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Tyrosine-protein kinase Src plays a key role in cell proliferation and growth under favorable conditions, 
but its overexpression and genetic mutations can lead to the progression of various inflammatory 
diseases. Due to the specificity and selectivity problems of previously discovered inhibitors like 
dasatinib and bosutinib, we employed an integrated machine learning and structure-based drug 
repurposing strategy to find novel, targeted, and non-toxic Src kinase inhibitors. Different machine 
learning models including random forest (RF), k-nearest neighbors (K-NN), decision tree, and support 
vector machine (SVM), were trained using already available bioactivity data of Src kinase targeting 
compounds. The performance evaluation of these models demonstrated SVM as the best model, 
which was further utilized to shortlist 51 highly potent compounds by screening an FDA-approved 
library of 1040 drugs. Molecular docking and molecular dynamic simulation were subsequently 
employed to evaluate the binding affinity and stability of the proposed compounds. Orlistat, acarbose 
and afatinib were identified as the potent leads, demonstrating stable conformations and stronger 
interactions, validated by root mean square deviation (RMSD), root mean square fluctuation (RMSF), 
radius of gyration (RoG), and hydrogen bond analyses. Molecular Mechanics/Generalized Born 
Surface Area (MMGBSA) analysis validated their binding affinities by providing comparably lower 
binding free energies for orlistat (− 33.4743 ± 3.8908), acarbose (− 19.5455 ± 5.4702), and afatinib 
(− 36.4944 ± 5.4929) than the control, dasatinib (− 13.7785 ± 5.8058). Finally, toxicity analysis revealed 
orlistat and acarbose as the possible safer therapeutics by eliminating afatinib as it showed significant 
toxicity concerns. Our investigation supports the advance computational methods utilization in the 
field of drug discovery and suggest further experimental validation of proposed inhibitors of Src kinase 
for their safer use against inflammatory diseases. The ultimate aim of this study is to advance the 
development of effective treatments for inflammatory diseases, linked with Src overexpression.
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Immune-mediated inflammatory diseases are the most prevalent group of conditions, which are characterized 
by dysregulated immune responses1. These chronic conditions encompasses a variety of diseases, including 
rheumatoid arthritis2, systemic lupus erythematosus (SLE)3, atherosclerosis4, inflammatory bowel disease 
(IBD)5, psoriasis6, osteoporosis7, and pemphigoid diseases8. The prevalence of these inflammatory diseases 
varies among them as rheumatoid arthritis has been reported in most of the cases, which are estimated to be 1% 
of all the adults worldwide9. On the other hand, Sjögren’s syndrome, one of the inflammatory disease, has been 
investigated to show potential in least of the world population (i.e. about 0.1–0.6%)10. Among them, systemic 
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lupus erythematosus (SLE) has been reported as the leading cause of deaths in the older studies, suggesting 34% of 
deaths annually11. Major causes of deaths in inflammatory conditions are mostly cardiovascular complications12, 
infections13, organ damage14 and sometimes cancer15.

Genetic mutations in various genes have been considered as a key factor, involved in multiple inflammatory 
immune diseases16. These genetic mutations often result in the overexpression of proteins, encoded by relevant 
genes. The overexpression of certain proteins, especially protein kinases, may contribute to the abnormal growth 
of cells or disruption of normal cellular homeostasis and thus significantly play role in inflammation17. One of the 
most important gene in this regard is Src kinase, which encodes a non-receptor tyrosine kinase protein. In normal 
conditions, it plays a crucial role in various cellular processes including proliferation, migration, differentiation, 
survival and immune responses18. It primarily contains three domains including SH1 domain, SH2 domain and 
SH3 domain. All of these domains involved in performing diverse functions as SH1 domain (also known as 
kinase domain) is responsible for catalytic activity by phosphorylating tyrosine residues on substrate proteins, 
SH2 domain binds to the resulted phosphorylated tyrosine residues, and SH3 domain binds with proline-rich 
sequences to facilitate interactions with other proteins19. Genetic mutations and resulted overexpression often 
influence its normal functioning, leading to either loss or gain of function, which result in inactive kinase or 
enhanced kinase activity respectively20. In both the conditions, the inflammation is promoted as inactive kinase 
potentially leads to the impaired cell growth whereas overactive kinase continuously signal without proper 
regulations. For example, tyrosine kinase protein Src kinase plays a pivotal role in T-cell and B-cell receptor 
signal transduction. Mutations in Src kinase enhance its activity, leading to the hyper activation of B-cells and 
T-cells. These alterations in receptor signal transduction resulted in increased protein phosphorylation, leading 
to a fatal inflammatory condition known as systemic lupus erythematosus (SLE)21,22. Many studies have reported 
Src kinase involvement in immune cell signaling pathways including immunoreceptor, integrin, and c-type lectin 
signaling, which potentially contribute to the inflammatory processes related to atherosclerosis. Moreover, over 
activation of Src kinase in smooth muscle cells may also stimulates their migration from media to the intima 
of the artery wall, forming atherosclerotic plaques23. A study also reported PKCθ, which is a Src kinase family 
kinase, plays a crucial role in T-cell mediated inflammation in inflammatory bowel disease (IBD)24. Some studies 
also investigated potential inflammatory role of Src kinase in various inflammatory pemphigoid diseases25. It has 
been reported that tyrosine protein kinase Src kinase plays a vital role in signaling through Fc receptors, which 
involve in binding and recognizing of immune complexes at the dermal-epidermal junction in pemphigoid 
diseases.

As inflammatory conditions present key health issues, there already have been some inhibitors designed for 
a variety of proteins, reported to involve in inflammatory processes. Likewise, there have been some researches 
done to find a potential inhibitor against Src kinase activity. Significant developments have been reported, 
involving the use computational approaches for finding the potential inhibitors of Src in drug discovery field. 
For instance, a study utilized unbiased molecular dynamic simulation to check the binding process of dasatinib, 
an FDA-approved anti-cancer drug, with Src kinase to inhibit its activity26. Likewise, a recent study incorporated 
computational simulation and 3D-QSAR (quantitative structure-activity relationship) strategies to propose a Src 
inhibitor named CID_7014404727. Apart from all the identified inhibitors, dasatinib have been demonstrated 
to show the highest inhibitory effect as a second-generation Src tyrosine kinase inhibitor (STKI), which has 
also been approved from FDA28. Furthermore, Bosutinib is another FDA-approved drug that has been found to 
show the high inhibitory effect against Src kinase29. Despite their potential against Src kinase, these inhibitors 
showed some limitations like limited efficacy, potential toxicity, resistance development and lack of specificity30. 
All these challenges encouraged us to find a better Src kinase inhibitor, which can have ability to overcome these 
limitations. In this study, a consensus approach integrating machine learning with structure-based repurposing 
of freely accessible FDA-approved drug library was applied. The most accurate and efficiently trained machine 
learning model was employed to check the bioactivity of complete drug library. Subsequently, the MOE software 
was employed for molecular docking of the highly reactive bioactive drugs with Src Kinase, due to its proven 
efficacy in accurately modeling protein-ligand interactions, as demonstrated in numerous studies31,32. Molecular 
dynamic simulation strategy further validated the atomic level stability of our proposed drugs, followed by a 
toxicity analysis. This approach could revolutionize the drug repurposing process by significantly reducing 
the time and cost associated with traditional drug development methods. Furthermore, this approach enables 
for further preclinical and clinical testing of our proposed drugs and also highlights the comprehensive use of 
computer-aided strategies in the field of drug designing.

Methodology
To find a potential inhibitor against Src kinase activity, a machine learning-based approach was integrated with 
the structure-based repurposing. By applying a most accurately-trained machine learning model, an already 
available FDA-approved library was screened, containing 1040 drugs. Comprehensive computational analysis 
including molecular docking, molecular dynamic simulation and post-trajectory analysis like root mean square 
deviation (RMSD), root mean square fluctuation (RMSF) radius of gyration (RoG), hydrogen bond analysis, and 
MMGBSA/MMPBSA analysis allowed us to delve deeper into the identification of a novel Src kinase inhibitor. 
The complete workflow of our used approach is illustrated in Fig. 1.

Retrieval and preprocessing of bioactive data
The complete dataset, consisting 3570 bioactive compounds targeting tyrosine kinase protein Src kinase, was 
acquired from ChEMBL database (https://www.ebi.ac.uk/chembl/) by utilizing ChEMBL websource client 
(Uniprot ID: P12931)33. Subsequently, an open source and widely-used toolkit for chemoinformatics purposes, 
RDKit, was employed to preprocess and filter bioactive compounds on the basis of their issues with canonical 
smiles and possible duplicates34. Following this, the IC50 (half maximal inhibitory concentration) values were 
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extracted from the filtered data and dataset was distributed into three categories based on their IC50 values35. 
The compounds with IC50 values lesser than 1000 nM (i.e. IC50 < = 1000 nM) were categorized as active 
compounds and the compounds with IC50 values greater than 10,000 nM (IC50 = > 10000 nM) were classified as 
inactive compounds. The compounds, having IC50 values between 1000 nM and 10,000 nM were distributed as 
intermediate compounds. IC50 values of the filtered dataset were then converted into pIC50 values using math 
package, to understand the detailed potency of bioactive molecules36.

Comprehensive filtration using ADMET and PAINS analyses
After having our bioactive dataset in well-classified form, a comprehensive filtration of this dataset was 
conducted by employing globally-accepted strategies. Lipinski’s descriptors and pandas tools were utilized 
from RDkit package to identify compounds, which fulfil the Lipinski’s rule of 5 (Ro5). According to this rule, 
a compound has a drug-like properties if its molecular weight is less than 500 Daltons, can accept a maximum 
of 10 hydrogen bonds, can donate a maximum of 5 hydrogen bonds, and its KOW (n-octanol/water partition 
coefficient) is less than 537. To identify Ro5 fulfilling bioactive compounds, Lipinski’s descriptor were assigned to 
whole of the dataset. After having Ro5 fulfilled compounds, intermediate and inactive categorized compounds 
were excluded as a filtration step. Subsequently, seaborn and Matplotlib packages were utilized to visualize the 
graphical interface of Ro5 fulfilled compounds38. Furthermore, a Pan Assay Interference Compounds (PAINS) 
algorithm was applied using RDKit to further validate the Ro5 fulfilled compounds and to exclude the possible 
false positives39.

Descriptor generation and final dataset preparation
Following ADMET and PAINS analyses, further filtration was applied on already filtered dataset before its 
final preparation. This is because sometimes bioactive dataset contains such compounds which exhibits high 
toxicity and mutagenesis profiles due to their unfavorable pharmokinetic properties. Filtering out these sort 
of compounds is always essential for more efficient and precise dataset generation40. For this purpose, a list 
of already defined substructures, by the research group of Brenk et al.41, was employed using RDkit library. 
This list consisted of substructures including phosphates and sulfates (unfavorable pharmacokinetic properties), 
nitro groups (mutagenic), and thiols (highly reactive), which were compiled to screen compounds linked with 

Fig. 1.  A process diagram representing the overall workflow of the methodology employed in this study to find 
potent inhibitors of Src kinase.
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various diseases. After having our comprehensively filtered dataset, PaDEL (Prediction of Activity Spectra for 
Substances) descriptors were utilized to generate molecular fingerprinting properties of the respective bioactive 
compounds in binary form42. Moreover, machine was further assisted by Pandas library43 to shortlist the relevant 
descriptors and reduce dimensionality from described dataset.

Multiple machine learning models building
After having well-prepared dataset of comprehensively filtered bioactive compounds, it was utilized to train 
diverse machine learning models including Decision Tree, Random Forest, K-Nearest Neighbors, and Support 
Vector Machine. All of these machine learning algorithms are widely utilized for drug designing and data 
analysis purposes as each of these models has its distinct classification and regression characteristics. Decision 
Tree consists of a tree-like structure containing a group of nodes where each node perform classification 
and regression tasks by splitting input dataset into output values44, whereas Random Forest involves various 
decision trees to train and test the input data45. Likewise, K-Nearest Neighbors (K-NN) is also an instance-based 
machine learning algorithm that considers its nearest neighbors to classify the input dataset46. Support Vector 
Machine is also widely utilized to perform both supervised and unsupervised tasks on the given input dataset 
but it predominately best at performing supervised learning tasks47. Before delving deeper with those machine 
learning models, the bioactive dataset was assigned into 80/20 fashion, in which 80% data has to be trained and 
20% data to test48. Low variance features of the bioactive dataset were removed using variance threshold function 
of Scikit-learn package to train the ML models more accurately. Following this, cross-correlation matrix analysis 
was performed on remaining features by using corr () function from pandas library to identify and eliminate 
non-correlative features49. Furthermore, recursive feature elimination (RFE), a strategy to select more relevant 
features recursively, was applied on binary dataset using Scikit-learn package50. After reducing overfitting 
features and computational complexity using RFE function, the bioactive dataset was trained and tested. Finally, 
a permutation importance analysis was conducted by employing permutation_importance library from scikit-
learn, to identify the corrected features of best-trained model that are involved in final prediction51.

Cross-validation of trained ML models
After training various machine learning algorithms based on Src kinase targeting bioactive data, LazyPredict 
library and Scikit-learn package were employed to evaluate and validate those models’ performance52. Initially, 
a LazyRegressor from LazyPredict library was employed to automate the training and evaluation of multiple 
regression models including Random Forest (RF), K-Nearest Neighbors (K-NN), Support Vector Machine 
(SVM) and Decision Tree, which were compared with the other 37 machine learning models. The LazyRegressor 
fitted the models on the training data and produced performance metrics for each model based on Root mean 
square error (RMSE), R-squared (R2) values, and overall computation time. The RMSE is a widely used technique 
to evaluate and compare the accuracy of various regression models53, whereas R-squared values measure the 
proportion of dependent variables of regression models, with respect to their independent variables54. The 
performance metrics obtained from LazyRegressor were used to compare the models comprehensively. To 
graphically represent the performance comparison of trained machine learning models with the diverse models, 
seaborn and Matplotlib packages were employed38.

Potential hits selection and docking
Following the performance evaluation of the trained machine learning models, the best model was employed to 
deal with our targeted drugs. This model was applied on already available FDA-approved library of 1040 drugs 
to find potent Src kinase inhibitors from them. When applying this model on our drug library, bioactivities of all 
the dealt drugs in the form of pIC50 values were given as output. The top drugs, having higher pIC50 values, were 
selected and screened through a widely used computational technique for ligand-receptor binding evaluation, 
known as molecular docking55. For this purpose, the PDB structure of tyrosine protein kinase Src kinase (PDB 
ID: 1FMK) was acquired from protein data bank (PDB) (https://www.rcsb.org/)56. The structure was prepared 
prior to docking, by removing ligands and water molecules using Molecular Operating Environment (MOE) 
software57,58. 3D protonation was done on the amino acids of target protein at psychological pH 7.4, which is 
commonly used in computational studies involving biological systems59. MOE software automatically assigned 
the protonation states to amino acids based on this pH. Subsequently, energy minimization was also conducted 
to remove abnormalities in the structure. By employing three different scoring functions (Affinity dG, London 
dG, GBVI/WSA), the in-built triangle matcher placing method of MOE was utilized to analyze the interaction 
profile of Src kinase residues60,61. While screening the drug library, two key parameters (i.e. RMSD and binding 
affinity) were considered. The top drugs, having binding affinity less than − 7.5 and RMSD values less than 
2, were shortlisted for the comprehensive molecular dynamic simulation analysis62. Discovery studio63 and 
PyMol64 visualization software were used to examine the binding interactions of docked drugs.

Molecular dynamic simulation of top hits
For the atomic-level stability validation of potent leads from molecular docking and to check their individual 
atoms mobility in a well prepared environment, molecular dynamic simulation65 was employed. Initially, ff19SB 
force field and Amber22 package were utilized for setting up the system66. Antechamber and parmchk2 packages 
of amber tools were employed to assign required parameters for all the drugs67. After having our prepared 
drugs, a complex preparation amber tool, tleap, was used to facilitate and construct the system. To neutralize 
the system before simulation, respective Na+ and Cl− ions were added in it68. Subsequently, the complex was 
prepared by solvating the system. To initiate the MD simulation, the system was minimized for removing any 
structural deformities. The energy minimization process was carried within two steps as the first step consisted 
of overall 2500 steps, including 1500 steps conjugate gradient and 1000 steps of steepest descent with constraints, 
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whereas in the second step, the 1500 steps were assigned for conjugate gradient and 1000 steps for steepest 
descent but without constraints to rectify conflicts and collisions in the system69. Following the two-step 
energy minimization process, the system was heated for 50ps at about 300 K, in which Langevin thermostat 
algorithm70 was utilized to control temperature and Berendsen barostat algorithms71 was used to check overall 
system temperature. Furthermore, Amber22 Shake algorithm was applied to further strengthen covalent bonds’ 
interactions72. Following this, the system was equilibrated for 1 ns as the pre-final step73. Finally, MD simulation 
of 300 ns for each complex was carried out using pmemd.cuda of amber2274. Finally, the resulted trajectories 
were analyzed using CPPTRAJ package75 for comprehensive assessment.

Free energy calculations
Following the MD simulation of all shortlisted complexes, their binding free energies were evaluated using 
MMGBSA (Molecular Mechanics/Generalized Born Surface Area) and MMPBSA (Molecular Mechanics/
Poisson-Boltzmann Surface Area) methods76,77. Both of these widely-used methods were employed to calculate 
the free energies of all the complexes over the entire production phases of 300 ns of simulation process. To delve 
deeper into the diverse conformational specs of simulated complexes, the parameters was set as overall 30,000 
frames were captured at each interval of 1 ns (i.e. 100 frames). Binding free calculations were denoted by ΔGBind, 
calculated by following equations:

	
∆ GBind − PB/

GB = ∆ EMM + ∆ GSOL( PB
GB ) − T∆ S

	 ∆ EMM = ∆ Einternal + ∆ Eelectrostatic + ∆ Evdw

	
∆ GSOL( PB

GB ) = ∆ GPB/GB + ∆ GSA(PB/GB)

Where ΔEMM is total gas phase energy (sum of ΔEinternal + ΔEelectrostatic + ΔEvdw). ΔGSOL(PB/GB) is sum of polar and 
nonpolar addition to solvation estimated by PB or GB. The conformational entropy during binding is denoted by 
TΔS. The internal energy of the MM force field, ΔEinternal, is obtained from bond, angle, and dihedral parameters.

Toxicity analysis
After comprehensively validating the proposed compounds as inhibitors of Src kinase, a final toxicity analysis 
was performed to ensure their safety inside the body. For this purpose, an open-source deep learning framework 
specifically designed for molecular property prediction, named Chemprop 1.5.2, was utilized that employs the 
graph neural networks (GNNs) to model molecular as graph78. Subsequently, Moleculenet ​(​​​h​t​t​p​s​:​/​/​m​o​l​e​c​u​l​e​n​e​t​.​
o​r​g​/​​​​​)​, a well-established benchmark platform, was chosen to retrieve high-quality dataset for molecular property 
prediction79. The chemprop model was trained based on the acquired dataset, and applied on our proposed 
drugs and control. The expected toxicity of proposed drugs, along with the control, was predicted and illustrated 
using matplotlib and seaborn packages38.

Results
Src kinase is a noon-receptor protein kinase, which usually involves in a variety of cellular processes including 
proliferation, differentiation and migration but when it is overexpressed or being mutated, it can result in the 
progression of various inflammatory immune diseases. To inhibit its activity under abnormal conditions, we 
utilized machine learning and structure-based drug repurposing of FDA-approved drug library, which was 
further validation by molecular dynamic simulation and MMGBSA/MMPBSA approaches.

Retrieval, preprocessing and filtration of bioactive dataset
Tyrosine kinase protein Src kinase targeting 3570 bioactive compounds was acquired from ChEMBL database. 
From the complete acquired dataset, 743 compounds having issues with their smiles and contain duplicates were 
removed for further processing. All of the 2827 filtered compounds were, then, categorized as intermediate, 
active and inactive compounds to standardize their distribution. Their IC50 values were converted to a more 
efficient unit for potency, pIC50. Matplotlib package was utilized to graphically visualize the bioactive dataset 
distribution (Fig. 2).

After converting bioactive dataset in pIC50 values, we performed further filtration by dealing it with the 
Lipinski’s descriptors using Rdkit package. Out of 2827 bioactive compounds, only 1239 fulfilled Lipinski’s rule 
of five based on their fingerprinting data. We, then, filtered the intermediate class as well from our remaining 
bioactive compounds, resulted in the exclusion of 297 compounds. Furthermore, PAINS filtration was applied 
on the remaining 942 bioactive compounds to check false positives among them, which resulted in the further 
elimination of 67 compounds. The remaining high quality bioactive compounds, fulfilling both ADMET and 
PAINS parameters, were then further processed. Graphical visualization of filtered compounds is presented in 
Fig. 3.

Substructures filtration and molecular descriptors generation
Further filtration to remove unwanted substructure from bioactive dataset was applied by defining an already 
available list of substructures. Out of 875 bioactive compounds, only 586 compounds were passed from this 
filtration test, eliminating 365 compounds as undesired substructures. The filtered compounds found to contain 
substructures including 79 aliphatic long chains, 64 Michael acceptors, 59 phosphor and 32 oxygen-nitrogen 
single bonds. These filtered 586 compounds were considered as the most accurate and reliable compounds to 
train machine learning models. The PaDEL descriptors were, finally, applied on these filtered compounds, which 
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assigned the local features of all the molecules in machine-recognizing binary form. These local features are the 
building blocks of each respective molecule, which form the basis of its pharmacological characteristics80.

Model evaluation and performance validation
Following the generation of unique fingerprints for all the comprehensively filtered 586 molecules, we utilized 
them to train different machine learning algorithms including Random Forest (RF), K-Nearest Neighbor (K-
NN), Support Vector Machine (SVM) and Decision Tree. Before training these models, we filtered out low 
variance features from fingerprinting data of those molecules. After having 190 filtered fingerprints out of 881 for 
each compound, we further applied cross-correlation matrix analysis, resulted in the removal of 98 features, as 
depicted in Fig. 4A. The final 92 refined features were subsequently validated using recursive feature elimination 
(RFE) method. RFE further filtered out 29 undesired fingerprints from each bioactive compound (Fig. 4B). After 
having the high quality fingerprinting data, we trained all of the four machine learning models in 80/20 fashion. 
From all of the four models, SVM model showed best performance as its R2 (coefficient of determination) 
score was about 0.38, followed by random forest (0.30), k-nearest neighbors (0.25) and decision tree (− 0.35) 
(Fig. 4C). The permutation importance analysis in Fig. 4D represents the best features of SVM model, which 
were involved in prediction. The top five features having highest importance scores, including PubchemFP37 
(0.033), PubchemFP391 (0.029), PubchemFP392 (0.022), PubchemFP758 (0.018), and PubchemFP261 (0.016), 
played the crucial role in the final prediction.

The performance of each trained machine learning model was evaluated by comparing them with 37 other 
models’ performance. Here, SVM model demonstrated the best performance among all, as indicated by RMSE 
and R-squared values. The R-squared value (Fig. 5A) for SVM model was about 0.4, which was highest among 
all other models including random forest (0.30), K-NN (0.25), and decision tree (– 0.35). Likewise, RMSE values 
(Fig. 5B) for SVM model was lowest among all as it was near to 0, indicating a highly accurate and efficient 
performance. Moreover, computational time taken by SVM model for making prediction was about 0.1 s, which 
suggested it as a very efficient model. While external validation sets were not used in this study, comprehensive 
model evaluation by LazyRegressor was deemed sufficient to validate the results. The overall best accuracy and 
efficiency of SVM model encouraged us to further apply it on our drug library.

Potential hits selection and docking
SVM model was emerged as the best model after performance validation with all the other machine learning 
models. We, then, employed it to screen our desired drugs on the basis of trained bioactive dataset. We applied 
the trained model on FDA-approved library of 1040 drugs to identify the best hits based on their pIC50 values. 
The model gave varied pIC50 values from 4 to 7.7 as output. Many studies reported pIC50 values between 6 and 
8 indicates moderately active drugs, showing good potency81,82. Some studies also suggest that the higher pIC50 

Fig. 2.  Representing the varied pIC50 values of all the Src-targeted compounds, retrieved from ChEMBL.
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values demonstrates higher inhibitory effect of the drug83–85. Therefore, we selected top 51 compounds, having 
pIC50 values over 6.5, for further screening through molecular docking. For initiating docking process, energy 
minimization and 3D protonation of Src kinase structure was done using MOE as a preprocessing docking 
step. Src kinase bound ligands were removed and polar hydrogen were added to get the good binding affinity 
between drugs and receptor. After start of the docking, 41 drugs were screened simultaneously through prepared 
Src kinase 3D structure, resulting in the varied binding affinities ranging from − 4 to − 8.7 kJ/mol. Among all 
the docked compounds, top 3 compounds including orlistat (S-score − 8.7, RMSD 1.6), acarbose (S-score − 7.9, 
RMSD 1.9) and Afatinib (S-score − 7.7, RMSD 1.6) were chosen as they fulfilled previously indicated threshold 
of S-Score below − 7 and RMSD below 2. This criteria was set based on previous molecular docking studies 
involving kinase inhibitors, where docking scores below − 6 to − 7 kJ/mol were shown to indicate strong binding 
affinity and meaningful molecular interactions86. For instance, previous studies on ATP-competitive inhibitors 
have shown that drugs in this range of docking scores have high bioactivity in clinical trials. This guarantees 
that only inhibitors with the potential to be effective were identified for additional research87. Furthermore, an 
already FDA-approved Src kinase drug named dasatinib was also taken as control to evaluate and compare its 
activity with our proposed drugs. Docking results of dasatinib with receptor Src kinase showed its S-score (-6.8) 
and RMSD (2.52) were comparatively low than our proposed drugs. Docking results of top hits, along with the 
control drug, with receptor Src kinase have been shown in Table 1.

Fig. 3.  (A) A radar plot representing the deviation of Ro5-fulfilled bioactive compounds from their mean (B) 
A scatter plot representing the ratio of logP and molecular weight of bioactive compounds in both active and 
inactive categories (C) A bar plot representing the number of filtered compounds from active and inactive 
class.
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A variety of studies have identified orlistat as a drug against obesity88–90, acarbose as a drug against 
diabetes91,92, and afatinib as a drug against diverse cancer93,94. Docking interactions of all these drugs have been 
shown in Figs. 6 and 7, and 8 respectively.

Molecular dynamic simulation
After having top-docked hits against Src kinase, we further investigated the structural changes in best complexes 
for a time span of 300 ns. We considered key parameters like root mean square deviation (RMSD), root mean 
square fluctuation (RMSF), radius of gyration (RoG) and hydrogen bonding between proposed drugs and 
receptor Src kinase to check possible structural alterations and dynamic behavior in simulation time. Along 
with the top drug hits, we also considered already FDA-approved inhibitor of tyrosine kinase protein Src 
kinase, dasatinib, to compare its binding affinity with the proposed drugs. It was taken as a control and showed 
comparably less stability and compactness than the identified drugs of this study.

Fig. 4.  (A) A heatmap representing the correlated features of refined bioactive compounds (B) A line graph 
representing the performance of each fingerprinting feature, validated by recursive function elimination (RFE) 
analysis (C) A scatter plot comparing existing experimental pIC50 values with predicted pIC50 values from 
different trained machine learning models (D) A graph representing the significance of each refined feature 
used in overall prediction by SVM.
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Root mean square deviation
To evaluate the stability and binding conformation of simulated complex, Root Mean Square Deviation (RMSD) 
is widely used technique categorized as a post-simulation trajectory analysis. In this regard, the overall duration 
of MD simulation is also important for analyzing receptor-drug interactions. In this investigation, we conducted 
a thorough 300 ns of simulation for the better estimation of drug stability while binding in receptor’s active site95. 
The dasatinib- Src kinase complex, which was taken as control, showed comparably higher deviations than all of 
our proposed drugs. Its overall RMSD values deviated up to 6 Å, with some stability at 4 Å for first 80 ns. After 
that, it showed some irregularities in the peak for the rest of the simulation process (Fig. 9A). On the other hand, 
RMSD values for orlistat-Src kinase complex showed least deviation at around 2 Å for whole of the simulation 
time, indicating highest stability (Fig.  9B). Likewise, the acarbose- Src kinase complex also exhibited good 
stability for the whole 300 ns simulation as its RMSD values showed stable behavior at around 2.5 Å (Fig. 9C). 
Finally, the complex between afatinib and Src kinase also demonstrated low deviations as the RMSD values kept 

Compound name Pubchem ID S-Score RMSD

Orlistat 3,034,010 − 8.71 1.67

Acarbose 41,774 − 7.92 1.95

Afatinib 57,519,523 − 7.72 1.60

Control (Dasatinib) 3,062,316 − 6.86 2.52

Table 1.  Represents the top 3 drugs out of 1040, along with the control, arranged according to the previously 
indicated criteria.

 

Fig. 5.  (A) A bar graph representing the performance validation of various ML models based on their 
R-squared values (B) A bar graph representing the performance validation of various ML models based on 
their RMSE values.
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below 3 Å, which indicates reliable stability than the control (Fig. 9D). The overall RMSD values indicated that 
all of the proposed drugs form significantly stable behavior with the receptor SRC KINASE, as compared to the 
dasatinib, indicating their potential against inflammatory diseases.

Root mean square fluctuation
As RMSD is the stability measure of the whole complex, the Root Mean Square Fluctuation (RMSF) represents 
the stability and flexibility of the simulated complex on residual level. It measures the flexibility of each residue 
according to it fluctuation from the mean, where high fluctuation indicates higher flexibility (i.e. lower stability) 
and vice versa96. In this investigation, all the complexes, including control, showed surprisingly very stable 

Fig. 7.  Molecular interaction of the Src-acarbose complex (A) Overview of the Src enzyme (gray surface 
representation) with the bound acarbose molecule (red stick representation) within the active site. The 
black box highlights the active site of the Src enzyme. (B) A zoomed-in view of the active site detailing the 
interactions between acarbose and the critical amino acid residues of Src. Acarbose is shown in red stick 
representation, with interacting residues depicted in stick form (gray) and labeled accordingly.

 

Fig. 6.  Molecular interaction of the Src-orlistat complex (A) Overview of the Src enzyme (gray surface 
representation) with the bound orlistat molecule (blue stick representation) within the active site. The 
black box highlights the active site of the Src enzyme. (B) A zoomed-in view of the active site detailing 
the interactions between orlistat and the critical amino acid residues of Src. Orlistat is shown in blue stick 
representation, with interacting residues depicted in stick form (gray) and labeled accordingly.
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Fig. 9.  (A) Representing Root Mean Square Deviation of control (B) Representing Root Mean Square 
Deviation of orlistat-Src kinase complex (C) Representing Root Mean Square Deviation of acarbose-Src kinase 
complex (D) Representing Root Mean Square Deviation of afatinib-Src kinase complex.

 

Fig. 8.  Molecular interaction of the Src-afatinib complex (A) Overview of the Src enzyme (gray surface 
representation) with the bound afatinib molecule (green stick representation) within the active site. The 
black box highlights the active site of the Src enzyme. (B) A zoomed-in view of the active site detailing the 
interactions between afatinib and the critical amino acid residues of Src. Afatinib is shown in green stick 
representation, with interacting residues depicted in stick form (gray) and labeled accordingly.
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behavior throughout the whole simulation (Fig. 10). All of the complexes exhibited least fluctuations and kept 
stable at around 1.7 Å. In all the complexes, first 5 residues showed minimal fluctuations, at about 8 Å for control 
and 5 Å for each proposed drug, indicating the start of simulation process. Likewise, the last 5 residues of all the 
complexes also exhibited slight fluctuations around 4 Å approximately, indicating the completion of simulation. 
The overall RMSF results suggested that all the complexes showed stable behavior throughout the simulation, 
which must be validated by further analysed like RoG and hydrogen bond analysis.

Radius of gyration
After evaluating stability using RMSD and RMSF analyses, we, then, validate the efficacy of the proposed drugs 
by looking into their compactness and conformational stability, using a key metric names radius of gyration 
(RoG)97. To conclude the RoG analysis results, we delve deeper into the resulted values of this analysis. The 
dasatinib-Src complex (control) exhibited comparably less conformational stability than all of the proposed 
drugs and the RoG values were also slightly higher at around 40.3 Å (Fig. 11A). Conversely, the orlistat-Src 
kinase complex demonstrated very stable RoG values at around 38.9, indicating the highest compactness of the 
complex throughout 300 ns simulation (Fig. 11B). Likewise, highly stable RoG values of acarbose-Src kinase 
complex between 38.8 Å to 38.9 Å indicated its highest compactness throughout simulation (Fig.  11C). At 
the end, afatinib complexed with Src kinase also demonstrated highly stable behavior as its values showed less 
deviation at around 38.9 Å (Fig. 11D). All of these RoG values suggested that the proposed drugs complexed with 
the receptor Src kinase exhibited better conformational stability than that of control, which further validated 
their potential and efficacy to inhibit Src kinase for inflammatory diseases’ treatment.

Hydrogen bond analysis
Hydrogens and hydrophobic contacts at the interface greatly improve the interaction of protein-ligand 
complexes98. We determined all of the hydrogen bonds produced in each system according to predetermined 
standards to assess these interactions at the atomic level. A hydrogen bond was deemed created if the hydrogen 
donor-acceptor angle was within 30 degrees and the donor-acceptor distance was within 0.35 nm99. A time-
dependent study of hydrogen bonding is shown in Fig. 12, demonstrating that all three complexes had stronger 
hydrogen bonding networks than the control. This analysis fairly indicates that all three proposed complexes 
have a significant binding affinity, enabling precise binding to Src kinase, which is necessary for their potential 

Fig. 10.  (A) Representing Root Mean Square Fluctuation of control (B) Representing Root Mean Square 
Fluctuation of orlistat-Src kinase complex (C) Representing Root Mean Square Fluctuation of acarbose-Src 
kinase complex (D) Representing Root Mean Square Fluctuation of afatinib-Src kinase complex.
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use against inflammatory disease. The presence of hydrogen bonds consistently throughout the simulation 
indicates strong and stable interactions. Specifically, the analysis revealed that each complex maintained a 
considerable number of hydrogen bonds, underscoring their substantial binding affinity. This strong hydrogen 
bonding network is crucial for maintaining the secondary structure of the protein-ligand complexes, thereby 
enhancing their stability and therapeutic potential.

Free energy calculations
The MM-GBSA and MM-PBSA strategies are commonly employed to re-score the ligand’s docked 
conformation, identifying the most accurate ligand orientation and the optimal binding free energy. The 
estimated overall MMGBSA and MMPBSA values for control were − 13.7785 ± 5.8058 and − 2.3095 ± 5.7438. 
For the orlistat, acarbose and afatinib complexes, the MMGBSA values were calculated to be − 33.4743 ± 3.8908, 
− 19.5455 ± 5.4702, and − 36.4944 ± 5.4929 respectively (Table 2), and MMPBSA values were − 13.5671 ± 4.2658, 
−  12.0854 ± 4.9705, -and 16.9450 ± 4.0926, respectively (Table  3). These results demonstrated that proposed 
drugs complexes with the receptor Src kinase showed lower binding free energy than control, suggesting highest 
binding affinity and stability between them.

Van der Waals energy (vdW), electrostatic energy (EEL), surface energy (ESURF), Poisson-Boltzmann 
energy (EPB), polar energy (EnPolar), Generalized Born energy (EGB), and surface energy (ESURF) are among 
the components of binding free energy. These elements work together to shed light on the interactions between 
molecules. Overall, the MM-GBSA and MM-PBSA studies ranked the three potential inhibitors, including 
orlistat, acarbose, and afatinib, higher in binding affinity than the control (Fig.  13), confirming their strong 
binding against Src kinase, which is linked with various inflammatory diseases.

Analysis of toxicity profile
Finally, we calculated the toxicity profile of the proposed drugs, including orlistat, acarbose, afatinib and control 
(dasatinib), which demonstrated varying degree of toxicity as depicted in Fig. 14. Along with the control, afatinib 
also showed surprising toxicity concerns as its NR-AhR marker peaked at 0.75, demonstrating its binding and 
activation of aryl hydrocarbon receptor (AhR) that suggests it could behave as xenobiotic or environmental 
toxicant. Likewise, its marker’s peak with SR-ARE at about 0.75 indicated it’s binding with nuclear factor 
erythroid 2-related factor 2, which may lead to oxidative stress. Furthermore, its exceeded threshold with SR-

Fig. 11.  (A) Representing Radius of Gyration of control (B) Representing Radius of Gyration of orlistat-Src 
kinase complex (C) Representing Radius of Gyration of acarbose-Src kinase complex (D) Representing Radius 
of Gyration of afatinib-Src kinase complex.
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MMP (0.69) and SR-p53 (0.58) demonstrated the mitochondrial toxicity, DNA damage and other genotoxic 
effects. In contrast, orlistat and acarbose displayed more balanced toxicity profiles, with no significant peaks 
exceeding 0.5 threshold, suggesting these two drugs as better therapeutic options. This analysis provides critical 
insights for guiding future clinical development and potential therapeutic applications of these compounds.

Drug name vdW EEL EPB EnPolar TOTAL + STD (Kcal/mol)

Orlistat − 47.3805 − 5.0151 27.3354 − 34.3541 − 13.5671 ± 4.2658

Acarbose − 36.2241 − 12.0929 34.8462 − 28.2797 − 12.0854 ± 4.9705

Afatinib − 49.1236 − 128.6558 149.5679 − 31.6261 − 16.9450 ± 4.0926

Control − 28.8002 − 2.2707 12.7330 − 19.8464 − 2.3095 ± 5.7438

Table 3.  Represents binding free energies of each complex, calculated by MMPBSA.

 

Drug name vdW EEL EGB ESURF TOTAL + STD (Kcal/mol)

Orlistat − 47.3805 − 5.0151 24.9509 − 6.0295 − 33.4743 ± 3.8908

Acarbose − 36.2241 − 12.0929 34.2599 − 5.4884 − 19.5455 ± 5.4702

Afatinib − 49.1236 − 128.6558 146.9905 − 5.7056 − 36.4944 ± 5.4929

Control − 28.8002 − 2.2707 22.6055 − 3.3131 − 13.7785 ± 5.8058

Table 2.  Represents the binding free energies of each complex, calculated by MMGBSA.

 

Fig. 12.  (A) Representing hydrogen bonding of control (B) Representing hydrogen bonding of orlistat-
Src kinase complex (C) Representing hydrogen bonding of acarbose-Src kinase complex (D) Representing 
hydrogen bonding of afatinib-Src kinase complex.
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Discussion
The primary aim of our study was to propose a comprehensive and efficient approach by combining both 
structure-based drug designing and the use of machine learning in the field of drug discovery. This integrated 
approach was utilized to target a crucial non-receptor protein kinase, Src kinase, reported to have its role in 
causing and progressing various inflammatory diseases including systemic lupus erythematosus (SLE)3, 
rheumatoid arthritis2, atherosclerosis4, psoriasis6, pemphigoid diseases8, osteoporosis7, and inflammatory 
bowel disease (IBD)5. Because of its involvement in inflammatory signaling pathways, Src kinase is a crucial 
therapeutic target. However, the current FDA-approved inhibitors, such as dasatinib, have drawbacks such as 
poor selectivity, specificity, and off-target effects30. As studies reported that both mutations and overexpression 
of Src kinase have been involved in inflammatory diseases, we aimed to inhibit its activity by identifying 

Fig. 14.  A barplot representing the toxicity profile of all the three proposed drugs including orlistat, acarbose 
and afatinib, along with the control (dasatinib).

 

Fig. 13.  (A) A bar graph representing average energy of relevant components, estimated by MMGBSA (B) A 
bar graph representing average energy of relevant components, estimated by MMPBSA.
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potential inhibitors. The pipeline began with the retrieval of 3,570 Src targeting bioactive compounds from 
ChEMBL database, which underwent a variety of refinement phases including removal of duplicates, ADMET 
and PAINS analyses, and substructures elimination. This comprehensive refinement resulted in the selection of 
586 compounds from the whole bioactive dataset for further processing. This thorough refinement emphasized 
that the shortlisted compounds were highly accurate, which were further processed to train different machine 
learning models including random forest, decision tree, support vector machine, and k-nearest neighbors. For 
this purpose, these 586 compounds were converted into machine-recognized binary format so that each model 
can recognize and read the respective features. After having binarized dataset, feature selection techniques, 
such as permutation importance analysis and recursive feature elimination (RFE), further refined it to include 
only 92 highly correlated features, enhancing model interpretability and performance. Following this, all of 
the four machine learning models were trained and tested in 80/20 fashion, based on the highly refined and 
accurate bioactive dataset. Among the models tested, Support vector machine (SVM) model stood out as the 
best performing machine learning model as its R2 score (0.38) and RMSE (0.1) were significantly reliable as 
compared to random forest (R2: 0.30, RMSE: 0.11), K-NN (R2: 0.25, RMSE: 0.13), and decision tree (R2: − 0.35, 
RMSE: 0.18). Subsequently, all of the four tested models were further evaluated for their performance validation 
by comparing them with the other 37 machine learning models. The results indicated that SVM outperformed 
all of the compared models, suggesting its high accuracy. Following this, the screening of already available 
FDA-approved library of 1040 drug using trained SVM model resulted in identifying the top 51 compounds, 
having pIC50 values over 6.5, which is usually considered in a range of reliable drug potency. These shortlisted 
compounds were further screened using molecular docking, which provided top 3 compounds, orlistat (S-Score: 
− 8.71, RMSD: 1.67), acarbose (S-Score: − 7.92, RMSD: 1.95), and afatinib (S-Score: − 7.72, RMSD: 1.60), as 
output due to their lower S-scores and RMSD values. Compared to an FDA-approved Src inhibitor dasatinib 
(S-Score: − 6.86, RMSD: 2.52), all of these compounds demonstrated superior binding efficiency, underscoring 
their potential as Src inhibitors. These results represents that the chosen compounds have strong binding affinity 
and potential to inhibit Src kinase. To validate the docking results, all-atom molecular dynamic simulation of 
300 ns was conducted, which assessed RMSD, RMSF, RoG and H-Bond analysis to demonstrate results. The 
comparably lower deviations in the RMSD, RMSF, and RoG values of all the potent leads demonstrated their 
higher binding potential with Src. Furthermore, MMGBSA and MMPBSA evaluation concluded that orlistat 
(− 33.47), acarbose (− 19.55), and afatinib (− 36.49) showed comparatively better stability and binding affinity 
than dasatinib (−  13.78). However, toxicity analysis eliminated afatinib as it exhibited potential safety issue 
related to its interactions with NR-AhR (0.75), SR-ARE (0.75), SR-MMP (0.69) and SR-p53 (0.58), indicating 
its various toxicity effects including environmental and mitochondrial toxicity. Orlistat and acarbose stood out 
as the safer and non-toxic inhibitors of Src kinase protein. One of the key strengths of our investigation is the 
uniqueness of its methodology as we employed multiple computational techniques to enhance the reliability of 
this study. The utilized machine learning algorithms, including RF, decision tree, K-NN and SVM, have been 
widely recognized for their accuracy, efficiency and efficacy100,101. The translational potential of our findings 
is further enhanced by the repurposing of FDA-approved drugs, as these compounds already have established 
safety profiles and pharmacokinetics. Despite these strengths, this research still have some limitations as possible 
inconsistencies in the retrieved bioactive data and intrinsic constraints of molecular simulation studies, which 
may not completely depict the complexity of in-vivo experiments. We suggest the further in-vivo and in-
vitro validation of our proposed drugs before formally use in clinical applications. Our results demonstrate 
the potential of acarbose and orlistat as Src kinase inhibitors with future applications in the management of 
inflammatory diseases. Moreover, the employed strategy can also be applicable for other drug targets as well, 
which broads the scope of our employed strategy. This approach also highlights the use of machine learning 
applications and drug repurposing for the identification of novel Src kinase inhibitors to prevent the progression 
of inflammatory diseases.

Conclusion
As genetic mutations and overexpression of tyrosine protein kinase Src is involved in the progression of various 
inflammatory diseases, we employed a combined machine learning and structure-based drug repurposing 
strategy to inhibit Src kinase activity with the aim to prevent linked inflammatory diseases. By identifying orlistat 
and acarbose as promising candidates using an integrated approach, we addressed crucial off-target binding, 
toxicity and selectivity problems of previously identified inhibitors. The computational strategies used in this 
study including machine learning, molecular docking and molecular simulation, revealed accurate and strong 
binding affinities and stability of the proposed compounds, highlight their potential as effective Src inhibitors. 
This study also suggested the potential use of machine learning-based computational approaches in the field 
of drug discovery and proposed orlistat and acarbose as potent Src kinase inhibitors, which require further 
experimental approval.

Data availability
All data generated or analyzed during this study are included in this published article.
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