


Unveiling Novel KRAS G12V Inhibitors: A Comprehensive Study Using Computer-aided Drug Design approach

Abstract
The KRAS G12V mutation is a formidable oncogenic driver implicated in the pathogenesis of several aggressive cancers, including pancreatic ductal adenocarcinoma, non-small cell lung cancer, and colorectal cancer. Overcoming the historical challenges associated with targeting KRAS mutations, this study harnesses advanced computer-aided drug design (CADD) techniques to unearth novel and potent inhibitors. By leveraging the structural paradigms of clinically validated KRAS inhibitors sotorasib and adagrasib, we systematically screened the PubChem database, yielding 628 promising candidates. Molecular docking simulations pinpointed three standout compounds: CID_138637935, CID_155344829, and CID_165158764, distinguished by their exceptional binding affinities. Subsequent molecular dynamics (MD) simulations offered an in-depth exploration of these compounds, revealing CID_155344829 as the frontrunner, with unparalleled stability, and compact structural integrity. While CID_138637935 and CID_165158764 displayed notable potential, further refinement is warranted. Our findings illuminate the transformative potential of CADD in revolutionizing cancer therapeutics and lay the groundwork for future in vitro and in vivo investigations to validate and optimize these novel KRAS G12V inhibitors.
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Introduction
The RAS family of small GTPases, including KRAS, HRAS, and NRAS, plays a central role in controlling cell proliferation, differentiation, and survival. These proteins function as binary molecular switches, existing in either an "on" state when bound to GTP or an "off" state when bound to GDP. Specific mutations in these proteins, particularly KRAS, are among the most common oncogenic drivers in many human cancers, accounting for more than 20% of all cases (Prior et al., 2020). The mutations predominantly occur in codon 12, resulting in various isoforms such as G12D, G12C, G12R, and G12V. These mutations lead to constitutive activation of KRAS, driving unsolicited cellular proliferation and oncogenesis (Cox et al., 2014).
The KRAS G12V mutation involves the substitution of glycine with valine at the 12th codon. This alteration traps KRAS in its active GTP-bound state, leading to continuous signaling through downstream effectors such as the RAF/MEK/ERK and PI3K/AKT pathways, which are crucial for cell survival and proliferation (Simanshu et al., 2017). The KRAS G12V mutation is particularly prevalent in certain malignancies, including pancreatic ductal adenocarcinoma (PDAC), non-small cell lung cancer (NSCLC), and colorectal cancer (CRC). These cancers typically have a poor prognosis, with limited therapeutic options due to the inherent difficulties in targeting the KRAS G12V mutation directly (Stephen et al., 2014).
Developing effective therapies targeting KRAS G12V in oncology has been challenging. Historically, KRAS was considered "undruggable" due to its high affinity for GTP/GDP and the lack of suitable pockets for small molecule binding (Cox et al., 2014). Recent advances in molecular biology and drug design have renewed hope in this area. The development of covalent inhibitors targeting KRAS G12C has inspired similar strategies against KRAS G12V. However, the absence of a cysteine residue in KRAS G12V, which is crucial for the covalent binding seen in KRAS G12C inhibitors, necessitates alternative approaches (Ostrem et al., 2013).
Current research is focused on identifying non-covalent inhibitors that can bind to the inactive form of KRAS G12V, preventing its activation. Preclinical studies have identified several small molecules that bind KRAS G12V with high specificity and demonstrate significant anti-tumor activities in vitro and in vivo (Patricelli et al., 2016).
In addition to direct inhibitors, immunotherapy is emerging as a promising approach for treating cancers involving the KRAS G12V mutation. Immunotherapeutic strategies, such as T-cell receptor (TCR) therapies and peptide vaccines, aim to harness the immune system to recognize and attack KRAS G12V-expressing tumor cells. These approaches involve isolating patients' T cells, genetically modifying them to express TCRs targeting KRAS G12V, and reinfusing them into the patient. Early clinical trials have shown encouraging results, with significant tumor regression and prolonged survival in some patients (Tran et al., 2016).
The integration of these therapeutic strategies represents a significant breakthrough in directly targeting KRAS G12V. Combining direct inhibition with immunotherapy could overcome the adaptive resistance mechanisms that often compromise the efficacy of monotherapies. Ongoing research and clinical trials are crucial for developing more effective and durable treatments for patients with KRAS G12V-mutant cancers (Canon et al., 2019).
The primary objective of this study is to identify and characterize novel inhibitors of the KRAS G12V mutation using computer-aided drug design (CADD) approaches. Clinically approved KRAS inhibitors, sotorasib and adagrasib, were used as pharmacophore models to screen for structurally similar compounds in the PubChem database. Following this, molecular docking studies were performed to predict the binding affinities and interactions of the screened compounds with the KRAS G12V protein. Finally, molecular dynamics (MD) simulations were conducted to assess the stability and dynamic behavior of the most promising compounds in complex with KRAS G12V.

2. Materials and Methods
2.1. Pharmacophore Modeling
2.1.1 Pharmacophore Model Selection
In our study to identify novel inhibitors of the KRAS G12V mutant, we utilized two clinically approved drugs, sotorasib and adagrasib, as pharmacophore models. These drugs have demonstrated efficacy against KRAS G12C and were chosen for their structural relevance and biological activity against the KRAS G12V mutation (Hong et al., 2020).
2.1.2 Database Screening
The PubChem database was screened to identify compounds similar to the pharmacophore models. The screening was conducted using the Tanimoto fingerprint similarity method, a common approach in cheminformatics to assess the similarity between chemical structures (Bajusz et al., 2015). A similarity threshold of 95% was set to ensure that only compounds with a high degree of structural similarity to sotorasib and adagrasib were selected. 
2.2 Molecular Docking
2.2.1 Protein Preparation
The X-ray crystal structure of the KRAS G12V mutant (PDB ID: 7U8H) in complex with a ligand (Ligand ID: LX6) was obtained from the Protein Data Bank (Berman et al., 2000). This structure was chosen due to its high resolution and relevance to our target. All non-essential components, including water molecules and other small molecules except for the bound GDP, were removed from the protein structure. The cleaned protein structure was saved in Protein Data Bank format (.pdb) for further processing.
2.2.2 Ligand Preparation
The ligands, which included the 628 pharmacophore compounds as well as the standard KRAS G12C inhibitors (sotorasib and adagrasib), were prepared for docking. Using Open Babel, a widely used chemical toolbox, the ligands were converted from .SDF to PDBQT format (O'Boyle et al., 2011). This conversion is essential for compatibility with AutoDock Vina, the software used for docking simulations.
2.2.3 Molecular Docking Protocol
AutoDock Vina was employed for the docking studies due to its robustness and efficiency in predicting protein-ligand interactions (Trott & Olson, 2010). The docking site on the KRAS G12V protein was defined by centering a grid box around the binding site of the LX6 ligand, ensuring that the critical active site residues were included within the grid.
To validate the docking protocol, a redocking experiment was first performed with the LX6 ligand to ensure that the docking software could accurately reproduce the binding pose observed in the crystal structure. The success of this validation step confirmed the reliability of our docking setup.
Following validation, multiple docking simulations were conducted for the 628 pharmacophoric ligands, including sotorasib and adagrasib. These docking experiments were automated using custom AutoDock scripts, allowing for high-throughput screening of the large ligand dataset.
2.3. Molecular Dynamics Simulation
2.3.1 System Preparation
The three most promising compounds (PubChem CIDs: 138637935, 155344829, and 165158764) identified from the docking studies were selected for detailed molecular dynamics (MD) simulations. The protein-ligand complexes were prepared using the GROMACS 2022 software, and the CHARMM36 force field was employed to parameterize both the protein and the ligands, ensuring accurate molecular interactions (Van Der Spoel et al., 2005; Huang & MacKerell, 2013).
2.3.2 Solvation and Ion Addition
The system was solvated using the TIP3P water model, a widely used water model in MD simulations for its balance between computational efficiency and accuracy (Jorgensen et al., 1983). To neutralize the system and mimic physiological ionic strength, appropriate counter-ions (Na+ and Cl-) were added.
2.3.3 Energy Minimization
Energy minimization was performed using the steepest descent algorithm to remove any steric clashes or unfavorable interactions within the system. This step is critical to ensure the stability and realism of the subsequent MD simulations (Hess et al., 2008).
2.3.4 Equilibration
Following energy minimization, the system was equilibrated in two phases: first under the NVT ensemble (constant Number of particles, Volume, and Temperature) to stabilize the temperature, and then under the NPT ensemble (constant Number of particles, Pressure, and Temperature) to stabilize the pressure and density of the system. Each phase was conducted for 1 nanosecond (ns), ensuring that the system reached equilibrium (Berendsen et al., 1984).
2.3.5 Production Run
MD production runs of 100,000 picoseconds (ps) were conducted for each protein-ligand complex. During this phase, the dynamics of the system were monitored, and the trajectories were recorded. These simulations provided detailed insights into the behavior and stability of the complexes over time (Abraham et al., 2015).
2.3.6 Trajectory Analysis
The resulting trajectories were analyzed using various computational tools to evaluate the stability and dynamics of the protein-ligand complexes. Key metrics such as root-mean-square deviation (RMSD), root-mean-square fluctuation (RMSF), and the number of hydrogen bonds were calculated. RMSD provides information on the overall stability of the complex, RMSF highlights the flexibility of specific residues, and hydrogen bond analysis reveals critical interactions between the protein and the ligand (Humphrey et al., 1996).
3. Results and Discussion
3.1 Pharmacophore Modeling
In the initial phase of our study, we used two clinically approved KRAS inhibitors, sotorasib and adagrasib, as pharmacophore models. These inhibitors were selected due to their proven effectiveness against KRAS mutations, particularly KRAS G12C, and their potential applicability to the KRAS G12V mutation. Using these models, we aimed to identify structurally similar compounds that could serve as potential inhibitors of KRAS G12V.
We screened the PubChem database using the Tanimoto fingerprint similarity method with a high threshold of 95% similarity. This stringent criterion ensured that only compounds closely resembling sotorasib and adagrasib were selected. As a result, we identified 628 compounds, which were saved in Structure Data Format (.SDF) for further analysis.
The identification of 628 compounds highlights the effectiveness of using sotorasib and adagrasib as pharmacophore models. The high similarity threshold ensured the selection of compounds with significant structural resemblance to these known inhibitors, which increases the likelihood of finding new effective inhibitors for KRAS G12V (Bajusz et al., 2015).
The choice of these pharmacophore models was validated by the substantial number of hits, indicating their structural features are key in identifying potential KRAS G12V inhibitors. These structurally similar compounds may exhibit comparable binding affinities and inhibitory effects, making them strong candidates for further investigation (Cox et al., 2014).
Moreover, the use of the Tanimoto fingerprint similarity method provided a robust and efficient framework for screening large chemical databases. This method's ability to quantitatively assess the similarity between chemical structures was instrumental in filtering out less relevant compounds, thereby streamlining the identification process (Willett, 2013).
The compounds saved in .SDF format represent a diverse chemical space, each with potential interactions with the KRAS G12V protein. This diversity is crucial for the subsequent stages of drug design, as it allows for exploring various binding modes and interactions, ultimately aiding in identifying the most promising candidates (Patricelli et al., 2016).
3.2 Molecular Docking Simulation
3.2.1 Redocking Experiment
The molecular docking simulation conducted using AutoDock Vina aimed to identify potential drug candidates against the KRAS G12V protein. Initially, a redocking experiment was performed to validate the docking protocol. This involved using the co-crystallized ligand (LX6) and two standard drugs for KRAS G12C (sotorasib and adagrasib). The close conformational pose observed between the redocked ligand (yellow) and its X-ray form (Blue) indicated a well-validated docking experiment, ensuring the reliability of subsequent docking studies (Figure 1).
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Figure 1: Superimposition of the redocked compound (yellow) with the x-ray form (blue).
3.2.2 Virtual screening
The virtual screening of 628 compounds revealed several with higher binding affinities than the standard drugs and LX6. The top three compounds identified were CID_138637935, CID_155344829, and CID_165158764, with binding affinities of -8.158 kcal/mol, -7.976 kcal/mol, and -7.959 kcal/mol, respectively (Figure 2 & 3). In comparison, the binding affinities for the co-crystallized ligand, sotorasib, and adagrasib were -6.876 kcal/mol, -6.6 kcal/mol, and -6.497 kcal/mol, respectively (Figure 3).
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Figure 2: Binding affinity of top 20 compounds after the virtual screening simulation.
[image: A line of lines with red lines

Description automatically generated with medium confidence]
Figure 3: Binding affinity of the ligands reflecting the co-crystallized ligand (LX6), sotorasib and adagrasib.
The binding interactions and conformational poses of the three most promising inhibitors were analyzed in detail (Figure 4). CID_138637935 formed conventional hydrogen bonds with Tyr 96 and Glu 62 and exhibited hydrophobic interactions with Ala 11, Val 12, Ala 59, Lys 88, and His 95 (Figure 4). These interactions suggest a stable and potent binding to the KRAS G12V active site. The hydrogen bonding with Tyr 96 and Glu 62 is particularly noteworthy, as similar interactions have been observed in previous studies involving KRAS inhibitors. For instance, a study by Patricelli et al. (2016) found that effective KRAS inhibitors often interact with key residues such as Glu 62, contributing to their binding affinity and specificity (Patricelli et al., 2016).
CID_155344829 formed a hydrogen bond with Ser 136 and hydrophobic interactions with Phe 90, Glu 91, His 94, and Leu 133 (Figure 4). The interaction with Ser 136 is significant, as serine residues often play a crucial role in stabilizing ligand binding through hydrogen bonding. The hydrophobic interactions with Phe 90 and Glu 91 further stabilize the binding, making this compound a strong candidate for KRAS G12V inhibition. This is supported by a study from Hong et al. (2020), which demonstrated that hydrophobic interactions with residues such as Phe 90 are critical for the efficacy of KRAS inhibitors (Hong et al., 2020).
CID_165158764 exhibited hydrogen bonds with Tyr 96, Glu 62, and Gln 61, a carbon-hydrogen bond with Gly 60, and hydrophobic interactions with Ala 11, Val 12, and Pro 34 (Figure 4). The multiple hydrogen bonds, particularly with Tyr 96 and Glu 62, could have enhanced the binding stability and specificity of this compound. The interaction with Gln 61 and Gly 60 also suggests strong binding affinity, as similar interactions have been reported in other studies. For example, Cox et al. (2014) highlighted the importance of hydrogen bonds with residues such as Gln 61 in the binding efficacy of KRAS inhibitors (Cox et al., 2014).
The high binding affinities observed for CID_138637935, CID_155344829, and CID_165158764 are indicative of their potential as effective inhibitors of the KRAS G12V mutation. These findings are supported by previous research that emphasizes the importance of strong binding affinities and stable interactions in the efficacy of inhibitors against KRAS mutations. The use of clinically approved KRAS inhibitors sotorasib and adagrasib as pharmacophore models proved effective in identifying structurally similar compounds with high potential. This approach aligns with findings from Canon et al. (2019), who reported the success of sotorasib in inhibiting KRAS G12C in advanced solid tumors (Canon et al., 2019).
The docking and binding interaction analyses underscore the potential of CID_138637935, CID_155344829, and CID_165158764 as promising candidates for further development. Their strong binding affinities and extensive interaction networks with key residues in the KRAS G12V binding site highlight their potential efficacy in inhibiting this oncogenic driver. The results from the molecular docking simulation underscore the potential of computer-aided drug design (CADD) in identifying novel inhibitors. The high binding affinities and favorable interaction profiles of the top compounds highlight their potential efficacy in inhibiting the KRAS G12V mutant, paving the way for more targeted cancer therapies.
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Figure 4: The 2D and 3D interactions of the top ranking compounds with KRAS G12V.

3.3 Molecular Dynamics Simulation
3.3.1 RMSD
The Root Mean Square Deviation (RMSD) analysis offers critical insights into the stability and conformational changes of the protein-ligand complexes during the molecular dynamics (MD) simulations. In this study, the average RMSD values were calculated for each simulated entity, providing a quantitative measure of their structural stability over the simulation period.
The unbound KRAS G12V protein, designated as APO, exhibited an average RMSD of 0.2157 nm (Table 1), indicating a relatively stable conformation in the absence of any ligand binding. This observation is consistent with previous studies that report stable RMSD values for unbound protein states, suggesting minimal conformational changes without ligand interactions (Humphrey et al., 1996).
Table 1: The average RMSD, RMSF, ROG, and Hbond values of the simulated entities including the unbound KRAS G12V protein (APO).
	Simulated entity
	RMSD (nm)
	RMSF (nm)
	Rg (nm)
	Intermolecular HBOND

	CID_138637935-7U8H
	0.3447
	0.1544
	1.5826
	0.1243

	CID_155344829-7U8H
	0.2494
	0.1481
	1.5583
	0.1681

	CID_165158764-7U8H
	0.5998
	0.2144
	1.6278
	0.2029

	APO (Unbound 7U8H KRAS G12V protein)
	0.2157
	0.1225
	1.5474
	N/A



Among the ligands, CID_138637935 showed an average RMSD of 0.3447 nm, which is higher than the APO but still within an acceptable range, suggesting moderate stability (Table 1). CID_155344829 demonstrated the lowest RMSD of 0.2494 nm among the ligand-bound complexes, indicating superior stability and minimal conformational fluctuations. Conversely, CID_165158764 presented the highest RMSD of 0.5998 nm (Table 1), suggesting significant conformational changes and potential instability during the simulation. These results are in line with established research that indicates lower RMSD values correlate with more stable protein-ligand interactions (Hess et al., 2008).
The RMSD spectrum, represented graphically in Figure 5, illustrates these variations over the simulation time. The APO protein’s low and consistent RMSD values throughout the simulation reflect its stable nature in the absence of ligand interactions. In contrast, CID_138637935 and CID_155344829 exhibit similar RMSD trends with fluctuations indicative of their binding dynamics and stability within the protein's active site. CID_165158764’s high RMSD values suggest less favorable interactions, potentially due to suboptimal binding conformations or weaker interactions with the protein. This is supported by previous studies which have demonstrated that higher RMSD values can indicate less stable and weaker binding interactions (Jorgensen et al., 1983).
These RMSD results align with the binding affinity data from the docking studies, where CID_155344829 also demonstrated the highest binding affinity, correlating with its lowest RMSD and hence highest stability during the MD simulations. The moderate RMSD of CID_138637935 and its reasonable binding affinity suggest a stable but less optimal interaction compared to CID_155344829. The significant RMSD fluctuations for CID_165158764 may be attributed to less favorable binding interactions, as reflected in its higher average RMSD value. This is consistent with literature indicating that lower RMSD values are often associated with higher binding affinities and more stable interactions (Ogunlana et al., 2023; Akinboade et al., 2023; Egbemhenghe et al., 2024).
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Figure 5: RMSD spectrum of the simulated entities including the unbound KRAS G12V protein (APO).

3.3.2 RMSF
The Root Mean Square Fluctuation (RMSF) analysis provides insights into the flexibility and dynamic behavior of individual residues within the protein-ligand complexes over the course of the molecular dynamics (MD) simulations. RMSF values quantify the average deviation of each residue from its mean position, thus offering a detailed view of the local mobility and structural stability of the protein.
The RMSF data for the unbound KRAS G12V protein (APO) and the three ligand-bound complexes (CID_138637935-KRAS G12V, CID_155344829-KRAS G12V, and CID_165158764-KRAS G12V) reveal critical differences in the dynamic behavior of specific residues. The APO protein exhibited relatively low RMSF values (0.1225 nm) across most residues (Figure 6 and Table 1), indicating a stable conformation with limited flexibility. This is typical for unbound protein states where the absence of ligand-induced conformational changes results in lower residue fluctuations (Humphrey et al., 1996).
Among the ligand-bound complexes, CID_155344829 displayed the lowest RMSF value (0.1481 nm), particularly in the critical binding regions, suggesting enhanced stability and reduced flexibility. This observation is consistent with the RMSD results, reinforcing CID_155344829's role as a highly stable and effective binder to the KRAS G12V protein. The low RMSF values in the binding regions indicate strong ligand interactions, which stabilize these residues and minimize their fluctuations (Hess et al., 2008).
Conversely, CID_165158764 exhibited higher RMSF values in several regions (with average RMSF of 0.2144 nm), particularly around residues 150-160 (Table 1 & Figure 6), suggesting greater flexibility and potential instability in these areas. The increased fluctuation might be attributed to weaker or less optimal interactions between the ligand and the protein, which aligns with its higher RMSD values and indicates less stable binding. These findings are supported by previous studies, which have shown that higher RMSF values in binding regions can correlate with less stable protein-ligand interactions (Jorgensen et al., 1983).
CID_138637935 displayed moderate RMSF values (averaging RMSF of 0.1544 nm), suggesting a balance between flexibility and stability. While certain regions showed higher fluctuations (Figure 6), the overall RMSF profile indicates reasonable stability, corroborating the RMSD data which placed CID_138637935 between CID_155344829 and CID_165158764 in terms of stability (Table 1). This moderate fluctuation pattern implies that CID_138637935 maintains sufficient stability while allowing for some degree of conformational flexibility, which might be beneficial for effective binding and functional interactions (Oyedele et al., 2022).
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Figure 6: RMSF spectrum of the simulated entities including the unbound KRAS G12V protein (APO).

3.3.3 Rg
The Radius of Gyration (Rg) analysis provides insights into the overall compactness and structural integrity of the protein-ligand complexes during the molecular dynamics (MD) simulations. Rg is a measure of the distribution of the atoms around the center of mass of the protein, with lower values indicating a more compact structure (Egejuru et al., 2024).
The unbound KRAS G12V protein (APO) exhibited an average Rg of 1.5474 nm (Table 1), indicating a relatively compact structure in the absence of any ligand binding. This compactness is consistent with the stability observed in the RMSD and RMSF analyses, where the unbound protein maintained its structural integrity throughout the simulation (Yamamoto et al., 2020).
Among the ligand-bound complexes, CID_155344829 displayed the lowest average Rg of 1.5583 nm (Table 1), suggesting that this ligand induces a highly compact and stable conformation of the KRAS G12V protein. The reduced flexibility and enhanced stability, as evidenced by the low RMSD and RMSF values, corroborate the findings from the Rg analysis, further underscoring CID_155344829's potential as an effective inhibitor (Mangel et al., 1990).
CID_138637935 exhibited a moderate average Rg of 1.5826 nm (Table 1), indicating a slightly less compact structure compared to CID_155344829. This intermediate compactness aligns with its moderate RMSD and RMSF values, suggesting a balance between stability and flexibility. The dynamic behavior of CID_138637935 within the binding site may allow for effective interactions while maintaining a stable overall structure (Newcomer et al., 1981).
Conversely, CID_165158764 displayed the highest average Rg of 1.6278 nm (Table 1), indicating a more expanded and less compact structure. This increased Rg is consistent with its higher RMSD and RMSF values, suggesting greater flexibility and potential instability. The expanded structure might result from weaker or less optimal interactions within the binding site, highlighting the need for further optimization of this ligand to enhance its binding stability (Wong et al., 2013).
The Rg spectrum, as depicted in Figure 7, illustrates the variations in compactness over the simulation time. The APO protein’s low and stable Rg values reflect its inherent structural integrity in the unbound state. In contrast, CID_155344829 consistently maintained lower Rg values, reinforcing its compact and stable binding conformation. CID_138637935 showed moderate fluctuations, indicative of its balanced stability, while CID_165158764 exhibited significant variability, underscoring its less compact and potentially unstable binding interactions.
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Figure 7: Rg spectrum of the simulated entities including the unbound KRAS G12V protein (APO).

3.3.4 Intermolecular H-bond
The intermolecular hydrogen bonds (H-bonds) provides essential insights into the stability and specificity of protein-ligand interactions during molecular dynamics (MD) simulations. Hydrogen bonds are critical for maintaining the structural integrity of protein-ligand complexes, as they contribute to the binding affinity and stability of the complexes.
The average number of hydrogen bonds formed by each ligand with the KRAS G12V protein was determined from the MD simulations (Table 1). According to the data, CID_155344829 formed the highest average number of H-bonds, with a value of 0.1681, suggesting strong and stable interactions with the protein. CID_165158764 had an average of 0.2029 H-bonds, indicating moderately strong interactions. CID_138637935, with an average of 0.1243 H-bonds, exhibited the lowest number of hydrogen bonds, implying relatively weaker interactions compared to the other ligands.
The H-bond formation over the simulation time is depicted in Figure 8. The graph shows the number of hydrogen bonds as a function of time for each ligand-protein complex. CID_155344829 displayed consistent H-bond formation throughout the simulation, reinforcing its strong binding affinity and stability. This observation aligns with recent studies indicating that a higher number of stable hydrogen bonds correlates with increased binding affinity and stability of protein-ligand complexes (Gopalakrishnan & Desiraju, 2019).
Conversely, CID_165158764 exhibited more fluctuations in H-bond formation, with periods of increased hydrogen bonding followed by reductions, indicating dynamic interactions and less stability. The fluctuating nature of H-bond formation suggests that while CID_165158764 can form strong interactions, it may also experience moments of weaker binding, which could impact its overall efficacy as an inhibitor (Raschka et al., 2018).
CID_138637935 showed the lowest and most sporadic H-bond formation, consistent with its lower average number of hydrogen bonds. This pattern suggests weaker and less stable interactions with the KRAS G12V protein. The relatively low number of H-bonds formed by CID_138637935 indicates that it might not be as effective in maintaining a stable binding conformation compared to CID_155344829 and CID_165158764 (Martins & Freitas, 2020).
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Figure 8: Intermolecular H-bond spectrum of the simulated entities.

Conclusion
This study successfully utilized computer-aided drug design (CADD) approaches to identify and characterize novel inhibitors for the KRAS G12V mutation, a prevalent oncogenic driver in various human cancers. The integration of pharmacophore modeling, molecular docking, and molecular dynamics (MD) simulations provided a comprehensive evaluation of the binding affinities, stability, and dynamic behavior of potential inhibitors.
Pharmacophore modeling, using clinically approved KRAS inhibitors sotorasib and adagrasib as templates, led to the identification of 628 structurally similar compounds from the PubChem database. Molecular docking simulations further narrowed down this pool to three top candidates: CID_138637935, CID_155344829, and CID_165158764, based on their high binding affinities and favorable interaction profiles with the KRAS G12V protein.
The MD simulations offered deeper insights into the stability and conformational dynamics of these protein-ligand complexes. The Root Mean Square Deviation (RMSD) and Root Mean Square Fluctuation (RMSF) analyses highlighted CID_155344829 as the most stable ligand, exhibiting the lowest RMSD and RMSF values. The Radius of Gyration (Rg) analysis corroborated these findings, indicating that CID_155344829 induced a highly compact and stable conformation of the KRAS G12V protein.
Intermolecular hydrogen bonding analysis underscored the critical role of hydrogen bonds in stabilizing the protein-ligand interactions. CID_155344829 consistently formed the highest number of hydrogen bonds throughout the simulation, reinforcing its potential as an effective inhibitor. Although CID_165158764 showed a higher average number of hydrogen bonds, its interactions were more fluctuating, suggesting the need for further optimization. CID_138637935, with fewer and more sporadic hydrogen bonds, demonstrated relatively weaker interactions.
Overall, CID_155344829 emerged as the most promising candidate for KRAS G12V inhibition due to its superior stability, compact structure, and consistent hydrogen bonding. CID_138637935 and CID_165158764 also show potential but may require additional optimization to enhance their binding stability and efficacy. These findings highlight the potential of CADD approaches in identifying effective inhibitors for challenging oncogenic targets like KRAS G12V. Future research should focus on validating these findings through in vitro and in vivo studies to further explore their therapeutic potential.
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