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a b s t r a c t 

ACK1, an intracellular non-receptor tyrosine kinase when abnormally activated and amplified causes nu- 

merous sorts of human cancers, therefore, act as a major target of cancer drug development. Currently, 

there are very small numbers of inhibitors reported for ACK1 inhibition and none of them are in clini- 

cal trials. In this study, to identify potential ACK1 inhibitors, a small dataset was prepared from already 

known inhibitors as a training set for ligand-based pharmacophore model generation using the Hip- 

Hop algorithm available in the Discovery Studio . Selected pharmacophore hypothesis, Hypo1 displayed 

the highest rank and consists of five features including two hydrogen bond acceptors (HBA), two-ring 

aromatic (RA) and one hydrophobic (HYP). Hypo1 was further validated by Receiver Operating Charac- 

teristic (ROC) curve and Güner-Henry (GH) approach which give an ROC value of 0.92 and highest GH 

score of 0.78. Drug-like database was generated from ZINC, ANX, NCI and Princeton database using Lip- 

inski’s rule of five and ADMET descriptors. Validated Hypo1 was used for searching new potential hit 

compounds from the generated drug-like database. From molecular docking analysis, ten potential in- 

hibitor compounds were selected on the basis of Goldscore > 67.72, the score of reference inhibitor Dasa- 

tinib. Furthermore, molecular dynamics simulation study was performed to study the stability of docking 

conformations. Subsequently, molecular dynamics simulation analyses revealed that the Hit1 and Hit2 

compounds have desirable molecular interaction with key residues Thr205 and Ala208 in the hinge re- 

gion of ACK1 with better binding affinity. Finally, various pharmacokinetic properties over the Hit1 and 

Hit2 compounds were analyzed using pkCSM tool and it was found that our hit compounds have shown 

comparable results with reference. Therefore, we propose the Hit1 and Hit2 compounds may be crucial 

against ACK1 as potential anticancer agents subjected to experimental validation. 

© 2021 Elsevier B.V. All rights reserved. 

1

r

s

A

r

l

a

n

A

m

[

t

7

m

p

i

G  

r

s

p

h

0

. Introduction 

Activated Cdc42-associated kinase (ACK1/TNK2) was initially 

ecognized as a tyrosine kinase that especially binds to cell divi- 

ion control protein 42 homolog (Cdc42) in its GTP bound form [1] . 

CK1 corresponds to one of the 10 families of mammalian non- 

eceptor tyrosine kinases [2] . In humans, the gene coding ACK1 

arge protein is positioned on chromosome 3q29, having 1038 

mino acids (140 kDa) [3] . The crystal structure for the ACK1 ki- 

ase domain has been resolved and reveals complete details about 

CK1 [4] . ACK1 family members are ubiquitously expressed but 
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ostly expressed in the brain, thymus, spleen and skeletal tissues 

5] . Several studies have shown that ACK1 is involved in the con- 

rol of cell growth, cell adhesion, and degradation of receptor [4- 

] . Additionally, ACK1 is required for apoptosis induction by tu- 

or necrosis factor [8] . The activation of ACK1 occurs by multi- 

le receptor signals like epidermal growth factor receptor (EGFR), 

nsulin, platelet-derived growth factor receptor (PDGFR), integrin, 

as-6 receptor (Mer) and heregulin [ 5 , 9 , 10 ]. ACK1 senses all these

eceptor signals by interacting membrane bound receptor tyro- 

ine kinases (RTKs) and helps in intra-cellular communication by 

hosphorylating downstream effectors [11] . The oncogenic activa- 

ion mechanism of ACK1 by anomalous overexpression, amplifica- 

ion and mutation has been well documented in several forms of 

uman cancers counting prostate, pancreatic, breast, ovarian, gas- 

ric, lung, pancreatic, ovary and hepatocellular carcinoma [ 10 , 12 ]. 

https://doi.org/10.1016/j.molstruc.2021.130200
http://www.ScienceDirect.com
http://www.elsevier.com/locate/molstr
http://crossmark.crossref.org/dialog/?doi=10.1016/j.molstruc.2021.130200&domain=pdf
mailto:kwlee@gnu.ac.kr
https://doi.org/10.1016/j.molstruc.2021.130200
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mong these reported mechanisms gene amplification is the ma- 

or cause of ACK1 induced cancers [11] . The hyper activation of 

CK1 results in the overexpression of mainly three essential sig- 

aling proteins such as androgen receptor (AR), Wwox and AKT 

 10 , 11 ]. All of them are known to plays a significant role in can-

er pathogenesis [13] . ACK1 phosphorylates Wwox at Tyr287, lead- 

ng to degradation of Wwox protein and this leads to ACK1 stim- 

lated tumorigenesis [11] . AKT, an effective pro-survival signaling 

olecule [14] found to phosphorylate at Tyr176 leads to its acti- 

ation [15] . Over one third of tumors of the breast, prostate and 

ancreatic have AKT activation [16] . In addition, activated ACK1 

lso phosphorylates AR protein at Tyr267 and Tyr363 which leads 

o the activation of AR-dependent genes in the absence of nec- 

ssary amount of androgen, directly enhancing AR transcriptional 

unction and promotes androgen-independent prostate cancer de- 

elopment [17] . A recent study confirmed that point mutations in 

CK1 gene contribute to cause acute myeloid leukemia (AML) and 

hronic myelomonocytic leukemia (CMML) [18] . Currently, ACK1 

as also reported as key drug target in metastatic colorectal cancer 

19] . Therefore, these studies revealed that ACK1 is a valid target 

or developing therapeutics against multiple cancers. Several stud- 

es have been reported in literature which identified small ACK1 

nhibitors [20-23] , but currently none of the compounds are in 

linical trials. A drug repurposing study for ACK1 inhibitors re- 

orted that Dasatinib was most active among all selected drugs 

gainst ACK1 (IC 50 = 1 nM) [24] . In another study it was reported

hat Dasatinib, Bosutinib and AIM 100 were emerged as best stud- 

ed ACK1 inhibitors but were found to have multi-target effects 

nd limited solubility which limits their use in vivo studies [25] . 

herefore, there is still a need for powerful ACK1 inhibitor, which 

an target it more specifically. Hence, we used computational ap- 

roach to identify the crucial structural features and discover novel 

nhibitors of ACK1. For this, a ligand-based pharmacophore model 

as generated from the chemical features of known as inhibitors 

gainst to ACK1. The best pharmacophore model Hypo1 was se- 

ected to screen drug-like database. Potential hit compounds were 

ltered by a docking study. Further, the molecular dynamics simu- 

ations (MD) studies were carried out for finding appropriate mode 

f binding of these potential inhibitor compounds. Finally, in sil- 

co pharmacokinetic properties were analyzed and two compounds 

ith distinct scaffolds were identified as potentially potent ACK1 

nhibitors. 

. Materials and methods 

.1. Dataset preparation and pharmacophore model generation 

For the generation of pharmacophore model, a dataset of 5 

ell-known inhibitors for ACK1 reported in the literature, having 

iverse structures and different IC 50 values were chosen as train- 

ng set [13] . The compound’s 3D structures were downloaded from 

inding database and manually checked [26] . Training set com- 

ounds were energy minimized by using steepest descent algo- 

ithm with CHARMm forcefield in Discovery Studio (DS) v18 ( www. 

ccelrys.com Accelrys Inc. San Diego, USA). Feature mapping proto- 

ol from DS was exploited to analyze common features present in 

he training set compounds and then this information was used 

s input for the Common Feature Pharmacophore generation mod- 

le using Hip-Hop algorithm. Common feature pharmacophore is 

 type of ligand based pharmacophore, and is invented solely for 

he discovery of chemical features shared by specified ligands [27] . 

uring pharmacophore model generation, the most active com- 

ounds Dasatinib and PLX-4032 were given more weightage by 

etting Principal value and Maximum Omitted features to 2 and 

 respectively while a value of 1 was specified for the remain- 

ng training set compounds to label them as fairly active [28] . In 
2 
he Principal value column, and Maximum Omitted Features, these 

alues assure that all of the chemical features in the provided 

ompounds will be studied during the building of pharmacophore 

odel [29] . The BEST algorithm in DS was used to produce a max- 

mum of 255 conformers per molecule, with an energy threshold 

f 20 kcal/mol. The inter-feature distance was 2.97 Å and remaining 

arameters were left default. 

.2. Validation of pharmacophore model 

Pharmacophore validation is an essential step as it makes 

harmacophore more robust for the selection of lead molecules 

rom databases. The validation of generated pharmacophore was 

hecked by Receiver Operating Characteristic (ROC) curve [30] and 

üner-Henry (GH) approach [31] . Validation with ROC curve was 

nitiated concurrently with the generation of pharmacophore. A 

mall dataset was compiled of 13 known active and inactive com- 

ounds. The 5 compounds which were used for pharmacophore 

eneration were taken as known active molecules and other 8 

ompounds were taken as inactive. Furthermore, for GH approach 

 mixed dataset set of 424 compounds was generated which com- 

rised of 24 already known active inhibitor compounds for ACK1 

IC 50 < 100 nm). Selected hypothesis was exploited as a 3D query 

o screen this dataset by Ligand Pharmacophore Mapping protocol 

n DS. The resulted mapping data was used for evaluation of the 

harmacophore quality by solving following [31] equations: 

H = { Ha [ 3 A + Ht ] / 4 HtA × [ 1 − ( Ht − Ha ) / ( D − A ) ] } (1) 

F = ( Ha × D ) / ( Ht × A ) (2) 

H: Güner-Henry score; EF: Enrichment Factor; Ha: number of ac- 

ives in hit list; Ht: total number of hits recovered by pharma- 

ophore; D: total number of compounds in decoy test set; A: total 

umber of actives in decoy test set. 

.3. Drug-like database generation and virtual screening 

Databases contain millions of compounds, thus for creating 

n efficient database with strong drug-like properties, selected 

atabases (Asinex, Zinc, NCI and Princeton) were first sorted. Two 

lters Lipinski rule of five (ROF) and ADMET descriptors available 

n DS were used for this purpose. In the first step, the physiolog- 

cal properties of the compounds were assessed by filtering with 

OF [32] . In order to obtain compounds with strong pharmacoki- 

etic properties, ADMET descriptors [33] , such as: absorption, dis- 

ribution, metabolism, excretion and toxicity were calculated in the 

econd step. Validated pharmacophore model Hypo1 was used as 

D query to screen the drug-like database by Ligand Pharmacophore 

apping protocol in DS. The FAST algorithm was used to generate 

onformations with flexible fitting method. The foremost appropri- 

te compounds were then chosen for molecular docking study. 

.4. Molecular docking 

Human ACK1 crystal structure (PDB ID: 1U4D) bound to debro- 

ohymenialdisine (DBQ) a general kinase inhibitor of 2.1 Å resolu- 

ion [4] was downloaded from the Protein Data Bank (PDB) ( www. 

csb.org ). All the heteroatoms including water molecules were re- 

oved and hydrogen atoms were added. The protein was then pre- 

ared using Clean Protein protocol of DS. All the bond orders were 

orrected and missing residues were added [ 34 , 35 ]. The CHARMm 

orce filed was applied for minimization of protein structure and 

igand. The ACK1 active site was specified within a radius of 6 Å of

he bound inhibitor. Docking calculation was performed by using 

enetic Optimization of Ligand Docking (GOLD v5.2.2) [36] . For scor- 

ng and rescoring function, Goldscore (high) and Chemscore (low) 

http://www.accelrys.com
http://www.rcsb.org
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ere used respectively [37] . The bound ligand DBQ was used for 

he validation of docking program and the most active compound 

asatinib against ACK1 was taken as REF for analysis. 10 poses 

ere produced for each docked ligand and the optimal pose was 

elected on the basis of scoring functions and key intermolecular 

nteractions with active site residues of the protein. 

.5. Molecular dynamics simulations 

Molecular dynamics (MD) simulation was used to understand 

igand binding and stability under simulated physiological condi- 

ions [38] . Selected compounds from molecular docking were sub- 

ected to MD simulation using Groningen Machine for Chemical Sim- 

lations (GROMACS v5.1.5) [39] . Separate simulation systems were 

repared for each selected molecule with ACK1 structure. The pa- 

ameters and coordinate files for ACK1 and selected hit compounds 

ere generated by CHARMMm27 forcefield [40] in GROMACS and 

wisParam [41] respectively. The dodecahedron box and TIP3P wa- 

er model was used for each simulation system. All systems were 

eutralized by addition of 2Na + ions. Before proceeding to dynam- 

cs, energy minimization was performed for 50 0 0 0nsteps by using 

teepest descent algorithm to avoid steric clashes. The equilibration 

f the system was conducted in two phase. First phase was carried 

ut under constant number of particles, volume and temperature 

NVT) ensemble for 1 ns at 300 K, by using V-rescale thermostat 

42] . In the second phase, pressure of each system was equilibrated 

or 1 ns at constant number of particles, pressure and tempera- 

ure (NPT) at 1 bar by Parrinnello-Rahman barostat under periodic 

oundary conditions to avoid edge effects [43] . During simulation, 

INCS algorithm [44] was used to restrain the bond of heavy atoms 

nd Particle mesh Ewald (PME) was used for electrostatic interac- 

ions [45] . The findings were analyzed by using programs DS, GRO- 

ACS, and visual molecular dynamics (VMD) software’s [44] . 

.6. Binding free energy calculations 

The MD simulation trajectories were further used to calcu- 

ate the binding free energy using MM-PBSA (Molecular Mechan- 

cs Poisson-Boltzmann Surface Area) method in GROMACS with 

g_mmpbsa” tool [46] . The MM-PBSA approach is effective and re- 

iable method for the protein-ligand binding interactions in drug 

iscovery related studies [47] . The detailed method and procedure 

sed for the calculation of binding free energy can be found in our 

roup previous publication [48] . 

.7. Prediction of pharmacokinetic properties and novelty assessment 

ia pubchem 

To avoid failure of compounds in clinical trials, investigation of 

ey pharmacokinetic or ADMET properties of final compounds is 

rucial before taking the identified compounds for further drug de- 

elopment [49] . Therefore, ADMET properties of final compounds 

ere calculated by pkCS M (http://structure.bioc.cam.ac.uk/pkcsm) 

nline tool [50] . Such computational information could affect the 

ecision to begin with synthesis whether by traditional medicinal 

hemistry or via combinatorial chemistry strategies [49] . Finally, 

he novelty assessment of the identified hit compounds was done 

sing PubChem search tool [51] . 

. Results and discussion 

In the present study, ligand based-drug design method was 

ntroduced for the identification of the ACK1 inhibitors and the 

chematic representation of the work is summarized in Fig. 1 
3 
.1. Pharmacophore model generation 

Five ACK1 inhibitor structures were used for generating phar- 

acophore model ( Fig 2 ) and Dasatinib, the most active drug 

gainst ACK1, was used as reference compound (REF) in our analy- 

is [24] . 

The different chemical features of the training set compounds 

ere generated by Feature Mapping protocol in Discovery Studio 

DS). This chemical information was used as key input for Common 

eature Pharmacophore Generation protocol in DS. This protocol re- 

ulted in 10 pharmacophore models with different combination of 

eatures and statistical values ( Table 1 ). 

Hypo 1 was selected as the best model based on the rank, fea- 

ures and alignment of the ligands to the pharmacophore, and then 

t was further used as 3D query for screening new potential hit 

ompounds. The selected Hypo 1 contains two hydrogen bond ac- 

eptor (HBA), two ring aromatic (RA) and one hydrophobic (HYP) 

eatures ( Fig 3 ). 

.2. Validation of pharmacophore 

The pharmacophore model Hypo 1 was validated by Güner- 

enry (GH) approach [31] and receiver operating characteristic 

ROC) curve [30] . In ROC curve analysis, the performance of the 

enerated pharmacophore is determined by the area under the 

urve including specificity, sensitivity, true positives and false pos- 

tives [30] . During analysis, Hypo1 was found to have good quality 

ith ROC value of 0.92 (Figure S1). In the GH approach, a decoy 

est set composed of 24 active and 400 inactive compounds was 

repared and subjected to Ligand Pharmacophore Mapping in DS. 

t was suggested that ideally acceptable model should have a GH 

core higher than 0.60 [ 52 , 53 ]. Our mapping results revealed that 

ypo1 mapped 83.33% of active inhibitors. Additionally, the Hypo 1 

isplayed a high GH score of 0.78 and an enrichment factor (EF) of 

2.61 ( Table 2 ). Hence, those results strongly suggested that the se- 

ected Hypo 1 is very acceptable pharmacophore model with good 

uality for the next virtual screening step. 

.3. Drug like database generation and virtual screening 

In present study, four databases of Asinex (213,262), ZINC 

144,766), Princeton (1533,024) and NCI (238,819) were used 

or pharmacophore-based virtual screening (VS). Before the 

harmacophore-based VS, two well-known screening filters such 

s rule of five (ROF) and ADMET rules (Table S1) were applied 

o generate Drug like database [54] . The ROF considers drug like 

roperties and ADMET descriptors account absorption, distribution, 

etabolism, excretion, and toxicity of the molecules. The specified 

evel 0 for absorption property confirms that molecules have good 

ntestinal absorption. Similarly, the solubility level 3 confirms good 

olubility of the compounds. The Blood brain barrier (BBB) level 

as specified 3 which ensure the low level penetration of the com- 

ounds in brain cells. Finally, total 61,297 molecules were obtained 

y screening over four databases. 

Then, the pharmacophore model Hypo 1 filter was applied to 

1,297 molecules and 3519 compounds were screened from the 

rug-like database. After applying fit values of greater than 1.46, 

he value of the reference Dasatinib, total 381 compounds were fi- 

ally obtained. 

.4. Molecular docking calculation 

Molecular docking is well known method to predict binding 

ode between protein and the inhibitor [55] . The compounds pro- 

ured from VS were subjected to molecular docking simulation by 

sing GOLDv5.2.2. Before molecular docking the validation of the 
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Fig 1. Schematic workflow of virtual screening process for identifying the ACK1 inhibitors. 

Fig 2. The two-dimensional structures of five compounds used in common-feature pharmacophore generation. 
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ocking method was performed using ACK1 co-crystallized struc- 

ure bound to general kinase inhibitor DBQ (PDB ID: 1U4D) [56] . 

he active site was specified within 6 Å radius around the bound 

igand. The validation result displayed a tolerable RMSD difference 

f 0.43 Å between the predicted pose and the bound pose (Figure 

2). Subsequently, the 381 compounds were subjected for molec- 

lar docking calculation with same specifications used for valida- 

ion purpose to determine their ability to bind with the ACK1. The 

olecular docking results showed that 29 compounds displayed 

reater scores than REF compound, which were Goldscore of 67.72 
i

4 
nd Chemscore of −26.78. Finally, 10 compounds were selected 

hrough analysis of the molecular interaction with key residues 

uch as Lys158, Thr205, Glu206, Ala208, and Asp270 of ACK1 [4] . 

he details of molecular docking score and two dimensional struc- 

ures of selected compounds are shown in Table S2. 

.5. Molecular dynamics simulations 

MD simulations were performed to evaluate the binding stabil- 

ty of the selected potential hits with ACK1 for duration of 50 ns 
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Table 1 

Chemical features of ten hypothesis generated using Hip-Hop algorithm for ACK1. 

Sr. No. Features a Rank b Direct Hit c Partial Hits d Max Fit 

01 RA , RA , HYP, HBA , HBA 59.141 11111 00000 5 

02 RA , RA , HYP, HBA , HBA 57.946 11111 00000 5 

03 RA , RA , HYP, HYP, HBA 57.946 11111 00000 5 

04 RA, HYP, HYP, HBA, HBA 57.815 11111 00000 5 

05 RA, HYP, HYP, HBA, HBA 57.786 11111 00000 5 

06 RA, HYP, HYP, HBA, HBA 57.711 11111 00000 5 

07 RA, HYP, HYP, HYP, HBA 57.397 11111 00000 5 

08 RA , RA , HYP, HYP, HBA 57.138 11,111 00000 5 

09 RA, HYP, HYP, HBA, HBA 57.037 11111 00000 5 

10 RA, HYP, HYP, HBA, HBA 57.037 11111 00000 5 

a Features: RA-Ring aromatic; HYP-Hydrophobic; HBA-Hydrogen bond acceptor. 
b Rank: Higher the ranking score probability of chance correlation is less. The best hy- 

pothesis has the highest rank. 
c Direct hit: indicates whether (1) or (0) a training set molecule mapped every feature in 

hypothesis. 
d Partial hits: a training set molecule mapped every feature in hypothesis but one feature 

in hypothesis. 

Table 2 

Pharmacophore validation result from GH method using decoy test set. 

S. No. Parameters Calculated values 

1 Total no. of molecules in the database (D) 424 

2 Total number of active molecules in the database (A) 24 

3 Total number of active molecules in the retrieved hits (Ht) 28 

4 Number of retrieved hits by pharmacophore (Ha) 20 

5 % Yield of actives [(Ha/Ht) × 100] 71.42% 

6 % Ratio of actives [(Ha/ A × 100)] 83.33% 

7 False negative[A-Ha] 4 

8 False positive[Ht-Ha] 8 

9 Goodness of fit 0.78 

10 Enrichment factor (EF) 12.16 

Fig 3. Chemical features present in the selected Hypo 1. (A) Green, brown, and cyan colors indicate hydrogen bond acceptor (HBA), ring aromatic (RA), and hydrophobic 

(HYP) features, respectively. (B) The inter-features distance of Hypo1 displayed in angstrom ( ̊A). 
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3

57] . The MD simulation trajectories were analyzed through RMSD, 

otential energy, hydrogen bond distance and binding mode anal- 

sis. Compounds which were not able to display stable behavior 

nd desirable molecular interactions during simulation run were 

xcluded from further analysis. The details of MD simulation sys- 

ems and analysis for final hit compounds has been shown in Table 

3 and Figure S4. 

Stability of the complexes during simulation was measured by 

MSD value of protein backbone atoms [58] . It was observed that 

EF, Hit1, and Hit2 displayed stable RMSD values under the thresh- 

ld value ( < 3 Å). Furthermore, the potential energy analysis of Hit1, 

it2 and REF inhibitor suggested that the entire energy of the sys- 
r

5 
em remained stabled during the 50 ns simulation run ( Fig 4 and 

able S4). The intermolecular H-bond forming potential of Hit1, 

it2 and REF compound were calculated using simulation trajec- 

ories and it was observed that Hit1 can form more number of 

ydrogen bond this is followed by REF and Hit2 analyses further 

onfirms that protein ligand complexes were remained stable dur- 

ng MD simulation run ( Fig 4 C and Table S4). 

.6. Binding mode and molecular interactions analysis 

The active site of ACK1 is composed of hinge, hydrophobic and 

ibose binding pocket [ 4 , 23 ]. The hinge region comprising the key 
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Fig 4. A) RMSD plot, B) Potential energy estimation, C) H-bond analyses and D) Binding free energy calculation for REF, Hit1 and Hit2 to understand protein-ligand stability 

and binding affinity. Red, purple and cyan colors represents REF, Hit1 and Hit2 respectively. 

Table 3 

Molecular interactions of the REF, Hit1 and Hit2 with ACK1 obtained after 50ns molecular dynamics simulation. 

Name 

Hydrogen Bond Interactions 

Van der Waals Interactions π - π / π-alkyl interactions 
Amino acid Amino acid atom Ligand atom Distance [ ̊A]( < 3.5) 

Hit1 Ala208 HN O13 1.97 Gly133, Asp134, Gly135, Met181, Gly211, 

Gly269, Phe271 

Leu132, Val140, Ala156, Ile190, 

Leu259 Thr205 OG1 H32 2.78 

Glu206 O H33 2.40 

Lys158 HZ2 O14 3.34 

Hit2 Ala208 O H30 1.77 Gly135, Val140, Lys158, Glu177, Glu206, 

Pro209, Gly211, Gly269, Asp270, 

Leu132, Ala156, Met181, Ile190, 

Leu207, Leu259, Phe271, Thr205 HG1 O14 3.23 

REF Ala208 O H48 1.98 Gly133, Val157, Glu177, Pro209, Gly211, 

Ser212, Asp270, Gly269, Phe271 

Leu132, Ala156, Val140, Met181, 

Lys158, Ile190, Met203, Leu259 Thr205 OG1 H53 2.10 
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[

esidues such as Thr205, Glu206, and Ala208. Especially, Thr205 is 

nown as gate keeper residue and Ala208 is a critical role for ACK1 

nhibition [ 4 , 20-23 ]. The hydrophobic and ribose binding pocket 

ave also conserved residues Lys158 and Asp270, respectively [4] . 

herefore, hit compounds, which form stable hydrogen bond with 

hese key residues were given priority as potential hit. 

Binding mode analysis revealed that each inhibitor engaged in 

he ATP-binding site of ACK1 and had similar interactions with 

he residues in the hinge region, hydrophobic and ribose binding 

ocket ( Fig 5 ). The REF, Hit1, and Hit2 inhibitor formed stable hy-

rogen bond with Thr205 and Ala208 of ACK1. The Hit1 addition- 

lly interacted with other key residues Lys158 and Glu206 by hy- 

rogen bonds. It was also observed that both hits and REF dis- 

layed non-polar interactions such as van der Waals, π -alkyl/ π
 π , and π -sulfur interaction. The diverse non-polar interac- 

ions have an significant role in binding interactions with protein 

 59 , 60 ]. The complete details of molecular interactions of all hits

nd REF with residues of ACK1 were given in Table 3 and Fig 5 . 
6 
.7. Binding free energy calculations 

The MM-PBSA method is commonly used for the calculation of 

inding free energies ( �G bind ) of protein-ligand complexes [47] . 

n present study, the MD simulation trajectories of selected hit 

ompounds and REF inhibitor were used for the calculation for 

inding free energy. A total of 50 frames were generated from 0 

o 50 ns simulations ( Fig. 4 D). The major contributor responsible 

or the protein-ligand binding during MM-PBSA analyses was van 

er Waals and electrostatic interactions. The average binding free 

nergy value observed for Hit1 −96.62 kJ/mol, Hit2 −55.82 kJ/mol 

nd REF −71.10 kJ/mol (Table S4). The binding free energy values 

onfirms that Hit1 displayed highest binding affinity toward ACK1 

hich is then followed by REF and Hit2. Unfortunately, Hit2 dis- 

layed high energy values but literature survey revealed that the 

ompound is able to display acceptable amount of binding free en- 

rgy and hence therefore, can be considered as a Hit against ACK1 

 61 , 62 ]. The analyses confirms that both identified hit compounds 
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Fig 5. Binding mode of (A) REF, (B) Hit1, and (C) Hit2 compounds with the active site residues of ACK1. The REF, Hit1, and Hit2 are shown in red, purple and cyan in stick 

model, respectively. The hydrogen bond are represented in green dash line. Lower panel displayed 2D molecular interactions of (D) REF, (E) Hit1, and (F) Hit2 compounds 

with catalytic site residues of ACK1. The hydrogen bond, π- π , π-alkyl, π-cation, π-sulfur, and π- σ interactions are shown as green, pink, orange, yellow, and purple dash 

line, respectively. 

Fig 6. Hydrogen bond analysis between hit compounds and two key residues in the ACK1 during 50 ns MD simulation time. Each plot displayed the distance of hydrogen 

bond of hit compounds with (A) Ala208 and (B) Thr205, respectively. 
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ave the potential to form stable complex with protein under sim- 

lated conditions. 

.8. Hydrogen bond analysis with key residues Thr205 and Ala208 

As mentioned above, it is important that potent inhibitors of 

CK1 interact with Thr205 and Ala208 by hydrogen bond [ 20 , 24 ].

herefore, we measured the distance of hydrogen bond to iden- 

ify efficacy of hit compounds with the ACK1 throughout 50 ns 

imulation run. It was observed that the Hit 1 and Hit 2 formed 

table hydrogen bonds during simulation with Thr205 and Ala208 

 Table 3 and Fig 6 ). The Hit2 formed more stable hydrogen bond

ith Ala208 compared to the Hit1 and REF. On the contrary, hy- 
7 
rogen bond interaction with Thr205 was observed more closely 

o the REF than the Hit1 and Hit2. 

.9. Prediction of pharmacokinetic properties and novelty assessment 

ia pubchem 

In silico assessment of pharmacokinetic or ADMET properties 

lays a pivotal role in facilitating the appropriate selection of can- 

idate drug molecules prior to expensive clinical trials [63] . In the 

resent study, ADMET properties were predicted by using pkCSM 

nline server (Table S5). It was resulted that Hit1 and Hit2 showed 

 moderate level of water solubility, which confirmed that both hit 

ompounds have good oral bioavailability. Caco-2 cell lines used 
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Fig 7. The 2D structures of identified hit compounds. 
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idely as an in vitro model to check the absorption level of orally 

dministered drugs [64] . It was observed that the value for Hit1 

as displayed in the acceptable range of 0.94, while unfortunately 

he Hit2 and REF compounds were not found in the range. Liter- 

ture survey revealed that compounds with absorbance level of 

ower than 30% were classified as poorly soluble. Interestingly, 

ur Hit1 and Hit2 showed very good absorption values of 88.27% 

nd 63.66%, respectively and also showed acceptable skin perme- 

bility potential scores. The P-glycoprotein is an ABC transporter 

rotein that regulate the uptake and efflux of drug thus help in 

bsorption. In present investigation, the REF drug was predicted 

o be P-glycoprotein substrate and inhibitor for both the variants 

f protein studied. Whereas the Hit1 and Hit2 was predicted to 

e substrate and inhibitor of P-glycoprotein I but not predicted 

o inhibit P-glycoprotein II. The volume of distribution (VDss) es- 

imation is important for analyzing the drug distribution in tis- 

ues. The distribution values for Hit1 and Hit2 were found low 

hen compare with REF drug. The fraction of unbound drug in 

lasma was predicted and it was observed that Hit1 showed very 

ess amount unbound which is followed by REF and Hit2. Inter- 

stingly, our hit compounds and REF inhibitor showed very low 

lood brain barrier permeability (BBBP) and Central nervous sys- 

em (CNS) therefore, limiting the chance of nervous system related 

oxicity [65] . The metabolic behavior over the hit compounds was 

lso analyzed by Cytochrome P450 inhibition, an effective detoxi- 

ying enzyme in the body [66] . Different isoforms of Cytochrome 

450 (CYP1A2/CYP2C19/CYP2C9/CYP2D6/CYP3A4) were considered 

n present study. It was observed that Hit2 was not predicted to be 

he substrate or inhibitor of any of the Cytochrome P450 isoform. 

hereas Hit1 and REF compound were predicted to be CYP3A4 

ubstrate or inhibitor therefore can be metabolized in liver. The 

arious parameters were considered for excretion properties pre- 

iction. It was observed that compounds displayed acceptable val- 

es of total clearance and were not found renal Organic Cation 

ransporter 2 (OCT2) substrate. The renal OCT2 is important for 

enal clearance of drug or compounds and its substrate have the 

otential of adverse interactions [67] . The human ether-a-go-go- 

elated gene (hERG) which encodes as potassium ion (K) channel 

aving two subtypes hERG I and hERG II were also considered in 

xcretion parameters. The hERG I is important determinant of nor- 

al repolarization of cardiac action potential therefore its inhibitor 

ay lead to cardio cytotoxicity [68] . Interestingly, our Hit com- 

ounds were not predicted as hERG I inhibitors. The hERG II re- 

orted to regulate action potential duration of beta-cells and play 

 key role in insulin secretion [69] . The identified Hit compound 

ere predicted to be inhibitors hERG II and therefore may affect 

he glucose level. The oral rat acute toxicity (LD 50 ) and oral rat 

hronic toxicity were also predicted and found comparable to REF 

ompound. The identified hits were predicted to be hepatotoxic 

ith pkCSM but nontoxic with Discovery studio therefore contradic- 

ory results were obtained (Table S1). The identified hits and REF 

rug were not predicted to be toxic for AMES toxicity. The AMES 

est is a potential tool in screening the chemical mutations causing 

otential in DNA of an organism [70] . The identified Hit were pre- 

icted normal skin sensitization, T. Pyriformis and Minnow toxicity. 

he pharmacokinetic properties analyses confirmed that our Hit1 

nd Hit2 are very compatible with the REF compound. Predicted 

esults showed that Hit1 can interact with Cytochrome P450 iso- 

orms and can be toxic to cells. Therefore, we suggest that these 

arameters should be considered carefully during further in vitro 

tudies. 

Finally, novelty assessment for the identified inhibitors was 

one by using online PubChem search tool [51] . Results verified 

hat both hits were not used in vitro studies against ACK1, hence 

an be suggested as promising novel inhibitors of ACK1. The 2D 

iagrams, SMILES code, and IUPAC names were generated for iden- 
8 
ified inhibitors by using BIOVIA draw 2019 ( Fig 7 and Table S6). 

t was observed that identified inhibitors Hit1 and Hit2 are from 

rinceton database. 

.10. In silico assessment of identified hits specificity 

The kinases are one of the most popular classes for drug tar- 

ets as they are involved in cellular signaling pathways. Kinases are 

eported to shares significant structural similarities among other 

embers of the same class. This can cause specificity problems 

or newly designed inhibitors and can lead to side effects [71] . 

herefore, in order to achieve the higher specificity we have se- 

ected five different kinases which were previously considered for 

pecificity assessment of repurposed drugs against ACK1 [24] . The 

elected kinases (EGFR PDB: 4HJO, ABL2 PDB: 2XYN, MEK PDB: 

E8N, PDPK1 PDB: 1H1W, PIK3CA PDB: 3ZIM) were downloaded 

rom PDB databank and prepared for molecular docking using sim- 

lar parameters mentioned in methods [72-76] . The Hit1, Hit2 was 

ocked with aforementioned PDB’s. The co-crystal bound ligands 

f respective kinase, DBQ-ACK1 bound and Dasatinib multi-target 

nticancer agent are also docked for REF (Table S7). On the basis 

f predicted molecular docking score Hit1 and Hit2 was observed 

o be significantly less effective for all the tested kinases. How- 

ver, hits showed moderate level of docking score against EGFR 

nd ABL2 but the score was not observed better that the REF com- 

ounds. Further, the representative pose of Hit molecules against 

ach kinase was selected and shown in (Figure S4 and S5). It was 

bserved that both the hit molecules forming lesser number of hy- 

rogen bond interactions with key residues than respective REF 

nhibitor further confirm that they have less potential to interact 

ith selected kinases similar approach was also applied in previ- 

us study [77] . On the other hand, identified Hit compounds dis- 

layed higher docking than DBQ and Dasatinib in case of ACK1 and 

ound to target conserved gate keeper residue Thr 205 through 

ydrogen bond during MD simulation study. The hydrogen bond 

ith conserved residues Thr205 was reported to be critical for in- 
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ibition of ACK1 in biochemical and auto phosphorylation assays 

20] . Hit compounds also forms hydrogen bonds with hinge region 

esidue A208 which is found targeted in all available crystal struc- 

ures of ACK1. Therefore, we argued that identified Hit compounds 

ay act as selective inhibitors against ACK1 with high affinity. 

. Conclusion 

The abnormal state of ACK1 leads to the progression of dif- 

erent kinds of cancers in humans by phosphorylating multi- 

le signaling molecules. In present study, we employed compu- 

ational pharmacophore-based approach to identify novel poten- 

ial hit molecules against ACK1. The drug-like database was gener- 

ted from four selected databases, retrieving a total of 61,297 com- 

ounds. Virtual screening on these compounds were performed 

ith validated pharmacophore model. A total of 381 compounds 

ere selected for molecular docking studies. The docking analysis 

evealed that 10 potential compounds have higher docking score 

han REF with desirable key residues interactions. Molecular dy- 

amics simulation was run for 50 ns to study the stability of the 

ocking conformation and after detailed analyses it was observed 

hat, two hit compounds displayed stable RMSD and formed hy- 

rogen bonds with key residues Thr205 and Ala208. Furthermore, 

arious pharmacokinetic properties were predicted by using pkCSM 

or the two hits and REF compounds. Overall, it was observed that 

ur both hit molecules displayed stable behavior with appropri- 

te key residue interactions, good pharmacokinetic properties and 

ave higher specificity for ACK1 among number of kinases. There- 

ore, we suggest that the Hit1 and Hit2 can be new potential lead 

ompound to attenuate ACK1 mediated cancer abnormalities. 
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