 CH2CH2Ome CH3 5.921 5.979 -0.058 5.974 -0.053 -7.4 

16 Train OCH3 CH2CH2Ome CH2CH2Ome 5.102 5.065 0.037 5.059 0.043 -6.7 

17 Train Br CH2CH2Ome H 6.102 6.002 0.1 5.957 0.145 -7.9 

18 Train Br CH2CH2Ome CH3 6.022 6.098 -0.076 6.072 -0.05 -7.3 

19 Train Br CH2CH2Ome CH2CH2Ome 5.538 5.516 0.022 5.652 -0.114 -6.6 

20 Train Br CH3 CH2CH2Ome 5.602 5.593 0.009 5.606 -0.004 -7.0 

21 Test F CH2CH2Ome CH 4.86 5.931 -1.071 6.256 -1.396 -7.9 

22 Test F CH2CH2Ome CH3 6.699 4.716 1.983 5.131 1.568 -7.3 

23 Train F CH2CH2Ome CH2CH2Ome 4.545 4.539 0.006 4.444 0.101 -6.9 

24 Train F H CH2CH2Ome 4.863 4.853 0.01 4.922 -0.059 -7.8 

25 Test H Boc CH2CH2Ome 5.745 4.954 0.791 5.377 0.368 -7.4 

26 Train H H CH2CH2Ome 4.889 4.824 0.065 4.81 0.079 -7.8 

27 Train Br H CH2CH2Ome 4.883 4.917 -0.034 4.882 0.001 -7.7 

 
371 



 

 

 

Sbai et al./Phys. Chem. Res., Vol. 11, No. 2, 369-389, June 2023. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

with charge +1, radius 1 Å, +1.0 for the hydrophobic                    

descriptor fields, hydrogen bond donor and acceptor 

respectively [27,28]. The value of attenuation factor is set by 

default to 0.3 [29]. The CoMSIA analysis determines the 

similarity descriptors by means of a lattice grid. For a 

compound j with atoms I at the grid point q, the CoMSIA AF 

similarity index is determined by the following formula (3): 

 

𝐴ி,௄
௤

=  − ∑ 𝑤௣௥௢௕௘,௞𝑤௜௞𝑒ି௔௥೔೜
మ

௡
௜ୀଵ                                  (3) 

 

Wh ere wik is the real value of the physico-chemical property 

k of atom I; wprobe,k expresses the property of the probe atom 

with a predefined charge at +1, riq is the mutual distance 

between atom I of the compound and the probe atom at the 

grid point q. 

      PLS method. The PLS analysis method is one of the 

most popular methods to establish relationships explaining 

the pIC50 bioactivity as a dependent variable according to                 

the CoMFA and CoMSIA fields as independent variables 

[30,31]. PLS is a regression extension that applies a linear 

transformation of the descriptor space to detect new variables 

that are linear combinations of the original variables. The 

calculation of Q² and the optimal number of components 

(ONC) were performed by cross-validation (LOO) where the 

value of ONC was determined for the lower value of Q². The 

coefficient of cross validation Q² was calculated according to 

the following formulas (4): 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

      Qଶ = 1 −
∑(୷౟ି୷ᇲ

౟)²

∑(୷౟ି୷ౣ౛౗౤)²
                                                    (4) 

 

In addition, the statistical value of Fischer (F) and the 

standard error of estimate (SEE) were determined to further 

assess the stability of the established models. Generally, a 

high Q2 coefficient value in the training set implies a good 

internal validation, but this did not indicate the good 

predictive ability of the generated 3D-QSAR models, 

therefore to fill this gap, external validation was performed. 

In order to assess the predictive power of the models, the 

predictive correlation coefficient R²pred was estimated using 

the test set, using the formula[32]: 

 

𝑅௉௥௘ௗ
ଶ =

(𝑆𝐷 − 𝑃𝑅𝐸𝑆𝑆)
𝑆𝐷ൗ                                             (5) 

 

To ensure better performance of the generated models, 

other statistical parameters were evaluated by following Eqs. 

(6)-(13): 

 

𝑟଴
ଶ = 1 −

∑(𝑦௜ − 𝑘 x ŷ௜)
ଶ

∑(𝑦௜ − ӯ௜)ଶ൘                            (6) 

 
(rଶ_r଴

ଶ)
rଶൗ < 0.1                                                           (7) 

 

𝑟′଴
ଶ = 1 −

∑(ŷ௜ − 𝑘′ x y௜)ଶ

∑(ŷ௜ − ŷ)ଶ൘                         (8) 

 

 
Fig. 1. Superposition structure aligned of the 27 studied compounds using compound N°22 as a template. 
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(rଶ_r′଴

ଶ)
rଶൗ  < 0.1                                                               (9) 

 

𝑘 =
∑(𝑦௜ _ŷ௜)

(ŷ௜)ଶ൘                                                         (10) 

 

 

r୫
ଶ = r²(1 + ඥ(rଶ − r଴

ଶ)                                                      (11) 

 

 

𝑘 =
∑(𝑦௜ _ŷ௜)

(𝑦௜)ଶ൘                                                             (12) 

 

𝛥𝑟௠
ଶ = |𝑟௠ 

ଶ _ 𝑟′௠
ଶ  |                                                                   (13) 

 

Where k and k′ are the slope of the predicted (y) values to 

those observed (ŷ) for the test set with zero intercepts and 

vice versa respectively, 0.85 < k < 1.15; 0.85 < k’ < 1.15. 

 

Docking Molecular Analysis 
AutoDock 1.5.6 software was used to operate the docking 

analysis. The docking protocol began with the preparation of 

the protein structure by extracting the co-crystallized 

reference ligand (PG4) and water molecules from the crystal 

structure [33]. Polar hydrogen atoms have been added, and 

the protein chain has been charged with Gasteiger charges. 

To prevent unnecessary conformational explosions, the 

number of rotary links was considered. The co-crystallized 

ligand was positioned in the centre of the grille, and then the 

grille parameters were generally assumed utilizing AutoGrid 

program, with the size set to 24 × 24 × 24 points and the 

spacing set to 0.75 Å. All through docking, the protein was 

maintained in a rigid state while the ligand was allowed to              

be incredibly flexible. Validation of the docking protocol 

adopted by estimating the value of RMSD between the pose 

of the referential co-crystallized ligand and the redocked co-

crystallized. 

 

MD Simulations and Calculate Binding Free Energy 
In order to run an MDsimulations for 100 ns, the 

GROMACS 2018 software package with 3OPLS as the force 

field was applied. The systems selected for MD were 

immersed in a single water model SPC  in a cubic box [34]. 

To  simulate   physiological   conditions,   the   system   was  

 

 

 

neutralized by adding 0.15 M Na+ and Cl-. The entire system 

was subjected to 50.000 energy minimization steps using the 

steepest descent integrator to release the internal strain 

energies of the entire system. Subsequently, NVT and NPT 

equilibration was carried out for 0.1 ns at 300 K and 1 bar of 

pressure. The Berendsen thermostat [35] and the Parrinello-

Rahman barostat were used to regulate the temperature             

and pressure of the system [36]. Long-distance Coulomb 

interactions have been regulated using the Ewald (PME) 

particle mesh technique [37]. 

The binding free energies (ΔGBind) of the screened 

complexes were estimated from molecular mechanics of                 

the Poisson-Boltzmann surface (MM-PBSA) using the 

g_mmpbsa package [38,39]. The MM-PBSA approach is one 

of the most widely used methods for calculating 

ligand/protein interaction energies. In general, the free 

energy of binding (GBind) of a complex in a solvent can be 

evaluated as follows: 

 
ΔG୆୧୬ୢ =  Gେ୭୫୮୪ୣ୶ −  (G୔୰୭୲ୣ୧୬ + G୪୧୥ୟ୬ୢ)                   (14) 

 

where  

The term " GComplex " refers to the protein-ligand complex's 

total free energy, and GProtein and GLigand are the total free 

energies of the protein and the ligand when they are separated 

from the solvent. 

 

Density Functional Theory Studies (DFT) 
This manuscript also presents a computational DFT 

study. Optimization of molecules was carried out with the 

basis set 6-311G of the Gaussian program and Gauss View 

for the visualizations [40], this base set is considered more 

powerful for organic compounds since it shows interesting 

results of electronic and geometric properties [41]. DFT is a 

quantum chemistry method, that was applied to investigate in 

detail the structural aspects and energy states of each ligand 

atom. To achieve this goal, the energy of highest occupied 

molecular orbital (EHOMO), energy of lowest unoccupied 

molecular orbital (ELUMO) and molecular electrostatic 

potential (MESP) were calculated using B3LYP (Lee-Yang-

Parr correlation functional theory). Other quantitative 

chemical parameters were derived from EHOMO and ELUMO 

were calculated according to the following formulas (15)- 

(23). 
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      Ionization Potential (IP) =  −𝐸ுைெை                            (15) 

     Chemical Softness (𝑆) =  1/𝜂                                    (16) 

      Electron Affinity (𝐸𝐴) =  −𝐸௅௎ெை                            (17) 

      Electrophilicity Index(𝜔) =  µଶ/2𝜂                          (18) 

     Electronegativity (𝜒) =  
(𝐼𝑃 + 𝐸𝐴)

2ൗ                       (19) 

      Energy Change(𝛥𝐸) =  −µଶ/2𝜂                                (20) 

     Chemical Potential (µ) =  −χ                                     (21) 

     Maximal Charge Acceptance (𝛥𝑁௠௔௫)  − µ/ƞ           (22) 

     Chemical Hardness (𝜂) =  
(𝐼𝑃 − 𝐸𝐴)

2ൗ                      (23) 

 

ADME/Toxicity Analysis 
      The compound is a good drug candidate if it verifies                  

the ADME/toxicity properties (absorption, distribution, 

metabolism, excretion, and toxicity), but the problem is that 

if the determination of these properties in vitro takes the 

enormous cost and time [42]. In the present work, in silico, 

ADME/toxicity was calculated using the online server 

pkCSM (http://bleoberis.bioc.cam.ac.uk/pkcsm/) [43,44]. 

 

RESULTS AND ANALYSI 
 
Statistical 3D-QSAR Results 

In this study, we have generated a CoMFA and 31 

CoMSIA models with different possible combinations of 

steric (S), electrostatic (E), hydrophobic (H), and hydrogen 

binding donor/acceptor (D/A) fields (Fig. 2). The dependence  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

on the five descriptors of CoMSIA could decrease the 

significance of the model [45]. Figure 2 represents the result 

of all models generated with values of Q² and R². Twelve 

models showed Q² values greater than 0.5 while the other 

models had weak correlation. Consequently, These twelve 

models were chosen like the best. 

Table 2 gathers the twelve best selected 

CoMFA/CoMSIA models and their statistical indicators. The 

CoMFA model explains the activity with contributions of 

steric fields of 56.6% and electrostatic fields of 43.4%. 

Among all the CoMSIA models generated, the best CoMSIA 

model explains the studied activity in terms of steric, and 

hydrophobic fields with contributions of 12.2 and 11.4% 

respectively. The statistical values of the optimal number of 

components (ONC), Q2, R2, and SEE, were 2, 0.538, 0.925, 

and 0.185 and 1, 0.593, 0.905, and 0.208 for the model 

CoMFA and CoMSIA, respectively. 

It should be noted that the CoMSIA model showed the 

highest R²pred coefficient value than all the other models built 

and also higher than the CoMFA model itself. In this way, 

the CoMSIA model has higher predictive power than the 

CoMFA model. To further assess the predictive quality of 

models selected from structurally similar compounds, some 

statistical metrics were calculated on molecules of the test set 

[46]. The statistical results of the additional external 

validation of the selected CoMFA and CoMSIA models          

are listed in Table 3. The statistical criteria  of  Tropsha  and  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Fig. 2. Results of the 31 possible combinations of CoMSIA models and the CoMFA model according to  

                               their Q2 and R² values. 
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Golbraikh were respected by all the generated models, also 

the Roy metrics Δr²m and r²m satisfied the requirements. The 

CoMSIA/SH model  gave a  higher  value of  R²pred  than the  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

CoMSIA model (0.913 > 0.867), which confirms once again 

that the productivity of CoMSIA model is better than that of 

CoMFA model. 

Table 2. Statistical Results of CoMSIA Models with Different Combinations of Molecular Fields 

 

Models R2 Q2 SEE F ONC R²pred 
Contribution fractions 

S E H D A 

CoMFA 0.925 0.538 0 .185 32.802 1 0.867 0.566 0.434    

S 0.891 0.519 0.223 21.754 1 0.900 1     

H 0.908 0.537 0.204 26.419 2 0.251   1   

CoMSIA/SH 0.905 0.593 0.208 25.386 2 0.913 0.517  0.483   

CoMSIA/HD 0.884 0.523 0.23 20.265 1 0.339   0.553 0.447  

CoMSIA/HA 0.905 0.500 0.208 25.342 1 0.288   0.393  0.607 

CoMSIA/SHD 0.901 0.575 0.212 24.336 1 0.690 0.261  0.328 0.411  

CoMSIA/SHA 0.906 0.534 0.207 25.738 1 0.902 0.272  0.296  0.432 

CoMSIA/HDA 0.917 0.518 0.194 29.403 1 0.721   0.189 0.413 0.398 

CoMSIA/SEHD 0.913 0.526 0.199 28.061 1 0.802 0.193 0.295 0.187 0.325  

CoMSIA/SHDA 0.916 0.549 0.195 29.259 1 0.764 0.169  0.174 0.348 0.310 

CoMSIA/ SEHDA 0.917 0.506 0.194 29.523 1 0.819 0.087 0.171 0.140 0.353 0.250 

The greatest model is indicated in bold. 

 

 

     Table 3. The Result of the Statistical Parameters of External Validation of the CoMFA and CoMSIA (SH) Models 

 

Parameter Acceptable range 
3D-QSAR 

CoMFA CoMSIA/SH 

r0
2 >0.5 0,973 0,562 

r0'2 >0.5 0,779 0,998 

R² >0.6 0,867 0,913 

k 0,85 < k < 1.15 1,015 0,945 

(R² - R²0) /R²  <0.1 -0,122 0,084 

k’ 0,85 < k’< 1.15 0,933 1,006 

(R² - R’²0)/R² <0.1 0,102 -0,093 

rm
2  >0.5 0,585 0,572 

rm'2  >0.5 0,609 0,647 

𝑟̅m
2 >0.5 0,597 0,502 

Δrm² <0.2 0,024 0,175 

Δr0² < 0.3 0,195 -0,436 
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Graphical Interpretation of 3D QSAR Models 

Contour maps for the selected models CoMFA and 
CoMSIA/SH were generated on the most active molecule 
(N°22). The maps of steric and hydrophobic contours of 

CoMSIA are presented in Fig. 4a. In the steric map, the green 
and yellow outlines indicate regions favorable and 
unfavorable for biological activity for bulky substitution, 
respectively. Two green sectors near the R2 and R3 
substitution implied that bulky groups in these positions 
could be decreased the activity. In particular, the contour near 

R2 is widely open to accommodate larger groups, that’s why 
compound N°20 (R2 = Methyl) with larger groups at this 
position is more active than compound N°27 (R2 = H). The 
yellow outline near the substituted methoxy group R2 

indicated that large groups at this position could decrease 
activity. Another yellow outline at the terminal end of the R2 

substitution shows that prolonged groups are 
disadvantageous there. 

The CoMFA electrostatic contour map is shown in             
Fig. 4b. The red outlines imply regions favorable to electron 
donor substitution while the blue outlines indicate regions 
favorable to acceptor electron substitutions. Three principles 

blue sectors are located near position 7 of the indole group, 
near oxygen atom of substituent R2 and on the terminal end 
of substitution, R3 indicated that electron-rich groups at these 
positions may decrease activity. Two small red outlines              
near the R1 substitution and R1 substitution mean that 
electronegative atoms at these positions can increase activity. 

On the CoMSIA model steric map, the green and yellow 
contours show the regions favorable and unfavorable to the 
biological activity for the bulky substitution, respectively. 
Two green contours are similar to those of the CoMSIA 
model contour map. The yellow outlines are localized on the 
R2 substitution and near the nitrogen atom of indole groups 

which indicates small groups at these positions could 
enhance the activity Fig. 5a. 
      In the CoMSIA hydrophobic contour map as shown in 
Fig. 5b. The yellow and gray outlines represent the favorable 
regions for the hydrophobic group and hydrophilic group 
respectively. Two gray outline groups around the R2 

substitution and R3 substitution indicate hydrophilic groups 
in those positions might have increased activity. In addition, 
two other gray areas around the R1 substitution also show the 
need for the hydrophilic groups at this position to enhance 
activity.   

 

 
Fig. 4. Contour map of CoMFA analysis (a) Steric (b)  

           electrostatic with  a  grid  spacing  of  2.0 Å in  

                     combination with compound N°22. 

 

       

 
Fig. 5. Contour  map of CoMSIA/SH analysis (a) Steric and  

           (c) hydrophobic (d) hydrogen bonding  donor  with a  

           grid spacing of 2.0 Å in combination with compound   

            N°22. 
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Design newly Compounds 
CoMFA and CoMSIA analysis was performed on 

thiazole derivatives for their antibiofilm activity. According 

to the results of the model validations, the CoMSIA model 

showed stronger predictive power than of CoMFA model, 

that is why we are based on the CoMSIA model and the 

analysis of its contour map to identify the target sites for 

improved inhibitory activity (pIC50). The presence of large 

electropositive and hydrophobic groups attached to the 

pyrido-carboxamide ring and large electronegative groups to 

the pyrazole could make the compound a more potent 

inhibitor. Based on our results, we designed eleven 

compounds with predicted activities that were within the 

range of the most active compound. The structure and values 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

of predicted activities (pIC50(pred)) of newly designed 

compounds using selected model are shown in Table 4. The 

new compounds showed similar and encouraging synthetic 

accessibility values. 

 

ADME/toxicity Prediction and Analysis 
The ADME/toxicity in silico properties of eleven newly 

designed compounds was estimated. The absorbance values 

of all the compounds are very high and much higher than 

30% which indicates the strong absorption of these 

compounds[46]. Broadcast Volume (VDss) represents the 

drug dilution space, it was greater than 0.45, so it is 

considered high, except for compound Pred08 where it was 

low Table 5. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

    Table 4. Predicted Activities and Affinity for the Eleven Compounds Newly Designed and the Compound most Active 

 

Comp. Structure CoMSIA pIC50 (pred) 
Affinity 

(kcal mol-1) 

Synthetic 

asseccibility 

Pred01 

 

7.076 -8.0 3.73 

Pred02 

 

6,817 -8.5 3.68 

Pred03 

 

6.813 -8.7 3.93 

Pred04 

 

6.792 -8.3 3.62 
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    Table 4. Continued 

 

Pred05 

 

   6.764           -7.9    3.71 

Pred06 

 

6.723 -8.2 3.73 

Pred07 

 

6.683 -7.8 3.47 

Pred08 

 

6.638 -8.2 3.76 

Pred09 

 

6.589 -8.0 3.66 

Pred10 

 

6.573 -8.5 3.77 

Pred11 

 

6.481 -8.3 3.84 

N°22 - 5.131 -7.3 3.47 
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The toxicity criterion of new candidates is a highly 

curative factor. In this work, the AMES test showed that 

almost all the compounds were non-mutagenic and non-

carcinogenic. Furthermore, the acute toxicity (LD50) of the 

new compounds reached from 2.321 to 3.154 mol kg-1, while 

the chronic toxicity (LOAEL) of the compounds was close 

(0.3 to 0.895 mg/kg body weight/day). Generally, all 

candidate compounds show no skin sensitization Table 6. 

 
Docking Molecular Results 

To   investigate    how   compounds  bind  to  the   target  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

receptor, we performed molecular docking to determine the 

appropriate conformation in the binding site, also to identify 

therapeutic residues involved in the ligand/receptor 

interaction. The autock vina program was used to generate 

nine conformations, among these conformations the best 

conformation was chosen, the one that shows low binding 

energy. 

Table 1 represents the affinity value of all the compounds 

in the data set. Generally, the affinity values range between               

-6.6 kcal mol-1 and -8.1 kcal mol-1, where compounds N°2, 

N°3,  and  N°4  had  a  higher  affinity  towards  the  protein  

Table 5. ADME Properties of Newly Designed Compounds Based on the CoMSA/SH Model 

 

Comp. N° 

Absorption Distribution Metabolism Excretion 

Water 

Solubility 

Intestinal 

absorption 

(Human) 

Skin 

Permeability 

VDss 

(Human) 

BBB 

Permeability 

CYP2D

6 

CYP3

A4 

CYP1

A2 

CYP2D

6 

CYP3A

4 
Total 

clearance 

Substrate  Inhibitor 

logM % logKp logL/kg logBB Yes/No Yes/No Yes/No Yes/No Yes/No 
log 

ml/min/kg 

Pred01 -5.152 93.883 -2.726 1.015 -2.726 No Yes No No Yes 0.339 

Pred02 -4.576 93.674 -2.728 0.944 -1.524 No Yes No No Yes 0.076 

Pred03 -4.566 92.438 -2.73 0.976 0.338 No Yes No No Yes -0.054 

Pred04 -5.05 94.399 -2.724 1.01 0.189 No Yes No No Yes 0.365 

Pred05 -3.842 100 -2.736 0.66 -1.691 No Yes No No Yes 0.253 

Pred06 -5.032 95.582 -2.728 0.797 -1.305 No Yes No No Yes 0.33 

Pred07 -4.492 95.282 -2.728 0.659 0.350 No Yes No No Yes 0.359 

Pred08 -3.267 92.787 -2.736 -0.062 -2.601 No No No No No 0.167 

Pred09 3.872 100 -2.737 0.727 -1.49 No Yes No No Yes 0.113 

Pred10 -4.402 100 -2.734 0.742 -1.825 No Yes No No Yes 0.254 

Pred11 -5.106 94.042 -2.727 1.171 0.228 No Yes No No Yes 0.245 

N22 -4.08 98.415 -2.739 0.841 -0.368 No Yes Yes No Yes 0.477 
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binding site (8.1 kcal mol-1). Table 4 groups together the 

affinity of the proposed candidates where they showed 

affinity values which exceed 8.1 kcal mol-1, for example, the 

compound Pred03 with a value of 8.7 kcal mol-1. 

To better understand the interactions of compounds in the 

target protein binding site four systems were selected, the 

most active compound, the least active, the co-crystallized 

ligand, and the newly predicted pred01 compound. Figure 1 

illustrates the result of the 2D and 3D interactions of the 

compounds screened.  

Compound N°22 is delimited by a binding pocket 

consisting of residues Gln-93, His-132, Asp-151, Phe-154, 

Arg-160, Phe-163, and His-192. In addition, the compound 

N°22 forms certain hydrogen bonding interactions in the 

binding site between Gln-93 and the nitrogen atom of 

substituent R2 and between Arg-160 and fluorine at a distance 

of 2.38 and 5.53 Å, respectively. The interactions of N08 

compounds are formed with the residues Asp-60, His-61, 

Trp-86, Met-96, Phe-97, Asp-151, and Arg-160 as shown in 

Fig. 6. The specific hydrogen bond interactions are observed 

between Asp-60 and Asp-151 and the two hydrogens of 

nitrogen  atoms  of  substitute  R2  at a distance  of 3.88  and 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.69 Å, respectively. But it should be pointed out that the 

presence of unfavorable interaction of a hydrogen bond with 

the same hydrogen of nitrogen atoms and the His61 residue 

causes the low stability of this complex which justifies the 

low activity of this compound among the most compounds of 

the data set. In the case of the newly designed compound 

Pred01, the interactions displayed in the binding pocket are 

His-58, Trp-86, Ala-192, Met-96, Phe-97, Phe-154, Arg-160, 

Phe-163, Pro-164, and His-192. A hydrogen bond was 

marked between His-192 and the acetone group oxygen atom 

inserted at a distance of 2.60 Å. It should be noted that the 

residue His-192 was involved in the co-crystalline bonding 

reaction in the form of a hydrogen bond, along with the 

residue His-58. 

As validate our docking result, a re-docking technique 

was conducted to the referential ligand, superimposing the       

re-docked ligand (red) and the referential ligand (yellow). As 

appeared in Fig. 7, the two ligands are almost superimposed. 

Additionally, the low root mean square deviation (RMSD) 

between the reference ligand and the re-docked ligand was in 

the order of 1.218 Å, suggesting that this protocol is most 

suitable to recreate the ligand's natural  binding  mode in the 

Table 6. Toxicity Profile of Newly Designed Compounds Based on CoMSA/SH Model Selected 

 

Comp. 

N° 

AMES 

toxicity 

Max. 

tolerated 

dose 

(Human) 

hERG I 

inhibitor 

hERG II 

inhibitor 

Oral rat 

acute 

toxicity 

(LD50) 

Oral rat 

chronic 

toxicity 

(LOAEL) 

Skin 

sensitisati

on 

T. 

pyriformis 

toxicity 

Minnow 

toxicity 

 Yes/No 
log 

mg/kg/day 
Yes/No Yes/No mol kg-1 log mg/kg_ 

bw/day 
Yes/No logug/L logmM 

Pred01 No 0.085 No Yes 2.484 0.592 No 0.286 -0.504 

Pred02 No 0.178 No Yes 2.525 0.74 No 0.286 -0.036 

Pred03 No -0.026 No Yes 2.650 0.664 No 0.286 0.755 

Pred04 No 0.033 No yes 2.401 0.592 No 0.287 -0.238 

Pred05 No 0.292 No Yes 2.954 0.509 No 0.286 2.149 

Pred06 No 0.117 No Yes 2.488 0.895 No 0.286 -0.019 

Pred07 No -0.162 No No 2.321 0.653 No 0.286 0.227 

Pred08 No 0.488 No Yes 3.154 0.300 No 0.285 0.390 

Pred09 No 0.272 No Yes 2.947 0.664 No 0.286 1.934 

Pred10 Yes 0.313 No Yes 3.091 0.476 No 0.285 0.022 

Pred11 No 0.068 No Yes 2.454 0.623 No 0.286 -0.468 

N22 No 0.259 No Yes 2.181 0.402 No 0.286 -1.059 
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Fig. 6. 2D and 3D interactions of compounds reference ligand, N°22, N°08, and Pred01 newly designed by CoMSIA  
                model in the binding site. 
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protein binding site. 

 

MD Simulations Results 
Since protein-ligand interaction in vivo is a dynamic 

process, the results obtained by docking are inconclusive. For 

this reason, we call the MD simulations, to assess the 

dynamic stability of modeled protein-ligand complex, 

particularly under biological system conditions, and reinforce 

our results. MD simulations were performed for three 

complex systems: the most active compound N08, the least 

active compound N°22, and the predicted compound Pred01. 

This study was carried out in terms of RMSD, RMSF,                

and Rg, to dynamically understand the interaction 

ligand/receptor. The behavior of analyzes depends on 

simulation time for this, we have simulated the selected 

system during a time of 100 ns. The conformational change 

of receptor during MD trajectory was estimated by 

calculating the RMSD backbone atoms. As shown in Fig. 8, 

the backbone RMSD values indicated that Compound N°22 

and Pred01 complex increased steadily for the first 62 ns, 

then both systems reach equilibrium for the remainder of the 

simulation time. Since the variations in RMSD were kept to 

less than 0.3 nm, this indicates that these systems reached 

equilibrium during MD simulations at 100 ns. 

In addition, the compactness of the protein was estimated 

by measuring the Rg. These parameters express the squared 

distance between the root and mass of the anatomy group 

from their common centre of mass [47]. Rg anisotropy values 

along the MD path are shown in Fig. 9. For these two 

complexes, Rg values are approximately stable in the first                  

50 ns. Around 60 ns, the complex corresponding to Pred01 

shows a small Rg deformation, then returns stable in the last 

20 ns of simulation time and remains confused with that of 

the complex corresponding to compound N°22. 

The flexibility of the protein backbone was examined by 

following the RMSF values Fig. 10. The RMSF values for 

the Pred01 complex are low compared to those of the N°22 

complex, a peak appears at the residue of number 1500 for 

the two complexes but for the Pred01 complex is less weak 

than the N°22 complex; Thus, we conclude that the Pred01 

complex is less flexible and that it is of good complex 

compared to the N°22 complex. Great flexibility at the end of 

the protein is justified by the binding of compounds with the 

protein. 

 

 

 
Fig. 7. Redocking of the co-crystallized ligand (red) and the  

           docked ligand (yellow) to protein (PDB: 2XF). 

 

 

 

Fig. 8. RMSD graphs of the receptor backbone in complex  

             ligand according to the simulation. 

 

 

 
Fig. 9. The gyration radius plot of receptor/ligand of  

                  screened compounds. 
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Fig. 10. RMSF  graph  of  the  receptor  in complex  with  

             compound screened according to the simulation. 

 

 
Binding Energy Calculation 

From the results obtained by the MM-PBSA method, the 

average binding free energies (ΔGBind) of complexes N°22, 

N08, and Pred01 calculated during the 100 ns simulation 

were found to be -14.966 ± 32.97 kJ mol-1 and-17.190 ±      

27.10 kJ mol-1 and -43.075 kJ mol-1, respectively. The details 

of the MM-PBSA calculation of the complexes are 

summarized in Table 7. 

In Table 7 The calculated averages of the molecular 

mechanic’s potential energy (ΔEMM), polar solvation energy 

(ΔGPolar), and non-polar solvation energy (ΔGNon-polar or 

ΔGSASA) under ΔGPB between the protein and ligand during 

the simulation were evaluated from the MM-PBSA 

calculation. The average ΔEMM for complexes N°22,              

N°08, and Pred 01  were  found to be  -40.023 ± 48.622  and 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

-51.148 ± 74.55 and - 86.911 ± 63.033 kJ mol-1, respectively, 

and the average value of ΔGPolar for the N°22 complex, N°08 

complex and Pred01 complex were -29.560 ± -32.630,               

-73.819 ± -84.19,1and 52.140 ± 43.663 kJ mol-1, 

respectively. The calculated average ΔGNon-polar or ΔGSASA for 

N°22 complex, N°08 complex and Pred 01 were found to be 

– 4.503 ± 5.022, -5.482 ± 7.497, and – 8.304 ± 5.241                       

kJ mol-1, respectively. 

 

Density Functional Theory Analysis 
Frontier molecular orbital analysis of the most active 

(N°22), least active (N°08) compounds and the newly 

designed Pred01 were evaluated to understand their 

electronic profiles and to predict electrophilic or nucleophilic 

reactive sites. The values of the overall molecular reactivity 

descriptors of compounds N°22, N°08, and Pred01 were 

calculated and grouped in Table 8, to predict the tendency of 

a compound to engage in drug interactions and also to explain 

their chemical properties and reactivity [48]. 

As shown in Table 8, the values of ionization potential 

were 5.129, 4.770, and 5.495, the values of electron affinity 

were 1.116, 0.710, and 1.510, and the Energy gap was 4.012 

ev, 4.059 ev, and 3.985 ev for compounds N°22, N°08, and 

Pred01, respectively. The low electrophilicity values of three 

compounds indicate their greater tendency to interact with 

nucleophilic sites. The ionization potential is minimum for 

N°08 and maximum for Pred01. The results show that the gap 

of the border orbitals of three compounds is less than 5, which 

is evidence of stronger interaction with the receptor. It is 

evident that the  newly  designed  compound  Pred01 has the                 
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   Table 7. MM-PBSA Calculation 

 

 

Protein-ligand 

complexes 

ΔEMM  

(kJ mol-1) 

ΔGSol  

(kJ mol-1) 

Binding energy 

(kJ mol-1)  

Van der Waal Electrostattic Polar solvation SASA energy  

 
Energy 

 (kJ mol-1) 

Energy  

(kJ mol-1) 
 

Complex N°22 -35.694 ± 39.199 -4.329 ± 9.423 29.560 ± 32.630 -4.503 ± 5.022 -14.966 ± 40.068 

Complex N°08 -49.541 ± 66.309 -1.607 ± 8.241 73.819 ± 84.191 -5.482 ± 7.497 17.190 ± 42.283 

Complex 

Pred01 
-67.423 ± 41.596 -19.488 ± 21.437 52.140 ± 43.663 -8.304 ± 5.241 -43.075 ± 40.624 
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smallest energy gap which shows that is more polarizable and 

generally more chemically reactive. Furthermore, these 

results explain the charge transfer interactions that are 

indicated in the study of molecular docking which enhances 

the activity. EHOMO/ELUMO plots of the screened compounds 

gathered in Fig. 11. 

      The electron affinity is higher for Pred01 but is less low 

for compound N°08, which indicates that this last compound 

has less tendency to gain electrons, while Pred01 is more 

inclined to gain electrons. The values of chemical harness (η) 

and energy of exchange were calculated to be 4.012 ev,                  

4.059 ev, and 3.985 ev; -1.215 ev, -0.925 ev, and -6.157 ev 

for compounds N°22, N°08, and Pred01, respectively. These 

results show that the charge transition process is desirable in 

terms of energy. The suitability of these values for the studied 

compounds suggests that they have a tendency to interact 

with the acceptor as a bioactive compound. The softness (s) 

varies in the order Pred01 > N°22 > N°08. The Chemical 

potential is the energy available in the system to do useful 

work. The chemical potential values, which are a very useful 

indicator of the reactivity of compounds, indicated that the 

lower value is for N°08 and the higher value is for the Pred01. 

This shows that Pred01 is more reactive compared to the two 

compounds. The energy difference decreases in the order 

N°08 > N°22 > Pred01. 

      Figure 12 shows the frontier orbital map of more and less 

active complexed compounds. The red color region indicates 

negative   charges   and  the   blue  color  region  indicates  a  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

positive charge area. 

Additionally, the electrostatic potential of the molecule 

was computed using the distribution of its surface charges. 

As a result, the DFT calculation used the atomic charge 

surrounding the screened compounds to generate the 

electrostatic potential map based on the Mulliken population 

analysis [49]. Figure 13 shows the negative and positive 

regions of electrostatic potentials and hydrogen bond 

interactions as well as the shape and size of ligands in terms 

of color outline, in which the blue outline followed by green 

represents the electropositive and the orange and red outline 

represents the electronegative as indicated on the MESP 

maps. 

Thus Fig. 13 shows the 3D contours of the MESP clearly 

support that the nitrogen group is primarily responsible for 

the biological activity studied. In general, it is obvious that 

the MESP card does not affect when the phenyl ring has been 

substituted in the electronic properties of bicyclic rings. 

 
CONCLUSIONS 
 

In this research paper, we applied a combined approach 

of 3D-QSAR, docking molecular, DFT, and MD studies to 

understand the structural basis and mechanism of inhibition 

of thiazole derivatives as biofilm inhibitors. The developed 

3D-QSAR model resulted in high predictive ability with a 

training set of R2
Pred = 0.98 and SEE = 0,07 and a test set of 

Q2 = 0.89, SEE = 0.14 and R²pred = 0.90. These results provide  

  Table 8. Calculated Electronic Properties of for the Screened Bioactive Compounds Using the B3LYP/6-31G Method 

 

Compounds N°22 N°08 Pred01 

IP (ev) 5.129 4.770 5.495 

EA (ev) 1.116 0.710 1.510 

EGap (ev) 4.012 4.059 3.985 

Electrophilie global ω (ev) 1.215 0.925 6.157 

Energy change ΔE (ev) -1.215 -0.925 -6.157 

Softness σ (ev) 0.249 0.246 0.251 

Hardness η (ev) 4.012 4.059 3.985 

Chemical potential μ (ev) -3.122 -2.740 -7.005 

Electronegativity χ (ev) 3.122 2.740 7.005 
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ELUMO  

EHOMO  

 

                   Most active (N°22)                            Least active (N°8)                                  Pred 01                                                           

Fig. 11. The optimized structures, EHOMO, ELUMO of thiazole inhibitor molecules using DFT/B3LYP/6-31G on compounds  

                  N°22, N°08, and Pred 01. 

ELUMO  

               EHOMO                   

                   Most active (N°22)                                          Least active (N°8)                                   

Fig. 12. Map of frontier orbitals (EHOMO and ELUMO) of complex most and least active activity. 
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a solid information base for evaluating the structure-activity 

relationship of thiazole derivatives. Molecular docking 

analysis shows the types of interactions and the nature of the 

residues involved in the activity studied. The proposed 

molecules were then analyzed for their ADME/toxicity and 

showed acceptable results. Moreover, the stability of the 

model was evaluated using MD simulations accompanied by 

calculating the binding free energy, DFT studies were carried 

out to clearly describe the energy profiles of the studied 

compounds. Therefore, eleven proposed compounds were 

found to be more stable in the target protein binding site. 

Thus, we point out that these findings may be a potential lead 

for the advancement of novel biofilm inhibitors for 

antibiotics treatment. Finally, these results, when taken 

together, help in a better understanding of ligand-receptor 

interactions, which contributes in the discovery, 

development, and designing of biofilm. 
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