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      Hepatitis B virus (HBV) is a significant global health concern, and the development of new antiviral agents is necessary. In this work, a 

comprehensive computational investigation was performed on a series of (1H-Pyrazolo[3,4-c] pyridin-5-yl) sulfonamide derivatives as 

potential antiviral agents to modulate HBV capsid assembly. Molecular docking studies were used to elucidate binding interactions with the 

HBV core protein, while atom-based 3D-QSAR modeling provided insights into key structural features governing antiviral activity. The 

developed 3D-QSAR model showed high statistical robustness and predictive power (R² = 0.97 for the training set, Q² = 0.80 for the test set, 

and RMSE = 0.17). Newly designed inhibitors, guided by contour map analysis and docking results, showed favorable binding affinity and 

ADME prediction, suggesting their potential as novel antiviral inhibitors. 
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INTRODUCTION 

 

      Hepatitis B virus (HBV) infection remains a major global 

public health challenge, affecting an estimated 296 million 

individuals worldwide and resulting in approximately 

820,000 deaths annually from associated liver diseases [1,2]. 

Chronic HBV infection is a significant risk factor for severe 

liver complications, including cirrhosis, liver failure, and 

hepatocellular carcinoma (HCC), which together contribute 

substantially to global morbidity and mortality. Despite the 

availability of effective vaccines and several antiviral 

therapies, the management of chronic HBV infection still 

faces significant obstacles [3]. Current standard of care 

treatments primarily includes nucleos(t)ide analogs and 

interferon-based therapies. While these agents efficiently 

inhibit  HBV  replication   and  reduce  the  viral  load,  they  
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generally fail to achieve a complete functional cure [4]. This 

therapeutic limitation is largely attributed to the persistence 

of covalently closed circular DNA (cccDNA), a highly stable 

viral minichromosome maintained within the nuclei of 

infected hepatocytes [5]. The cccDNA serves as a continuous 

template for viral replication and transcription, maintaining 

its stability even under antiviral pressure, and poses a 

formidable obstacle to viral elimination [6,7]. Given these 

challenges, there is an urgent need to identify and develop 

novel antiviral agents that target alternative stages of the 

HBV life cycle beyond suppression of viral replication. 

Among emerging strategies, targeting the HBV core protein, 

a multifunctional structural protein, has gained significant 

attention [8]. The core protein plays an essential role in the 

viral life cycle by mediating nucleocapsid assembly, genome 

packaging, and facilitating reverse transcription of the viral 

pre-genomic RNA. Disruption of these processes via capsid 

assembly  modulators   (CAMs)  has   shown   promise  as  a  
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therapeutic approach to inhibit HBV replication and prevent 

viral propagation [9,10]. Among the various CAM scaffolds 

studied, compounds incorporating the sulfonamide moiety 

have demonstrated particular promise, frequently exhibiting 

high potency against the HBV core protein. In particular, the 

(1H-pyrazolo[3,4-c] pyridin-5-yl) sulfonamide derivatives 

have recently emerged as a highly effective and structurally 

distinct class of potent HBV capsid assembly inhibitors, 

warranting further structural investigation and optimization 

to improve their pharmacological profile [11]. In drug 

discovery efforts, computational methodologies have 

become indispensable tools to accelerate the identification 

and optimization of lead compounds [12,13]. Three-

dimensional quantitative structure-activity relationship (3D-

QSAR) modeling enables the correlation of molecular 

structural features with biological activity, providing 

valuable insights into ligand-receptor interactions and 

guiding rational drug design [14,15]. Complementary 

molecular docking approaches facilitate detailed 

characterization of ligand binding modes within target 

proteins, validating binding hypotheses and identifying key 

residues involved in interaction [16]. Furthermore, 

integrating such predictive models with in silico absorption, 

distribution, metabolism, and excretion (ADME) profiling 

enables early assessment of drug similarity and 

pharmacokinetic properties, simplifying the development of 

molecules with favorable efficacy and safety profiles [13,17]. 

In this work, we applied an integrated computational 

approach   to   study  a  dataset  of   41  structurally   diverse 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(1H-pyrazolo[3,4-c] pyridin-5-yl) sulfonamide derivatives 

previously reported as HBV capsid assembly modulators 

[11]. We developed a statistically robust atom-based 3D-

QSAR model to elucidate the key structural determinants 

governing antiviral activity. Molecular docking analyses 

against the HBV core protein crystal structure (PDB ID: 

5WRE) were performed to explore detailed binding 

interactions. Based on these insights, new compounds were 

designed and subjected to design and ADME profiling to 

evaluate their potential as effective and drug-like HBV 

capsid assembly inhibitors. This comprehensive approach 

aims to facilitate the rational design of next-generation 

antivirals with improved potency and pharmacokinetic 

profiles [18]. 

 

MATERIALS AND METHODS 

 

Dataset Collection 

      For this study, a structurally diverse group of 41 (1H-

Pyrazolo[3,4-c] pyridin-5-yl) sulfonamide derivatives was 

selected (Table 1) that have been reported in the literature as 

modulators of Hepatitis B Virus (HBV) capsid assembly 

[11]. With reported EC₅₀ values ranging from 0.032 to 6 µM, 

these compounds exhibit a range of antiviral activity, 

indicating variable potency against HBV capsid formation 

[11]. The EC₅₀ values were converted to their negative 

logarithmic form using the formula pEC50 = -log10 (EC50) to 

perform QSAR modeling [19].  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 1. Experimental Data of Studied Compounds, Including Structure, EC₅₀, pEC₅₀ (Experimental), pEC₅₀ (Predicted), 

and Residual Values 

 
Compd. Structure EC50 (µM) PEC50exp PEC50pred Residual Dataset 

 

1 

 

 

1.280 

 

5.893 

 

5.974 

 

0.081 

 

Training  

 

 

2 
 

 

 

1.380 

 

 

5.860 

 

 

5.886 

 

 

0.026 

 

 

Training  

 
210 
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   Table 1. Continued 

 

3 

 

 

0.190 

 

6.721 

 

6.441 

 

-0.280 

 

Test  

 

4 

 

 

0.270 

 

6.568 

 

6.813 

 

0.245 

 

Training  

 

5 

 

 

2.000 

 

5.699 

 

5.665 

 

-0.033 

 

Training 

 

6 

 

 

0.130 

 

6.886 

 

6.637 

 

-0.249 

 

Training 

 

7 

 

 

0.240 

 

6.620 

 

6.787 

 

0.167 

 

Training 

 

8 

 

 

0.220 

 

6.658 

 

6.469 

 

-0.189 

 

Training 

 

9 

 

 

3.140 

 

5.503 

 

5.666 

 

0.163 

 

Training 

 

10 

 

 

0.740 

 

6.131 

 

6.095 

 

-0.036 

 

Test 

 

11 

 

 

1.150 

 

5.939 

 

5.859 

 

-0.080 

 

Training 

 
211 
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  Table 1. Continued 

 

12 

 

 

4.000 

 

5.398 

 

5.316 

 

-0.082 

 

Training 

 

13 

 

 

0.120 

 

6.921 

 

6.797 

 

-0.124 

 

Training 

 

14 

 

 

0.032 

 

7.495 

 

7.368 

 

-0.127 

 

Training 

 

15 

 

 

1.260 

 

5.900 

 

5.843 

 

-0.057 

 

Training 

 

16 

 

 

0.430 

 

6.367 

 

6.447 

 

0.080 

 

Training 

 

17 

 

 

0.250 

 

6.602 

 

6.670 

 

0.008 

 

Training 

 

18 

 

 

2.100 

 

5.678 

 

5.824 

 

0.146 

 

Training 

 

19 

 

 

1.100 

 

5.959 

 

5.952 

 

-0.007 

 

Test  

 

20 

 

 

0.250 

 

6.602 

 

6.815 

 

0.213 

 

Training 

 

21 

 

 

0.330 

 

6.481 

 

6.456 

 

-0.025 

 

Training 
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  Table 1. Continued 

 

22 

 

 

0.220 

 

6.658 

 

6.626 

 

-0.032 

 

Test  

 

23 

 

 

0.057 

 

7.244 

 

7.373 

 

0.129 

 

Training 

 

24 

 

 

0.210 

 

6.678 

 

6.969 

 

0.291 

 

Test  

 

25 

 

 

0.042 

 

7.377 

 

7.282 

 

-0.095 

 

Training 

 

26 

 

 

0.290 

 

6.537 

 

6.602 

 

0.064 

 

Training 

 

27 

 

 

6.000 

 

5.222 

 

5.256 

 

0.034 

 

Training 

 

28 

 

 

0.680 

 

6.167 

 

6.054 

 

-0.113 

 

Training 

 

29 

 

 

0.290 

 

6.537 

 

6.564 

 

0.027 

 

Training 

 

30 

 

 

0.045 

 

7.347 

 

7.172 

 

-0.175 

 

Test  

 
213 
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  Table 1. Continued 

 

31 

 

 

0.120 

 

6.921 

 

6.751 

 

-0.170 

 

Training 

 

32 

 

 

0.230 

 

6.638 

 

6.819 

 

0.181 

 

Test  

 

33 

 

 

0.240 

 

6.620 

 

6.656 

 

0.036 

 

Training 

 

34 

 

 

0.410 

 

6.387 

 

6.428 

 

0.041 

 

Training 

 

35 

 

 

0.290 

 

6.537 

 

6.446 

 

-0.091 

 

Training 

 

36 

 

 

0.220 

 

6.658 

 

6.656 

 

-0.002 

 

Training 

 

37 

 

 

0.340 

 

6.469 

 

6.619 

 

0.150 

 

Test  

 

38 

 

 

0.230 

 

6.638 

 

6.641 

 

0.003 

 

Training 

 

39 

 

 

0.071 

 

7.149 

 

7.176 

 

0.027 

 

Training 
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Ligand Preparation 

      The 2D chemical structures of 41 inhibitors and three 

reference molecules were initially drawn using the 2D 

sketcher module in Maestro. Subsequently, their 3D 

geometries were generated using the LigPrep module in 

Maestro [20]. The following parameters were applied during 

3D structure preparation: (i) The OPLS-2005 force field was 

used for geometry optimization. (ii) For each molecule, one 

low-energy ring conformation was generated. (iii) All 

possible ionization states at physiological pH (7.0 ± 2.0) were 

considered. (iv) Where applicable, tautomers, chiral centers, 

and stereochemical variations were taken into account to 

ensure the generation of biologically relevant 3D 

conformations [21,22]. 

  

Molecular Docking  

      The crystal structure of the hepatitis B virus (HBV) core 

protein in complex with a heteroaryldihydropyrimidine 

ligand HAP-R01 (PDB ID: 5WRE, resolution: 1.95 Å)           

was retrieved from the RCSB Protein Data Bank 

(https://www.rcsb.org/structure/5WRE) [23].  Protein 

preparation was conducted using the Protein Preparation 

Wizard in Schrödinger, where all water molecules were 

removed,  missing  hydrogen   atoms   were  added,  and  the 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

protein structure was optimized and energy-minimized using 

the OPLS-2005 force field, with an RMSD convergence 

threshold of 0.30 Å [24]. A receptor grid was generated based 

on the co-crystallized ligand to define the binding pocket of 

the HBV core protein. All ligands were docked into this 

active site using Glide Extra Precision (XP) mode [25]. The 

docking protocol assessed binding poses and computed Glide 

docking scores to estimate ligand affinity and key 

interactions with active site residues [26]. 

 

Atom-based 3D-QSAR 

      An atom-based three-dimensional quantitative structure–

activity relationship (3D-QSAR) study was performed using 

the PHASE module of Schrödinger [27,28]. The dataset 

comprising 41 compounds was randomly divided into a 

training set (80%) and a test set (20%) via the built-in random 

selection tool [29]. A grid spacing of 1 Å was applied to 

generate the atom-based descriptors. Partial Least Squares 

(PLS) regression was employed, with the number of PLS 

factors capped at N/5 (N = number of training compounds) to 

avoid overfitting. Based on this, four PLS factors were 

selected for the final QSAR model [30]. The model was 

validated by predicting biological activity (pEC₅₀) values of 

compounds in both the internal set and an external validation 

set, demonstrating robust predictive reliability [31]. 

Table 1. Continued 

 

40 

 

 

0.250 

 

6.602 

 

6.523 

 

-0.079 

 

Training 

 

41 

 

 

0.034 

 

7.469 

 

7.488 

 

0.019 

 

Training 

 

GLS4 

 

 

0.013 

 

7.886 

 

7.893 

 

0.007 

 

Training 

 

AB-423 

 

 

0.310 

 

6.509 

 

6.479 

 

-0.030 

 

Test  
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Design of New Compounds 

      This study aims to propose new antiviral agents against 

the hepatitis B virus (HBV) and to support future drug 

development efforts. Guided by the molecular docking 

results, the interpretation of the results obtained from the 3D-

QSAR model, as well as the structural features identified in 

the scaffold (Fig. 5), five new compounds (A1–A5) were 

designed as potential HBV inhibitors (Fig. 9). These 

compounds were docked into the binding site of the HBV 

core protein (PDB ID: 5WRE) using Glide XP to evaluate 

their binding affinities and interaction profiles. Finally, the 

five selected compounds were then submitted to PHASE to 

predict their antiviral activities using the developed atom-

based 3D-QSAR model. 

 

ADME Prediction  

     Compounds resulting from molecular docking were 

further evaluated for their pharmacokinetic profiles using the 

QikProp module of Schrödinger [32]. This ADME analysis 

provided essential physicochemical and pharmacokinetic 

parameters, including molecular weight (MW), solvent-

accessible surface area (SASA), number of hydrogen bond 

donors (HBD) and acceptors (HBA), predicted aqueous 

solubility (QPlogS), lipophilicity (QPlogPo/w), cell 

permeability assessed by Caco-2 and MDCK models, brain-

blood partition coefficient (QlogBB), skin permeability 

(QPlogKp), human oral absorption (HOA), and polar surface 

area (PSA). These parameters helped assess the drug-likeness 

and developability of the compounds [33]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

RESULTS AND DISCUSSION 

 

Atom-Based 3D-QSAR Model Analysis 

      A statistically robust and highly predictive atom-based 

3D-QSAR model was developed for a series of 41 (1H-

pyrazolo[3,4-c] pyridin-5-yl) sulfonamide derivatives to 

investigate the structural determinants of HBV capsid 

assembly inhibition. The optimal model was generated using 

four partial least squares (PLS) components, as summarized 

in Table 2. It demonstrated excellent statistical performance 

with a high regression coefficient (R² = 0.97 > 0.6) and               

a strong cross-validated determination coefficient (R²cv =              

0.63 > 0.5), confirming good internal predictive ability for 

the training set. The low root-mean-square error (RMSE = 

0.17) further demonstrates the accuracy and robustness of the 

model. External validation also confirmed strong predictive 

power, reflected in a high Q² value of 0.80 (Q² > 0.6) for the 

test set. Additional statistical parameters confirm the high 

level of confidence in the model: a large variance ratio              

(F = 209.3), a high Pearson-r of 0.90, and good overall model 

stability (0.72 on a scale of 1). Moreover, the extremely low 

P-value (6.11e-21) indicates the statistical significance of the 

regression. The small standard deviation (SD = 0.12) and low 

RMSE (0.17) confirm that the dataset used was optimal        

for QSAR analysis. The scatter plot of predicted versus 

experimental pEC₅₀ values shown in Fig. 1 further confirms 

the excellent predictive performance and reliability of the 

3D-QSAR model. Actual and predicted activities (pEC50) and 

residual values of the dataset are presented in Table 1.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Fig. 1. Scatter plots of predicted versus experimental activity for the training set and the test set. 

 
216 



 

 

 

Design and Computational Assessment/Phys. Chem. Res., Vol. 14, No. 1, 209-226, March 2026. 

 

 

      The field contribution analysis (Table 3) revealed that 

hydrophobic interactions are the dominant contributors to 

biological activity, contributing over 57% to the model. 

Electron-withdrawing features and hydrogen bond donor 

regions also played important supporting roles. Visual 

comparison between the most active compound              

(compound 14) and the least active compound (compound 

27) confirmed these findings, highlighting favorable 

interaction zones around the core scaffold. 

 

Contour maps Analysis 

      To better understand the structural factors governing the 

biological activity of the designed HBV capsid assembly 

modulators, atom-based 3D-QSAR contour maps were 

generated and analyzed for the most active compound (14, 

pEC50 = 0.032) and the least active compound (27, pEC50 = 

6.000). These maps visually highlight favorable and 

unfavorable regions for various molecular properties, thus 

providing valuable guidance for rational structural 

modifications. 

 

Hydrogen Bond Donor (HBD) 

      Figure 2  illustrates  the  hydrogen   bond  donor  (HBD) 

 

 

contour maps for compounds 14 and 27. Blue cubes indicate 

regions where the presence of hydrogen bond donor groups 

significantly enhances biological activity, while red cubes 

indicate areas where donor groups reduce activity. In both 

compounds 14 and 27, favorable HBD regions are observed 

near the hydroxyl (-OH) group, and the blue cubes are also 

seen near the -NH group of the ligand. This suggests that 

these functional groups play a critical role in establishing 

strong interactions with the biological target, contributing 

significantly to the compound’s activity. 

 

 

 

Fig. 2. Visualization of the hydrogen bond donor from the 

3D-QSAR model on the most active compound (14) and the 

least active compound (27). 

 

Table 2. Summary of 3D-QSAR PLS Statistical Parameters 

 

Factors SD R² R²CV R² Scramble Stability F P RMSE Q² Pearson-r 

1 0.31 0.76 0.39 0.47 0.47 102.5 1.67e-11 0.19 0.74 0.88 

2 0.21 0.89 0.57 0.74 0.77 127.4 1.11e-15 0.18 0.76 0.88 

3 0.15 0.95 0.62 0.87 0.74 173.9 4.68e-19 0.17 0.78 0.88 

4* 0.12 0.97 0.63 0.93 0.72 209.3 6.11e-21 0.17 0.80 0.90 

*: Optimal model, SD: Standard Deviation (Smaller value), R²: Regression coefficient (R² > 0.6), R²cv: Cross-Validated 

Correlation Coefficient (R²cv > 0.5), F: Ratio of the model variance (High value), P: Significance level of variance ratio 

(Smaller value), RMSE: Root-Mean-Square Error (Smaller value), Q²: Correlation coefficient for the test set (Q² > 0.6), 

Pearson-r: Correlation between the predicted and observed activity. 

 

 

        Table 3. Field Contribution Summary of Atom-Based 3D-QSAR Model 

 

PLS H-Bond donor Hydrophobic/non-polar Electron-withdrawing Other 

1 0.048 0.543 0.341 0.069 

2 0.054 0.544 0.351 0.052 

3 0.058 0.570 0.328 0.044 

4* 0.062 0.575 0.332 0.041 
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Hydrophobic Interaction 

      The hydrophobic interaction contour maps are shown in 

Fig. 3. Green cubes indicate regions where hydrophobic 

substituents positively influence biological activity. In 

compound 14, these favorable areas are observed near the 3-

methyl group, the 4-fluoro group on the aniline ring, and the 

cyclopropyl group on the indazole scaffold. Similar favorable 

hydrophobic interactions are also observed in the 

pyrazolopyridine analogue compound 41 (pEC₅₀ = 0.034), 

confirming that optimal placement of small hydrophobic 

groups significantly strengthens ligand-protein interactions. 

In contrast, the purple cubes indicate areas where 

hydrophobic substituents reduce activity. These unfavorable 

regions are observed near the position of the 3-

trifluoromethyl (CF₃) group in compound 27. Because CF₃ is 

bulkier and sits in one of these unfavorable zones, it creates 

less optimal hydrophobic interactions, likely weakening 

binding compared to compound 14. Consequently, replacing 

the 3-methyl group with a 3-trifluoromethyl group 

significantly   lowers    the   potency  of  these  HBV  capsid 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

assembly modulators. Furthermore, the lower biological 

activity of compounds 1, 2, 3, 9, 11, and 12 can be explained 

by the absence of key hydrophobic elements such as the 

cyclopropyl group, the 3-methyl substituent, or the 4-fluoro 

group, which are essential for favorable hydrophobic 

interactions in the binding site. These contours provide 

strategic information to optimize hydrophobic interactions 

and thus improve the HBV capsid assembly modulator. 

 

Electron-withdrawing  

      Figure 4 presents the electron-withdrawing contour maps 

derived from the 3D-QSAR model. Blue cubes represent 

areas where electron-withdrawing groups enhance biological 

activity, while yellow cubes indicate regions where these 

groups are detrimental to activity. For both compounds 14 

and 27, blue cubes are located near sulfonamide (–SO₂–N–R) 

groups where electron-withdrawing substituents are present, 

suggesting that these groups contribute positively to their 

high activity. In contrast, the yellow cubes show regions 

where electron-withdrawing groups can impair biological 

activity.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 3. Visualization of hydrophobic interaction from the 3D-QSAR model on the most active compound (14) and the 

least active compound (27). 

 

 

Fig. 4. Visualization of electron withdrawing from the 3D QSAR model on the most active compound (14) and the lowest 

active compound (27). 
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Fig. 5. Main structure-activity relationships derived from this 

study. 

 

 

Docking Analysis of the Dataset 

      Molecular docking studies were performed to investigate 

the binding interactions of selected (1H-pyrazolo[3,4-c] 

pyridin-5-yl) sulfonamide derivatives with the hepatitis B 

virus (HBV) core protein (PDB ID: 5WRE). Two 

representative compounds, compounds 14 (the most active) 

and 27 (the least active), were evaluated and compared with 

two known HBV capsid assembly modulators, GLS4 and 

HAP-R01. The docking results are summarized in Table 4.  

      Compound 14 displayed the strongest binding affinity 

among the studied molecules, with an XP-Gscore of                       

-8.812 kcal mol-1 and a Glide Emodel score of -93.765, 

indicating a highly stable interaction with the HBV core 

protein. Its binding mode is predominantly stabilized by 

hydrophobic interactions involving residues PHE110, 

TRP125, ILE105, and PHE122. In addition, it forms three 

key hydrogen bonds with SER141, SER121, and TRP102, 

with bond distances of 2.28 Å, 2.00 Å, and 2.06 Å, 

respectively. These interactions contribute significantly to 

the stable anchoring of the compound within the active site. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

      In contrast, compound 27 exhibits a significantly lower 

binding affinity, with an XP-Gscore of -5.702 kcal mol-1, 

reflecting a reduced stabilization within the binding pocket. 

Although it shares similar hydrophobic contacts with 

PHE110, TRP125, ILE105, and PHE122, its hydrogen bond 

network is noticeably less favorable. The hydrogen bonds 

formed with SER141 (2.41 Å), SER121 (2.77 Å), and 

TRP102 (1.86 Å) include longer, less optimal distances, 

especially with SER121, which likely contribute to its 

diminished stabilization compared to compound 14. 

      The reference inhibitor GLS4 also demonstrated strong 

binding affinity, with an XP-Gscore of -8.738 kcal mol-1. It 

formed key hydrogen bonds with TRP102 (1.95 A°) and 

SER106 (2.96 A°), along with a π-π stacking interaction with 

TYR118, which likely enhances its binding affinity. These 

interactions are comparable to those observed for compound 

14, further supporting the promising activity of these analogs 

as HBV core protein inhibitors. 

      HAP-R01, a well-established HBV capsid assembly 

modulator, displayed the highest binding affinity among all 

tested compounds, with an XP-Gscore of -12.508 kcal mol-1 

and the lowest Glide Emodel score of -103.420. It formed 

multiple hydrogen bonds with TRP102 (2.02 A°), SER106 

(2.91 A°), SER141 (1.79 A°), and LEU140 (2.02 A°), and in 

addition to extensive hydrophobic and π–π stacking 

interactions with TYR118 (5.43 Å). These results are 

consistent with its well-documented potent inhibitory 

activity. Figure 6 and Fig. 7 depict the two- and three-

dimensional binding interactions of compounds 14, 27, 

GLS4, and HAP-R01 within the HBV core protein active site, 

illustrating their distinct interaction profiles. 

 

 

 

 

 

 

 

 

 

 

 

 

 

      Table 4. Docking Scores and Key Interactions of Ligands (14, 27, GLS4, HAP-R01) with HBV Core Protein (PDB ID: 5WRE) 

 

Compd. XP-Gscore Glide 

emodel 

Key interactions 

H-Bonds Hydrophobic Pi-Pi 

14 -8.812 -93.765 SER141(2.28A°), 

SER121(2.00A°), TRP102(2.06A°) 

PHE110, TRO125, 

ILE105, PHE122 

/ 

27 -5.702 -94.551 SER141(2.41A°), 

SER121(2.77A°), 

TRP102(1.86A°)  

PHE110, TRO125, 

ILE105, PHE122 

/ 

GLS4 -8.738 -91.787 SER106(2.69A°), 

TRP102(1.95A°)  

PHE110, TRO125, 

ILE105, PHE122 

TYR118(5.44A°) 

HAP-R01 -12.508 -103.420 SER106(2.91A°), 

SER141(1.79A°), 

TRP102(2.02A°), LEU140(2.14A°) 

PHE110, TRO125, 

ILE105, PHE122 

TYR118(5.43A°) 
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14 27 

  

GLS4 HAP-R01 

 

Fig. 6. Two-dimensional interaction diagrams of ligands 14, 27, GLS4, and HAP-R01 within the active site of the target 

protein (PDB ID: 5WRE). 

 

  

14 27 

  
GLS4 HAP-R01 

Fig. 7. Three-dimensional interaction diagrams of ligands 14, 27, GLS4, and HAP-R01 within the active site of the target 

protein (PDB ID: 5WRE). 
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Docking Validation Protocol 

      To assess its reliability, it is essential to perform 

redocking of co-crystal ligands before conducting molecular 

docking studies. Figure 8 shows highly superimposable and 

consistent conformations between the two poses, with an 

RMSD of 0.525 Å, less than 2 A°. This indicates that the 

docking protocol that was performed was reliable and could 

be used for subsequent studies. 

 

Docking of Newly Designed Inhibitors 

      The newly designed compounds A1 to A5 (Fig. 9) were 

docked into the binding site of the HBV core protein (PDB 

ID: 5WRE) using Glide XP to evaluate their binding 

affinities and interaction profiles. The docking results are 

summarized in Table 5. Among these compounds, A1 

exhibited the most favorable binding characteristics, with the 

lowest XP-Gscore of -9.047 kcal mol-1 and a strong Glide 

Emodel of -74.679, indicating a high affinity at the target site.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

A1 formed multiple hydrogen bonds (SER121, SER141, 

TRP102) and Pi-Pi (PHE23) stacking interactions 

comparable to those of standard reference inhibitors GLS4 

and HAP-R01, indicating effective accommodation within 

the binding pocket. As for compound A2, the XP-Gscore 

value was -8.973 kcal mol-1, while the lowest Glide Emodel 

score was -85.427, indicating excellent binding pose 

stability. It exhibited favorable interactions with key 

hydrogen bonds (SER121, SER141, SER106, TRP102) and 

hydrophobic interactions, and notably formed a stabilizing 

Pi-Pi interaction with residue PHE110, a feature often 

associated with potent inhibition. Compounds A3, A4, and 

A5 also showed consistent binding modes, with docking 

scores ranging from -8.636 to -8.226 kcal mol-1. These 

compounds engaged in hydrogen bonding interactions 

(SER121, SER141, SER106, TRP102) and hydrophobic 

contacts, including important Pi-Pi interactions with aromatic 

residues such as PHE110 and TYR118. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 5. Docking Scores, Key Interactions of Newly Designed Inhibitors (A1-A5) with the HBV Core Protein (PDB ID: 

5WRE) and Predicted Activity (PEC50) 

 

Name 

Compd  

XP-

Gscore 

Glide 

emodel 

Key interactions PEC50 

H-Bonds Hydrophobic Pi-Pi 

A1 -9.047 -74.679 SER121 (1.75 A°), 

SER141(2.01 A°), 

TRP102(2.37A°) 

ILE105, TRP102, 

PRO138, PHE122, 

TRP125, ILE139 

PHE23 (4.35A°) 7.282 

A2 -8.973 -85.427 SER121(1.79A°), 

SER141(2.42A°), 

SER106(2.61A°), 

THR128(1.91A°) 

LEU140, ILE105, 

TRP102, PRO138, 

PHE122, TRP125 

PHE110(4.70A°) 6.742 

A3 -8.636 -73.389 SER121(1.78A°), 

SER141(2.39A°), 

SER106(2.67A°), 

THR128(2.27A°) 

ILE105, TRP102, 

PRO138, PHE122, 

TRP125, ILE139 

PHE110(4.76A°) 6.720 

A4 -8.371 -69.901 SER121(1.95A°), 

SER141(2.31A°), 

SER106(3.15A°), 

LEU140(2.00A°). 

PHE110, TRP125, 

TRP102 ILE105, 

 PHE122 

PHE110 

(5.28A°,4.93A°) 

6.798 

A5 -8.226 -80.026 SER121(2.24A°), 

SER141(2.38A°) 

LEU140, PHE110, 

PRO134, TRP125, 

ILE105, PHE122 

TYP118(5.33A°) 6.502 
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Fig. 8. Superimposed binding modes of X-ray–bound HAP-R01 (yellow) and redocked HAP-R01 (blue) in complex with 5WRE. 

 

 

Table 6. Predicted ADME Properties of Newly Designed and Reference Compounds 
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A1 477.57 770.96 10.2 3.0 3.00 -6.13 0.17 379.85 292.2 -1.28 26.46 17.45 88.66 112.3 

A2 548.42 768.75 11.7 3.0 2.19 -4.76 -0.19 396.83 73.64 -0.69 27.03 18.84 60.28 109.6 

A3 544.46 791.51 11.7 3.0 2.20 -4.89 -0.11 193.73 68.48 -0.89 27.27 18.80 59.70 109.4 

A4 479.96 778.51 10.2 3.0 2.51 -4.94 0.09 109.49 69.16 -0.98 26.22 17.60 74.59 107.2 

A5 445.51 756.87 10.2 3.0 2.06 -4.32 -0.01 49.455 68.86 -1.11 25.48 17.08 71.88 107.3 

14 444.52 700.07 7.0 2.0 3.49 -5.56 0.41 360.32 472.8 -1.02 22.43 13.09 95.23 88.46 

GLS4 509.39 721.16 7.7 0.0 4.10 -4.60 0.24 2489.3 776.2 0.53 20.01 10.036 89.71 74.45 

HAP-R01 514.91 714.02 8.0 1.0 2.75 -5.96 0.35 407.60 56.77 0.14 23.03 12.18 61.49 110.51 
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Fig. 9. 2D and 3D Interaction Diagrams of Designed Inhibitors A1-A5 with HBV Core Protein Binding Site. 
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ADME Predictions of Newly Designed Compounds 

      The predicted ADME profiles of the newly designed 

compounds A1–A5 indicate overall drug-like properties, but 

a closer examination highlights both strengths and potential 

liabilities. All compounds have molecular weights within an 

acceptable range (445-548 Da) and favorable polar surface 

areas (107-112 Å²), supporting oral bioavailability. Predicted 

lipophilicity (QPlogPo/w: 2.06-3.00) and aqueous solubility 

(QPlogS: -6.13 to -4.32) suggest a reasonable balance 

between membrane permeability and solubility. However, 

some limitations were observed. Compounds A2-A5 display 

moderate Caco-2 permeability, which may restrict intestinal 

absorption compared to A1, potentially reducing systemic 

exposure. Additionally, PSA values at the higher end            

(~112 Å²) could negatively affect passive membrane 

diffusion. Brain-blood partition coefficients (QlogBB: -1.28 

to -0.69) indicate limited CNS penetration, which is 

favorable for avoiding central side effects but may be a 

liability if CNS activity were desired. Overall, while minor 

limitations exist, all compounds remain within acceptable 

ranges for drug-like properties. These findings support the 

potential of A1–A5 as promising candidates for further 

development as HBV capsid assembly modulators. 

 

CONCLUSION 

 

      In this study, a comprehensive computational approach 

was applied to investigate (1H-Pyrazolo[3,4-c] pyridin-5-yl) 

sulfonamide derivatives as potential hepatitis B virus (HBV) 

capsid  assembly   modulators. The   atom-based  3D-QSAR  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

model demonstrated strong statistical robustness and 

excellent predictive capability (R² = 0.97, Q² = 0.80,               

RMSE = 0.17), highlighting the pivotal roles of hydrophobic 

interactions, electron-withdrawing groups, and hydrogen 

bond donors in modulating biological activity. Molecular 

docking studies revealed favorable binding affinities and key 

interactions of both reported and newly designed compounds 

within the HBV core protein active site. Importantly, the 

newly designed inhibitors demonstrated promising docking 

scores and interaction profiles comparable to known 

reference inhibitors GLS4 and HAP-R01. ADME predictions 

further supported the drug-like properties of these 

compounds, indicating good pharmacokinetic profiles and 

potential for oral bioavailability. 
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