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Structure-Based In Silico Screening, ADMET Prediction, and Molecular Docking of Novel Benzylidene-3,4,5-Trihydroxybenzohydrazide and Phenylamino Benzene-Triol Derivatives Targeting Tyrosine Kinase for Anticancer Activity

ABSTRACT-
Background: Lung cancer is one of the most common and deadliest cancers worldwide, contributing significantly to cancer-related morbidity and mortality. Ongoing research in this field focuses on the development of effective preventive strategies, early screening methods, and improved therapeutic interventions to reduce mortality and enhance the quality of life of affected patients. 
Methods: The present study aimed to investigate the potential effects of substituted benzylidene-3,4,5-trihydroxybenzohydrazide derivatives and 5-(substituted phenylamino)benzene-1,2,3-triol derivatives under lung cancer conditions. For this purpose, pre-ADMET analysis, Molinspiration analysis, molecular docking, and docking interaction studies were carried out to evaluate their pharmacokinetic properties and binding interactions with the target proteins.
Results and discussion: Computational investigations demonstrated that the designed substituted benzylidene-3,4,5-trihydroxybenzohydrazide derivatives and 5-(substituted phenylamino)benzene-1,2,3-triol derivatives possess favorable drug-likeness and predicted bioavailability characteristics. To further assess their inhibitory potential toward the tyrosine kinase protein target (PDB ID: 6CU6), a set of thirty newly designed derivatives was subjected to molecular docking analysis.
The docking performance of these compounds was evaluated in terms of MolDock score, hydrogen-bonding interactions, and steric contacts, and the results were benchmarked against the reference tyrosine kinase inhibitor Erlotinib. The standard ligand Erlotinib exhibited the highest binding affinity with a MolDock score of −155.409, forming key hydrogen bond interactions with residues Ser17, Gly15, Asn116, and Asp33. In addition, notable steric interactions were observed with Glu31, Val29, Gly15, Ser17, Asp13, and Asp33, indicating stable accommodation within the active binding pocket.
Among the screened derivatives, compound GA28 demonstrated comparatively strong binding with a MolDock score of −140.836. This ligand established an extensive hydrogen-bonding network involving Gly60, Lys16, Gly13, Val29, Asp33, Tyr32, Arg12, and Thr35, together with steric interactions contributed by Tyr32, Lys16, Ser17, Gly31, Ala18, and Gly15. Likewise, compound GA18 showed appreciable binding affinity, reflected by a MolDock score of −128.656. It formed multiple hydrogen bonds with Arg12, Thr35, Lys16, Gly15, Val14, Ala11, Asp30, Val29, and Glu31, while steric contacts were mainly observed with Asp30, Arg12, Lys16, and Ser17.
Overall, the docking analysis indicates that GA28 and GA18 exhibit favorable interaction patterns and significant binding stability within the catalytic site of the tyrosine kinase target. These observations highlight their potential as promising lead scaffolds for further structural refinement and subsequent experimental validation. 
Conclusion: These findings suggest that the designed compounds exhibit favorable interactions with the active site residues, indicating their potential as tyrosine kinase inhibitors.
Keywords: Docking, lung cancer, Molinspiration, Pre-ADMET, Hydrogen bond interaction.

INTRODUCTION: Lung cancer is one of the leading causes of death in both males andfemalesworldwide. It dominates among men because of its incidenceand mortality while in women it ranked third highest in incidence andsecond in mortality [1]. There are two types of lung cancer based onbiological characteristics and clinical performance; small-cell lungcancer and non-small-cell lung cancer. Small-cell lung cancer accounts15–20% of all lung cancers and within this category 20% occurs insmokers. Non-small-cell lung cancer accounts 80–85% of all lung cancers and can be further categorized into adenocarcinoma, squamous cellcarcinoma and large cell carcinoma [2]. 
There exists aseparate category of never makers who usesubstances other than tobacco like marijuana, e cigarette,etc. which is considered as the seventh most commoncause of lung cancer, worldwide. The prevention measuresof further invasions and maintenance of these disordersinclude limited exposure to air pollution, healthy bodyweight, exercise, healthy diet, protection from unknowncarcinogens from inhalation. Despite numerous advances,the mortality rate from lung cancer has been increasingday by day [3]. There are studies which concentrate onvarious treatment options to this disorder. Stage 1 pre-operative chemotherapy, surgery, high dose stereotacticbody radiations. If the disorder gets locally advanced, 6weeks of course thoracic radiotherapy is proceeded [4]. FDA-approved compounds with established safety profiles. Our approach integrates advanced computational techniques to unravel nuanced details of drug interactions at the molecular level (5).
The last advanced lung cancer can be treated withmolecular targeted therapy like EGFR mutations, geneticalterations and immunotherapy like immune systemaction suppression etc. which helps maintain and preventfurther progression of the lung cancer [6]. Currently, the most commonly employed cancer treatmentsinclude surgery, radiotherapy, and chemotherapy, while targetedtherapies and immunotherapies are receiving increasingattention. Accordingly, chemotherapeutic drugs, biologics, andimmune-mediated therapies are major focuses in current effortsto treat cancer(7).
In the clinical situation, many cancer patientsexhibit a poor response to conventional chemotherapy due tothe development of resistance(8). In-silico approaches such as ADMET profling, network pharmacology, molecular docking, molecular dynamicssimulations function as an integrated computational framework for identifying active compounds in drug discovery. ADMET evaluates substances according to pharmacokinetic and toxicological characteristics, confrming drug-likeness before additional investigation. Network pharmacology elucidates essential molecular targets and pathways, especially advantageous for natural compounds exhibiting multi-target actions. Molecular docking ofers a preliminary evaluation of binding afnity and interaction sites, whereas molecular dynamics simulations confrm ligand stability and interactions throughout time in physiological conditions. GmxMMPBSA enhances binding free energy calculations by integrating entropic and solvation contributions [9]. 
Multicellular organisms live in a complex milieu where signaling pathways contribute to critical links, for their existence. Tyrosine kinases are important mediators of this signal transduction process, leading to cell proliferation, differentiation, migration, metabolism and programmed cell death. Tyrosine kinases are a family of enzymes, which catalyzes phosphorylation of select tyrosine residues in target proteins, using ATP. This covalent post-translational modification is a pivotal component of normal cellular communication and maintenance of homeostasis [10, 11].
 Tyrosine kinases are implicated in several steps of neoplastic development and progression. Tyrosine kinase signaling pathways normally prevent deregulated proliferation or contribute to sensitivity towards apoptotic stimuli. These signaling pathways are often genetically or epigenetically altered in cancer cells to impart a selection advantage to the cancer cells. Thus, it is no wonder that aberrant enhanced signaling emanating from tyrosine kinase endows these enzymes a dominating oncoprotein status, resulting in the malfunctioning of signaling network [12). 
Tyrosine kinases are primarily classified as receptor tyrosine kinase (RTK) e.g. EGFR, PDGFR, FGFR and the IR and non-receptor tyrosine kinase (NRTK) e.g. SRC, ABL, FAK and Janus kinase. The receptor tyrosine kinases are not only cell surface transmembrane receptors, but are also enzymes having kinase activity. The structural organization of the receptor tyrosine kinase exhibits a multidomain extracellular ligand for conveying ligand specificity, a single passtransmembrane hydrophobic helix and a cytoplasmic portion containing a tyrosine kinase domain. The kinase domain has regulatory sequence both on the N and C terminal end [11, 13]. Under normal circumstances, the function of kinases is tightly regulated to maintain a balance between their active and inactive states. However, when RTKs undergo oncogenic activation or transforming abilities, they become constitutively active. This aberrant signaling disrupts the equilibrium between cell proliferation and death [14, 15]. Workspaces are the core components of Molegro Virtual Docker. The main element is the workspace, which displays all of the user's information in terms of molecules (such as proteins, ligands, cofactors, water molecules, and poses), user-defined constraints (shown as small spheres), cavities (shown as a grid mesh), different graphical objects (such as labels, backbone visualizations, molecular surfaces, etc.) and interactions (Hydrogen, Hydrophobic and steric interaction. Molecular docking is a valuable tool in drug discovery, enabling rapid virtual screening and prediction of binding modes. However, it has limitations, including scoring function inaccuracies, neglect of protein flexibility and solvation effects, and potential false results, necessitating experimental validation [16].
Dysregulated RTKs alter the normal cellular biology and confer oncogenic properties, leading to RTK-mediated tumorigenesis. Dysregulation of RTKs can occur through various mechanisms (a) Gain of driver mutation: Examples include the L858R point mutation in EGFR [17]
 (b) Overexpression or genomic amplification: For instance, human epidermal growth factor receptor 2 (HER2) in lung or breast cancer [18] (c) Chromosomal rearrangement or translocation: Such as the BCR-ABL genes in leukemia cases [19] (d) Duplication of kinase domain: Observed in the ErbB family and other kinase families in various cancers [20] (e) Autocrine activation: Illustrated by the synergistic binding of transforming growth factor alpha (TGFα) ligand with the EGFR in lung cancer [21]. 
Targeted drug therapyCancer cells have modifications in their genes or proteins that make them different from normal cells. Consequently, they can develop faster and sometimes could spread. Targeted cancer therapy works by those differences and targets cancer’s specific genes and proteins that contribute to cancer growth and survival. So, it chunksthe growth and spread of cancer cells, which confess the damage to healthy cells. Targeted drugs are often used for advanced lung cancers when conventional drugs don’t afect them, mainly because they have different side effects. Many drugs targeting these pathways have been developed, and there are numerous FDA-approved targeted agents [22].Combination therapy In order to overcome the limitations of target therapy and increase its efficiency, using this treatment in combination with other cancer treatment methods can be more effective. There are multiple examples of combined treatment of target therapy with other common treatments used for NSCLC patients, especially chemotherapy. Various studies have been conducted in this field, which can help to increase the efficiency of target therapy and overcome the limitations of this treatment method, especially drug resistance [23].Scientists are still working to find a suitable drug or vaccine to stop the present outbreak despite many setbacks. Combination drug therapy may have once been the only effective method to identify cancer treatment. [24]. 
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Fig.1. The structure of A. Gefitinib, B. Erlotinib and C. Desatinib
Rational for selecting PDB: 6CU6corresponds to thecrystal structure of the EGFR tyrosine kinase domain bound with an inhibitor. It is widely used inanticancer drug discovery, especially inlung cancer research, becauseEGFR mutations are strongly associated with tumor growth and proliferation in non-small cell lung cancer (NSCLC).
Computational studies:
Physicochemical Profiling and Bioactivity Prediction (https://www.molinspiration.com/services )
Molinspiration Cheminformatics is a robust web-based platform utilized for the high-throughput processing and molecular manipulation of chemical libraries. This computational tool facilitates the quantitative assessment of drug-likeness by calculating essential physicochemical descriptors. Key parameters evaluated include the octanol-waterpartitioncoefficient(logP), molecular weight (MW), Topological Polar Surface Area (TPSA), and the count of hydrogen bond donors and acceptors. These metrics are instrumental in determining a compound’s adherence to established drug-likeness filters, such as Lipinski’s Rule of Five.Furthermore, the platform provides predictive modeling for biological activity using a Bayesian algorithm-based framework. This model utilizes a fragment-based approach to calculate a Bioactivity Score, which reflects the probability of a ligand interacting with specific pharmacological targets, including G protein-coupled receptors (GPCRs), ion channels, kinases, and nuclear receptors(25). The Physicochemical and Pharmacokinetic Parameters in Drug Discovery was shown in Table 1.
TABLE1: Physicochemical and Pharmacokinetic Parameters in Drug Discovery
	Parameter
	Research Significance

	LogP
	Indicates lipophilicity; affects membrane permeability and metabolic stability.

	TPSA
	Correlates with passive transport across biological membranes, including the blood-brain barrier.

	H-Bond Donors/Acceptors
	Critical for molecular recognition and binding affinity at the target site.

	Bioactivity Score
	A score > 0.00 suggests high activity; -0.50 to 0.00 indicates moderate activity.


ADMET Profiling and Pharmacokinetic Prediction (https://preadmet.webservice.bmdrc.org/ )
The optimization of lead compounds and the mitigation of late-stage attrition in the drug development pipeline are critically dependent onearly-phaseAbsorption, Distribution, Metabolism, Excretion, and Toxicity (ADMET) profiling. In this study, the pharmacokinetic landscape of the synthesized/selected compounds was characterized using thePreADMET computational server.The predictive framework utilized the server’s integrated algorithms to quantify essential parameters, including human intestinal absorption (HIA), plasma protein binding (PPB), and metabolic stability. Furthermore, potential toxicological liabilities—specifically hepatotoxicity and hERG (human Ether-à-go-go-Related Gene) channel inhibition—were evaluated to assess the risk of cardiotoxicity and organ-specific adverse effects. These in silico predictions facilitate a streamlined approach to drug discovery by prioritizing candidates with favorable bioavailability and safety profiles. By employing the Pre-ADMET server, this study adopts a high-throughput screening strategy that correlates molecular structure with biological fate. This approach ensures that only compounds possessing a balance of high membrane permeability and low toxicological risk are progressed to subsequent experimental validation(26). The Pharmacokinetic and Toxicological Parameters in Drug Development was shown in Table 2.
TABLE 2: Pharmacokinetic and Toxicological Parameters in Drug Development
	Category
	Descriptor
	Clinical Relevance

	Absorption
	Caco-2 Permeability
	Predicts the rate of drug transport across the intestinal epithelial barrier.

	Distribution
	Plasma Protein Binding
	Determines the fraction of unbound (pharmacologically active) drug in systemic circulation.

	Metabolism
	CYP450 Inhibition
	Assesses the risk of drug-drug interactions and metabolic clearance rates.

	Toxicity
	hERG Inhibition
	Evaluates the potential for QT interval prolongation and cardiac arrhythmia.


Molecular Docking Simulations by molegro virtual docker 6.0:
To elucidate the binding modes and thermodynamic stability of the ligand-receptor complexes, molecular docking simulations were performed on a library of 30 compounds against the EGFR tyrosine kinase domain. The Crystal structure of GMPPNP-bound G12R mutant of human KRAS4b was shown in fig.2.The high-resolution X-ray crystallographic structure of EGFR tyrosine kinase domain(PDB ID: 6CU6), co-crystallized with (3R,5R,7R)-octane-1,3,5,7-tetracarboxylic acid) was retrieved from the RCSB Protein Data Bank for use as the biological target(27).
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Fig.2: Crystal structure of GMPPNP-bound G12R mutant of human KRAS4b


Material and method 
Data set of compounds:The structure of dataset of substitutedbenzylidene-3,4,5-trihydroxybenzohydrazide derivatives was shown in fig.no.03(A) and the structure of dataset of  5-(substituted phenyl amino)benzene-1,2,3-triol derivatives was shown if fig.3(B)
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Fig.3. A: Dataset of substitutedbenzylidene-3,4,5-trihydroxybenzohydrazide derivatives and                               B. 5-(substituted phenylamino)benzene-1,2,3-triol derivatives
Where R: Cl, NH2, CH3, C2H5.
Methodologies:
Molinspiration: The physicochemical properties of the synthesized compounds were evaluated using the Molinspiration online tool. Initially, the chemical structures of the compounds were drawn using ChemDraw 2Dand saved in .mol format. These files were then opened in a text editor (e.g., Notepad) to obtain the structural connection table. The corresponding structural information was copied and submitted to the Molinspiration SMILES generator or drawing toolkit. After submission, the platform generated a comprehensive profile of the compounds, including bioactivity scores and physicochemical parameters such as lipophilicity (LogP), topologicalpolar surface area (TPSA), and drug-likeness properties. These parameters were used to assess the drug-like potential of the compounds. (28).
PreADMET: The ADMET properties of the synthesized compounds were evaluated using thePreADMET online tool. Initially, the chemical structures were drawn in ChemDraw and saved in .mol format. The .mol file was opened in a text editor (e.g., Notepad) to obtain the structural connection table (MDL coding). This structural information was then copied and pasted into the PreADMET web interface for analysis. Upon submission, the platform performed in silico prediction of pharmacokinetic parameters, including absorption, distribution, metabolism, and excretion (ADME), along with toxicity profiles such as Amesmutagenicity and rodent carcinogenicity. These predictions were used for the early-stage screening and evaluation of potential drug candidates.(29).
Molecular Docking: Molecular docking studies were conducted using Molegro Virtual Docker (MVD) version 6.0. The overall workflow comprised ligand retrieval and preparation, protein preparation, active site prediction, docking simulations, and post-docking analysis.
Result and discussion 
TABLE 3:Result of mol-inspiration derivative of substituted benzylidene-3,4,5-trihydroxybenzohydrazide derivatives.
	Sr.NO
	Comp.
	miLogP
	TPSA
	natoms
	MW

	nON
	nOHNH
	nviolations
	Nrotb
	Volm
	MR

	01
	GA1
	1.84
	102.15
	20
	272.26
	6
	4
	0
	3
	234.15
	72.9

	02
	GA2
	1.90
	111.38
	22
	302.29
	7
	4
	0
	4
	259.70
	79.4

	03
	GA3
	1.18
	131.61
	23
	318.29
	8
	5
	0
	4
	267.71
	81.1

	04
	GA4
	1.75
	147.97
	23
	317.26
	9
	4
	0
	4
	257.49
	79.5

	05
	GA5
	1.77
	147.97
	23
	317.26
	9
	4
	0
	4
	257.49
	79.5

	06
	GA6
	1.80
	147.97
	23
	317.26
	9
	4
	0
	4
	257.49
	79.5

	07
	GA7
	1.18
	131.61
	23
	318.29
	8
	5
	0
	4
	267.71
	81.1

	08
	GA8
	2.47
	102.15
	21
	306.70
	6
	4
	0
	3
	247.69
	75.0

	09
	GA9
	1.94
	105.38
	23
	315.33
	7
	4
	0
	4
	280.06
	87.2

	10
	GA10
	1.34
	122.37
	21
	288.26
	7
	5
	0
	3
	242.17
	74.6

	11
	GA11
	1.78
	122.37
	21
	288.26
	7
	5
	0
	3
	242.17
	74.6

	12
	GA12
	1.36
	122.27
	21
	288.26
	7
	5
	0
	3
	242.17
	74.6

	13
	GA13
	0.60
	115.04
	20
	273.25
	7
	4
	0
	3
	230.00
	70.7

	14
	 GA14
	2.06
	102.15
	22
	298.30
	6
	4
	0
	4
	261.57
	82.8

	15
	GA15
	2.65
	102.15
	21
	351.16
	6
	4
	0
	3
	252.04
	80.6

	16
	GA16
	1.10
	115.29
	19
	262.22
	7
	4
	0
	3
	215.7
	71.1

	17
	GA17
	1.90
	111.38
	22
	302.29
	7
	4
	0
	4
	259.7
	79.4

	18
	GA18
	2.29
	102.15
	21
	286.29
	6
	4
	0
	3
	250.71
	77.6

	19
	GA19
	2.52
	102.15
	21
	306.70
	6
	4
	0
	3
	247.69
	75.0

	20
	GA20
	2.00
	102.15
	21
	290.25
	6
	4
	0
	3
	239.08
	72.8


TABLE 4:Result of mol-inspiration derivative5-(substituted phenylamino)benzene-1,2,3-triol derivatives
	Sr.NO
	Comp.
	LOgP
	TPSA
	Natoms
	MW 
	nON
	nOHNH
	Nviolations
	Nrotb
	Volume

	01
	GA21
	1.57
	89.78
	18
	245.23
	5
	4
	0
	2
	210.89

	02
	GA22 
	2.25
	89.78
	19
	279.68
	5
	4
	0
	2
	224.43

	03
	GA23
	2.20
	89.78
	19
	279.68
	5
	4
	0
	2
	224.43

	04
	GA24
	2.22
	89.78
	19
	279.68
	5
	4
	0
	2
	224.43

	05
	GA25
	1.90
	135.61
	22
	304.26
	8
	4
	0
	3
	250.79

	06
	GA26
	1.68
	89.78
	20
	273.29
	5
	4
	0
	4
	244.50

	07
	GA27
	1.50
	135.61
	21
	290.23
	8
	4
	0
	3
	234.22

	08
	GA28
	2.37
	135.61
	23
	318.29
	8
	4
	0
	4
	267.59

	09
	GA29
	1.53
	135.61
	21
	290.23
	8
	4
	0
	3
	234.22

	10
	GA30
	1.97
	89.78
	19
	259.26
	5
	4
	0
	2
	227.45


The physicochemical properties of the synthesized compounds were evaluated using the Molinspirationtool to assess their drug-likeness according to Lipinski’s rule of five. The calculated miLogP values ranged from 0.60 to 2.65, indicating moderate lipophilicity suitable for good membrane permeability. The topological polar surface area (TPSA) values varied between 102.15 and 147.97 Å², suggesting acceptable polarity for oral bioavailability. The molecular weight (MW) of all compounds ranged from 262.22 to 351.16 g/mol, which falls within the acceptable limit of Lipinski’s rule (<500 g/mol). The number of hydrogen bond acceptors (nON) ranged from6 to 9, while hydrogen bond donors (nOHNH) ranged from 4 to 5, both within acceptable limits. Importantly, all compounds showed zero Lipinski violations, indicating favorable drug-like characteristics. Additionally, the number of rotatable bonds(Nrotb) ranged from 3 to 4, while molecular volume (Volm) and molar refractivity (MR) were found within acceptable ranges. Overall, these results suggest that the synthesized compounds possess suitablephysicochemical properties and good drug-likeness potential for further drug development studies. The Result of mol-inspiration derivative of substituted benzylidene-3,4,5-trihydroxybenzohydrazide derivatives was shown in Table 3 and the Result of mol-inspiration derivative 5-(substituted phenylamino)benzene-1,2,3-triol derivativeswas shown in Table 4.
TABLE 5: Result of ADME properties with derivativesof substituted benzylidene-3,4,5-trihydroxybenzohydrazide derivatives
	Sr.no
	COMP
	BBB
	CaCO2
	CYP2D6
	HIA
	MDCK
	PGP
	PGB
	SKIN.P

	01
	GA1
	0.395
	17.38
	NON
	78.82
	6.808
	NON
	89.67
	-3.99

	02
	GA2
	0.305
	14.206
	 NON
	78.131
	4.38
	NON
	82.13
	-4.11

	03
	GA3
	0.139
	17.46
	N ON
	60.65
	0.645
	NON
	83.73
	-4.23

	04
	GA4
	0.043
	17.44
	NON
	47.156
	0.075
	Inhibitor
	85.062
	-3.93

	05
	GA5
	0.059
	11.84
	NON
	47.156
	4.394
	Inhibitor
	80.561
	-3.94

	06
	GA6
	0.051
	16.97
	NON
	47.15
	2.52
	Inhibitor
	82.25
	-3.95

	07
	GA7
	0.160
	16.537
	NON
	60.65
	0.645
	NON
	82.81
	-4.23

	08
	GA8
	0.619
	18.161
	NON
	83.99
	0.276
	NON
	96.87
	-4.01

	09
	GA9
	0.416
	15.67
	NON
	81.539
	0.315
	NON
	81.03
	-4.03

	10
	GA10
	0.203
	18.81
	NON
	63.037
	1.159
	NON
	95.55
	-4.14

	11
	GA11
	0.210
	13.31
	NON
	63.030
	4.10
	NON
	94.41
	-4.12

	12
	GA12
	0.228
	15.39
	NON
	63.037
	6.971
	NON
	89.71
	-4.14

	13
	GA13
	0.083
	12.53
	NON
	73.067
	20.27
	NON
	70.85
	-4.50

	14
	GA14
	0.506
	13.43
	NON
	82.45
	5.40
	NON
	97.91
	-3.64

	15
	GA15
	0.791
	20.08
	NON
	86.51
	0.03
	NON
	100.00
	-3.90

	16
	GA16
	0.193
	3.44
	NON
	66.32
	13.40
	NON
	81.60
	-4.38

	17
	GA17
	0.305
	14.20
	NON
	78.13
	4.38
	NON
	82.13
	-4.11

	18
	GA18
	0.577
	18.38
	NON
	79.98
	1.09
	NON
	89.97
	-3.92

	19
	GA19
	0.734
	19.43
	NON
	83.99
	0.78
	NON
	100.00
	-4.03

	20
	GA20
	0.480
	15.84
	NON
	78.88
	2.55
	NON
	89.00
	-4.25


TABLE 6:Result of ADME properties with derivatives of 5-(substituted phenylamino)benzene-1,2,3-triol derivatives
	Sr.No
	COMP
	BBB
	CaCO2
	CYP2D6
	HIA
	MDCK
	PGP
	PPB
	SKIN P.

	01
	GA21
	0.638
	4.28
	Non
	79.02
	78.10
	Non
	87.5
	4.144

	02
	GA22
	0.653
	16.70
	Non
	84.12
	47.43
	Non
	98.48
	-4.204

	03
	GA23
	1.114
	20.44
	Non
	84.12
	88.83
	Non
	86.69
	-4.183

	04
	GA24
	0.960
	16.70
	Non
	84.12
	102.5
	Non
	100.0
	-4.204

	05
	GA25
	0.072
	0.660
	Non
	56.46
	18.03
	inhibitor
	80.89
	-4.110

	06
	GA26
	0.718
	18.61
	Non
	81.00
	5.180
	Non
	86.80
	-3.969

	07
	GA27
	0.057	
	0.526
	Non
	53.03
	30.11
	inhibitor
	82.75
	-4.190

	08
	GA28
	0.097
	1.205
	Non
	59.88
	9.55
	inhibitor
	86.05
	-3.959

	09
	GA29
	0.038
	8.541
	Non
	53.03
	2.934
	inhibitor
	86.45
	-4.191

	10
	G30
	0.963
	4.825
	Non
	80.12
	143.8
	Non
	85.92
	-4.06

	
	


The ADMET prediction results obtained using the PreADMET tool indicated that most of the synthesized compounds exhibited acceptable pharmacokinetic properties. The blood–brainbarrier (BBB) permeability values ranged from 0.043 to 0.791, suggesting low to moderate brain penetration among the compounds. The Caco-2 permeability values varied between 3.44 and20.08, indicating moderate intestinal permeability. All compounds were predicted to be non-inhibitors of the CYP2D6 enzyme, suggesting a lower probability of metabolic drug–drug interactions. The human intestinal absorption (HIA) values ranged from 47.15% to 86.51%, demonstrating generally good absorption potential. The MDCK permeability values showed variability, indicating differences in membrane permeability among the compounds. Most compounds were predicted as non-substrates of P-glycoprotein (PGP), although a few compounds (GA4, GA5, and GA6) were identified as PGP inhibitors. The plasma proteinbinding (PPB) values ranged from 70.85% to 100%, indicating moderate to high binding affinity with plasma proteins. Additionally, the skin permeability (log Kp) values ranged from −3.64 to−4.50,suggesting low skin permeability. The boiled egg model of standard tyrosine kinase drug Erlotinib was shown in fig.4 (A), theboiled egg model representing GA18 was shown in fig.4(B) andtheboiled egg model representing GA 28 was shown in fig.04.(C).Overall, the results indicate that the synthesized compounds possess favorable ADMET characteristics, supporting their potential as promising drug candidates.The Result of ADME properties with derivatives of substituted benzylidene-3,4,5-trihydroxybenzohydrazide derivatives was shown in Table 5, and the Result of ADME properties with derivatives of 5-(substituted phenylamino)benzene-1,2,3-triol derivatives was shown in Table 6.
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Fig.4: A. boiled egg model of standard tyrosine kinase drug Erlotinib, B. boiled egg model representing GA18 and C. boiled egg model representing GA 28
Result of toxicity of compounds by pre-ADMET tool:
TABLE 7: Toxicity result of derivative of substituted benzylidene-3,4,5-trihydroxybenzohydrazide derivatives.
	Sr.No
	COMP
	AMES TEST
	CARCINO MOUSE
	CARCINO RAT
	HERG INHIBITION

	01
	GA1
	Non-mutagen
	Negative
	Positive
	Medium risk

	02
	GA2
	Non-mutagen
	Negative 
	Negative
	Medium risk

	03
	GA3
	Mutagen 
	Negative 
	Negative 
	Medium risk

	04
	GA4
	Non- mutagen
	Negative 
	Negative 
	Medium risk

	05
	GA5
	Mutagen
	Negative 
	Positive 
	Medium risk

	06
	GA6
	Mutagen 
	Negative 
	Negative 
	Medium risk 

	07
	GA7
	Mutagen 
	Negative 
	Positive 
	Low risk 

	08
	GA8
	Mutagen 
	Negative 
	Positive 
	Medium risk 

	09
	GA9
	Mutagen 
	Negative 
	Positive 
	Medium risk

	10
	GA10
	Non-mutagen 
	Negative 
	Positive 
	Medium risk 

	11
	GA11
	Non- mutagen 
	Negative 
	Positive 
	Medium risk 

	12
	GA12
	Mutagen 
	Negative 
	Positive 
	Medium risk

	13
	GA13
	Non-mutagen 
	Negative 
	Positive
	Medium risk 

	14
	GA14
	Non- mutagen 
	Negative 
	Positive 
	Medium risk 

	15
	GA15
	Mutagen 
	Negative 
	Positive 
	Medium risk

	16
	GA16
	Non- mutagen 
	Negative 
	Positive 
	Medium risk 

	17
	GA17
	Non- mutagen 
	Negative 
	Negative 
	Low- risk 

	18
	GA18
	Mutagen 
	Negative 
	Positive
	Medium risk 

	19
	GA19 
	Mutagen 
	Negative 
	Positive 
	Medium risk 

	20
	GA20
	Mutagen 
	Negative 
	Positive 
	Medium risk 


TABLE 8:Toxicity result of derivatives of 5-(substituted phenylamino)benzene-1,2,3-triol derivatives
	Sr.NO
	COMP
	AMES TEST
	CARCINO MOUSE
	CARCINO RAT
	HERG INHIBITION

	01
	GA21
	Mutagen
	Negative
	positive
	Medium

	02
	GA22
	Non mutagen
	Negative
	Negative
	Medium

	03
	GA23
	Non mutagen 
	Negative
	Negative
	Medium

	04
	GA24
	Non mutagen
	Negative
	Negative
	Medium

	05
	GA25
	Mutagen
	Negative
	Positive
	Medium

	06
	GA26
	Mutagen
	Negative
	Negative
	Medium

	07
	GA27
	Mutagen
	Negative
	Positive
	Low

	08
	GA28
	Mutagen
	Negative
	Positive
	Medium

	09
	GA29
	Mutagen
	Negative
	Positive
	Medium

	10
	GA30
	Mutagen
	Negative
	Positive
	Medium



Discussion: The toxicity prediction results obtained from the PreADMET tool showed varying profiles among the synthesized compounds. The Ames testindicated that several compounds such as GA1, GA2, GA4, GA10, GA11, GA13, GA14, GA16, and GA17 were predicted to be non-mutagenic, whereas the remaining compounds showed mutagenic potential. In the carcinogenicity prediction, all compounds were predicted to be non-carcinogenic in mice, while some compounds showed positive carcinogenicity inrats, indicating possible species-specific differences in toxicity. Regarding hERG inhibition, which is associated with potential cardiotoxicity, most compounds exhibited medium risk, whereas GA7 andGA17showedlow risk. Overall, the toxicity predictions suggest that several compounds possess acceptable safety profiles, although mutagenicity and cardiotoxicity risks should be considered during further drug development studies.The Toxicity result of derivative of substituted benzylidene-3,4,5-trihydroxybenzohydrazide derivatives was shown in Table 7 and Toxicity result of derivatives of 5-(substituted phenylamino)benzene-1,2,3-triol derivatives was shown in Table 8.


Result of molecular docking: Molecular docking studies were conducted to investigate the interactions of the selected compounds with the human KRAS protein (PDB ID: 6CU6). Protein–ligand binding occurs through a combination of covalent and non-covalent interactions, with hydrogen bonding and hydrophobic contacts being particularly significant in determining binding affinity and pharmacological potential. Hydrogen bonds are especially critical, as they contribute to the stabilization of drug–receptor complexes and play a fundamental role in maintaining the structural integrity of biomacromolecules such as proteins and DNA. To ensure robust evaluation, docking poses were ranked according to their binding energies, and the conformations exhibiting the most favorable (highest negative) docking scores were selected. These poses represent the strongest predicted affinities of the compounds toward the KRAS receptor, theH- bond interaction and docking pose of GA18 was shown in fig.5,the H- bond interaction and  docking pose of GA28 was shown in fig.6, thereby highlighting their potential as lead candidates for further pharmacological development. The molecular Docking result of  derivative of substituted benzylidene-3,4,5-trihydroxybenzohydrazide derivatives was shown in Table 9 and Docking result of derivatives of 5-(substituted phenylamino)benzene-1,2,3-triol derivatives was shown in 10.

TABLE 9:Docking result of derivatives stituted benzylidene-3,4,5-trihydroxybenzohydrazide derivatives
	S.No
	Compound
	Mol. Dock score
	H-bond Interaction
	Steric Interaction

	01
	GNP402[A]
	-235.128
	 Asp119, Ala146, Asn116, Lys117, Ser17, Ala18, Lys16, Gly60, Cys15, Thr35, Tyr32, Arg12, Asp36, Val29
	Arg12, Thr35, Gly13, Gly60.

	02
	GA1
	-117.455
	Thr58, Asp57, Ser17, Thr35, Gly60, Tyr32, Arg12.
	Thr35, Arg12, Gly13, Gly15.

	03
	GA2
	-120.256
	Arg12, Tyr32, Thr58, Gly60, Thr35, Ser17, Asp57.
	Arg12, Thr35, Gly15.

	04
	GA3

	-119.494
	Arg12, Tyr32, Thr58, Gly60, Thr35, Ser17, Asp57.
	Glu31, Arg12, Gly13, Thr35, Gly15.

	05
	GA4
	-125.226
	Agr12, Tyr32, Thr58, Gly60, Thr35, Asp57, Ser17.
	Arg12, Thr35.

	06
	GA5	
	-137.488
	Asp33, Tyr32, Arg12, Thr58, Gly60, Asp57, Ser17.
	Tyr32, Arg12, Thr35, Ser17, Gly15, Glu31.

	07
	GA6

	-128.73
	Arg15, Tyr32, Thr58, Gly60, Thr35, Asp57, Ser17.
	Asp33, Val29, Gly15, Arg12, Thr35.

	08
	GA7
	-132.415
	Thr58, Ser17, Asp57, Gly60, Arg12, Tyr32.
	Thr35, Arg12, Tyr32, Glu31.

	09
	GA8
	-145.622
	Asp33, Arg12, Tyr32, Thr58, Gly60, Asp57, Ser17.
	Glu31, Val29, Arg29, Ser17.

	10
	GA9
	-131.403
	Gly60, Thr35, Tyr32, Arg12, Val29, Glu31, Lys117, Gly13.
	Arg12.

	11
	GA10
	-121.547
	Tyr32, Arg12, Thr58, Gly60, Ser17, Asp57.
	Glu31, Gly13, Thr35, Tyr32, Arg12.

	12
	GA11	
	-120.334
	Arg12, Tyr32, Thr58, Gly60, Thr35, Asp57, Ser17.
	Glu31, Arg12, Thr35, Gly15.

	13
	GA12	
	-129.5
	Thr58, Asp57, Ser17, Thr35, Gly60, Arg12, Tyr32.
	Thr35, Arg12, Gly60, Gly13. 

	14
	GA13

	-121.568
	Arg12, Tyr32, Thr58, Gly60, Asp57, Ser17, Ala18.
	Arg12, Tyr32, Thr35, Ser17, Gly15.

	15
	GA14
	-133.805
	Arg12 Tyr32, Thr58, Gly60, Asp57, Ser17, Ala18
	Gly13.

	16
	GA15	
	-138.993
	Asp33, Arg12, Tyr32, Thr58, Thr35, Gly60, Asp57, Sen17.
	Val29, Tyr32, Arg12, Thr35.

	17
	GA16
	-130.958
	Arg12, Tyr32, Gly13, Lys117, Glu31, Val29.
	Gly60, Thr35.

	18
	GA17
	-133.948
	Gly60, Lys16, Glu31, Lys117, Gly13, Thr58, Thr35.
	Gly60.

	19
	GA18	
	-128.656
	Arg12, Thr35, Lys16, Gly15, Val14, Ala11, Asp30, Val29, Glu31.
	Asp30, Arg12, Lys16, Ser17.

	20
	GA19

	-117.675
	Thr58, Asp57, Ser11, Thr35, Gly60, Arg12, Tyr32.
	Gly13, Ser17, Thr35, Arg12.

	21
	GA20	
	-120.356
	Arg12, Thr35, Lys16, Gly15, Val14. 
	Arg12, Tyr32, Lys16.
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Fig.5: H- bond interaction and docking pose of GA18
TABLE 10: Docking result of derivativesof 5-(substituted phenylamino)benzene-1,2,3-triol derivatives
	Sr.no
	CODE	
	MOL. DOCK 
SCORE
	HYDROGEN BOND INTERACTON
	STERIC BOND INTERACTION

	01
	GNP402[A]
	-235.128
	 Asp119, Ala146, Asn116, Lys117, Ser17, Ala18, Lys16, Gly60, Cys15, Thr35, Tyr32, Arg12, Asp36, Val29
	Arg12, Thr35, Gly13, Gly60.

	02
	GA21	
	-124.45
	Lys16, Gly15, Tyr32, Arg12, Thr35, Ser17, Gly13
	Tyr32, Asp33, Ser17, Gly15

	03
	GA22
	-122.112
	Asp33, Thr35, Lys16, Gly15, Ala18
	Pro34

	04
	GA23
	-123.022
	Gly15, Lys16, Thr35, Arg12, Tyr32, Ser17, Val14
	Tyr32, Ser17, Asp33, Ala18

	05
	GA24
	-132.558
	Lys16, Gly15, Tyr32, Arg12, Thr35, Ser17, Val14
	Tyr32, Asp33, Ser17

	06
	GA25
	-135.487
	Lys16, Gly15, Tyr32, Arg12, Thr35, Val14
	Gly13, Ala18, Asp33, Ser17, Tyr32

	07
	GA26
	-128.896
	Val29, Gly13, Lys117, Asp33
	Glu31

	08
	GA27
	-144.773
	Val29, Gly13, Asp33, Cys16, Gly60, Tyr32, Arg12
	Lys16, Tyr32

	09
	GA28
	-140.836
	Gly60, Lys16, Gly13, Val29, Asp33, Tyr32, Arg12, Thr35
	Tyr32, Lys16, Ser17, Gly31, Ala18, Gly15

	10
	GA29
	-127.562
	Lys117, Glu31, Lys16, Gly15, Thr35, Asp33, Val14, Ala18
	Gly13, Pro34

	11
	GA30
	-124..013
	Lys16, Gly15, Tyr32, Arg12, Thr35, Ser17, Gly13
	Tyr32, Ser17, Asp33, Ala18


[image: ]
Fig.6: H- bond interaction and docking pose of GA28

Result of molecular docking when standard tyrosine kinase inhibitor drug Erlotinib is docked with GMPPNP- bound G12R mutant of human KRAS4b ( PDBID: 6CU6). The result was shown in table 11. The H bond interaction and docking pose of Erlotinib (standard tyrosine kinase inhibitor) was shown in fig.7
Table 11:Result of molecular docking when standard tyrosine kinase inhibitor drug Erlotinib is docked with GMPPNP- bound G12R mutant of human KRAS4b ( PDBID: 6CU6). 
	Sr.no
	TKI
	MOL. DOCK SCORE
	HYDROGEN BOND INTERACTON
	STERIC BOND INTERACTION

	01.
	Erlotinib 
	-155.409
	Ser 17, Gly15, Asn116, Asp33 
	Glu 31, Val 29, Gly 15, Ser 17, Asp 13, Asp 33


[image: ][image: ]
Fig.7: H bond interaction and docking pose of Erlotinib (standard tyrosine kinase inhibitor)
Among all 30 derivatives compound GA18 which is derivative of 3,4,5 trihydroxy benzoic acid with 4-Methyl benzaldehyed and GA28 which is derivative of 3,4,5 trihydroxy benzoic acid with 2 phenyl amineshows the relatable result with standard tyrosine linase inhinitor in term of binding affinity and interaction. The structure of 3, 4, 5 trihydroxy benzoic acid with 4-Methyl benzaldehyde was shown in fig.8(A) and the structure of 3, 4, 5 trihydroxy benzoic  acid with 2 phenylene diamine was shown in fig.8(B)




A. GA18						B. GA28
Fig.8- (A) 3, 4, 5 trihydroxy benzoic acid with 4-Methyl benzaldehyde  and (B) 3, 4, 5 trihydroxy benzoic acid with2 phenylene diamine
Conclusion:The present study successfully designed and evaluated a series of substituted benzylidene-3,4,5-trihydroxybenzohydrazide derivatives and 5-(substituted phenylamino)benzene-1,2,3-triol derivatives as potential tyrosine kinase inhibitors using computational approaches. The physicochemical analysis performed through the Molinspiration tool demonstrated that all synthesized compounds satisfied Lipinski’s rule of five, indicating favorable drug-likeness characteristics. Parameters such as molecular weight, miLogP, TPSA, hydrogen bond donors and acceptors, and rotatable bonds were found within acceptable limits, suggesting good oral bioavailability and membrane permeability.
ADMET prediction using the PreADMET tool further revealed that most compounds possess acceptable pharmacokinetic properties, including moderate intestinal permeability, satisfactory human intestinal absorption, and low probability of metabolic drug–drug interactions due to their predicted non-inhibitory nature toward the CYP2D6 enzyme. In addition, the compounds generally showed moderate blood–brain barrier permeability and acceptable plasma protein binding characteristics. Toxicity predictions indicated that several derivatives were non-mutagenic and non-carcinogenic, while most compounds exhibited medium to low hERG inhibition risk, suggesting a relatively acceptable safety profile for further investigation.
Molecular docking studies performed against the tyrosine kinase protein (PDB ID: 6CU6) demonstrated that many of the designed derivatives showed significant binding affinity toward the active site residues. Among them, GA18 and GA28 exhibited the most promising interactions, with MolDock scores of −128.656 and −140.836, respectively, which were comparable to the standard tyrosine kinase inhibitor Erlotinib (MolDock score −155.409). These compounds formed multiple hydrogen bonds and steric interactions with key amino acid residues within the active site, indicating stable ligand–protein binding.
Overall, the computational findings suggest that GA18 and GA28 are promising lead molecules with favorable drug-likeness, pharmacokinetic properties, and strong binding affinity toward the tyrosine kinase target. These results highlight the potential of 3,4,5-trihydroxybenzoic acid-based derivatives as candidates for the development of novel tyrosine kinase inhibitors. However, further in vitro, in vivo, and experimental validation studies are required to confirm their biological activity and therapeutic potential for anticancer drug development.
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