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Abstract
Cancer is a major health problem worldwide and one of the leading death-causing diseases. Mirk (Minibrain-related kinase
is a member of the dual-speci�city tyrosine-phosphorylation-regulated kinase (Dyrk) family that is highly upregulated in
various solid tumors and mediates cell survival including lung cancer. Mirk effectively increases the expression of a series
of antioxidant genes, which scavenge the reactive oxygen species and stabilize the p27kip1 that maintain the viability of
the quiescent cancer cell and also mediates the cell cycle and survival of cancer cells by in�uencing the MAPK/ERK
signaling pathway. Hence, Mirk acts as a novel therapeutic target for cancer prevention. Owing to the unavailability of the
three-dimensional structure of Mirk, in the present study, we have modeled the 3D structure of Mirk, based on the crystal
structure of Dyrk1a as a template, and subsequently used it as a target for virtual screening and molecular docking against
a small molecule database. Based on the visual inspection, four best hits such as Chembridge_ID 7768949, 7771055,
7758866, and 7764195 have high binding a�nity, good docking score, and pharmacokinetic properties were shortlisted.
Further, the dynamic stability of lead molecules with modeled Mirk/Dyrk1B was evaluated using 10 ns molecular dynamics
simulation approach. The four hit molecules exhibited good and stable binding complex in the binding pocket of the target
protein. Collectively the �nding of this study suggested that the identi�ed molecules may serve as potential effective anti-
cancer inhibitors for cancer prevention.

Introduction
Cancer is generally characterized by uncontrolled proliferation and impaired apoptosis.  Mirk/Dyrk1B is a member of the
dual-speci�city tyrosine-phosphorylation-regulated kinase (Dyrk) family. It contains four different isoforms such as Dyrk1B,
Dyrk2, Dyrk3, and Dyrk4. Several reports suggested that Dyrk1B plays a crucial role in cancer biology and muscle
differentiation [1-4]. It has the ability to auto-phosphorylate serine/threonine hence it is also characterized as dual function
kinase. The low level of Mirk/Dyrk1B was noticed in normal tissues and it is highly expressed in normal skeletal muscles
and several solid tumors including lung cancer, where it mediates cell survival and differentiation. It elevated the
expression of the antioxidant gene in cancer cells and it reduces the toxic ROS generation by which it mediates the survival
in these cells. In addition, it has the unusual property of being most active in quiescent cancer cells [4, 5]. Genetic alteration
including mutations, translocations, and ampli�cations can lead to various pathological diseases including cancer.
Amplicons are maintained in cancer cells when the ampli�ed genes provide selective growth. A recent study reported that
Mirk is one of the 16 genes within a consistently ampli�ed 660 kb sub-region of the 19q13 amplicon in pancreatic cancer
[6], and ovarian cancer [7]. These amplicons are maintained in most of the cancer cells and provide a selective growth or
survival advantage Dryk1B is the small protein kinase protein that may be closely related to cancer the expression of
Dyrk1B is substantially increases during cell division to cell differentiation, the mode of control on these processes are
poorly understood. Number of evidence has been reported in past decades to discern the impact of knockdown
Mirk/Dyrk1B on apoptosis and how it increases the sensitivity of various cancer cells [3].  Gao et al., [4] reported that Mirk
overexpression promotes the survival of lung cancer cells. It also promotes the survival of differentiating myoblast by
phosphorylating the CDK inhibitors p21, which leads to the accumulation of p21 in the cytoplasm and act as an anti-
apoptotic signaling molecule [8], and also mediate the differentiation of normal tissues like neuronal cells (Dyrk1A),
skeletal muscle (Mirk/dyrk1B), erythropoietic cells (Dryk3) [9-12, 8]. Therefore, Mirk/Dyrk1B acts as a novel therapeutic
target for cancer prevention. Generally, the Mirk activity is not increased by a mutation in cancer cells, however, it
abundantly increases several-fold when the cells leave the cell and become quiescent and also increases when exposure to
chemotherapeutic drugs like 5-Fu and cisplatin [12-14]. During the translation process, the Dyrk kinases can
autophosphorylate on tyrosine and can phosphorylate the other substrate like serine and threonine; hence they are
classi�ed as dual function kinases. The Mirk/Dyrk1B expression level was low in normal colon and lung cancer tissues
[15]. Several studies have been reported that the Mirk has been demonstrated to play a crucial role in regulatory effect on
mortality, and transcription, and cell cycle [9, 11]. The above data on tumor biology studies indicated that the high
expression of Mirk solid tumors can lead the tumor cell survival in different types of human cancer including colon, lung,
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pancreatic ductal adenocarcinoma cell and HeLa cervical carcinoma cells [11, 15, 16].  Knockdown studies of Mirk studies
revealed that it does not cause embryonic lethality and is not essential for normal cell growth and may consider a novel
and important therapeutic target [11]. Hence the present study was designed to �nd the potential Mirk inhibitors via a
computational approach. Due unavailability of the 3-dimensional structure of Mirk, a molecular modeling approach was
done to model the Mirk structure and virtual screening against the modeled structure was performed using phase module
implemented in Schrodinger and molecular docking and simulation were performed to evaluate the interaction of lead
molecules with active site residues and its stability respectively. In addition, the drug-likeness properties of the screened
lead molecules were checked with the Qikprop module. 

Materials And Methods
Template selection and Sequence alignment

The amino acid sequence of human Mirk (Accession number: Q9Y463) was retrieved from UniProtKB/Swiss-Prot database
(http://ca.expasy.org) and submitted to the Pfam server for prediction of active domain. The predicted domain sequence
was subjected to pair-wise alignment using NCBI-BLAST against Protein Data Bank (PDB) to �nd a template with a
suitable identity. Based on the resolution, sequence identity, alignment score, positives, and gaps present between the
template and the target sequences. The high amino acid sequence similarity between the target protein and templates
suggested that 4MQ1 was selected as a suitable template. Multiple sequence alignment of Mirk protein sequence along
with the homologous was generated by Clustal W.

Homology modeling

The 3D structure of human Mirk/Dyrk1B was built by homology modeling. The X-ray crystal structure of 4MQ1 was
retrieved from the PDB (http://www.rcsb.org/pdb) as a template to generate the model. Molecular modeling was performed
using the MODELLER 9v7 (http://salilab.org/modeller) program with default parameters. The sequence �le, alignment �le
was executed by the modeler command prompt. About 5 models were generated for Mirk with their respective DOPE
scores. The model with the least DOPE score was selected for the �nal validation. MODELLER uses a spatial restraint
method to build up protein 3D models. The model was then energy minimized in Swiss-PDB viewer. The outcomes of the
modeled structures were ranked based on an internal scoring function, and those with the least internal scores were
identi�ed and utilized for model validation.

Structure evaluation

The quality of the model was assessed by comparing predicted structure to X-ray solved structure via superposition and
measurement of the C-α Root Mean Square Deviation assessment (RMSD). The predicted model and the template 3D
structure were superimposed using Pymol and the RMSD between the predicted model and template was identi�ed. The
quality and validation of the �nal developed model with the lowest DOPE score were assessed by Structural Analysis and
Veri�cation Server (SAVES), which validates the modeled structure using the programs PROCHECK, Verify3D, and ERRAT. It
evaluates the side-chain conformation and overall structure geometry of the modeled protein. Ramachandran plot was
analyzed to evaluate the stereochemical stability of the predicted model were veri�ed with various parameters including
residues lying in both allowed and disallowed regions, the orientation of dihedral angles (phi and psi), and the number of
glycine and proline residues obtained by PROCHECK [17, 18].

Molecular dynamics

All the simulations were carried out using the GROMACS simulation program (GROMACS 4.5.1) adapting the GROMOS
43a1 force �eld [19, 20]. The topological parameters lead of inhibitors was generated using the PRODRUG server [21]. The

http://ca.expasy.org/
http://www.rcsb.org/pdb
http://salilab.org/modeller
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systems were solvated using a water model of a single point charge (SPC) in a dodecahedral periodic box keeping a
minimum distance of 1.0 A between the solute and edge of the box. Then the system was neutralized by the addition of
counter ions (Na+ and Cl-), at a concentration of 0.15 M, which mimic the physiological concentration. Before the
simulation, the system was energy minimized using the steepest descent minimization algorithm (ref) with a maximum of
50000 steps and maximum force was lessened to 100 kcal mol-1 nm-1. Then 100 ps NVT (constant number of particles,
volume, and temperature) equilibration followed by 100 ps NPT (constant number of particles, pressure, and temperature;
300 K, 1 bar; Berendsen coupling and Parrinello-Rahman method) equilibration were carried out for each system to allow
the solvent to equilibrate around the solute [22, 23]. All the bond lengths of water molecules were constrained adopting the
LINCS and SETILE algorithm and electrostatic and van der Waals (vdW) were applied based on the particle mesh Ewald
(PME) method. MD conformations were saved every 2 ps for further analysis [24].

Active site prediction

The computationally modeled Mirk structure was further subjected to a sitemap program implemented in Schrödinger [25],
to forecast the active sites of the target protein. SiteMap predicts the probable pockets or sites for ligand binding and
generates information on the binding site’s characteristics using novel search and analytical facilities. SiteMap calculation
begins with an initial search step that generates site points on a grid surrounding the protein surface that may be suitable
for binding ligands to the receptor. Contour maps are then generated, producing hydrophobic and hydrophilic maps which
may guide protein-ligand docking analysis.

Protein preparation

The modeled Mirk protein was subjected to molecular docking studies. Prior to the docking, water and molecules were
removed following which, hydrogen was added to carry out restrained minimization of the modeled protein by protein prep
wizard implemented in Schrodinger. Bond order and partial atomic charges were assigned according to the optimized
potentials for liquid simulation (OPLS)-2005 force �eld. The restrained minimization of the protein was performed using
the default constraint of 0.30 Å root mean square deviations (RMSD).

Virtual screening

Chembridge database compounds were docked into the active site of the Mirk structure using the Glide High-throughput
Virtual Screening (HTVS) docking module [26]. The Chembridge database contains about 1.3 million small molecules that
have been �ltered by Lipinski's rule of 5 to get orally active molecules. For maximum diversity of the small molecules,
different tautomeric and ionization states were also generated. The modeled structure of Mirk was used as an initial model
for screening. A receptor grid of 10Å ×10Å ×10Å was generated on predicted binding site residues of Mirk using Glide
implemented in Schrodinger, LLC. After the grid generation, the hierarchical �ltering protocol was performed based on
different levels of the precision score function to identify potential inhibitors [27]. All the compounds were initially docked
by the HTVS precision procedure followed by a standard procedure (SP), and �nally the extra precision (XP) procedure. The
best lead molecules were selected based on the Glide score, Glide energy, and hydrogen bond interaction [28, 29].

Binding energy calculation

The binding a�nity of lead molecules was rescored by prime calculation withOPLS3/3e force �eld by MM/GBSA
implemented in Schrodinger software using Prime program with both ligand and receptor �exibility. The binding free
energy (ΔGbind) of each docked pose was estimated based on the molecular mechanics (MM) and Generalized Born
Surface Accessible (GBSA) model. It is an acronym for a method that combines OPLS-AA (optimized Potential for Liquid
Stimulation-All Atom) molecular mechanics energies (EMM), an SGB salvation model for polar salvation (GSGB), and a
nonpolar salvation term (GNP) composed of the nonpolar solvent accessible surface area and van der Waals interactions
[30]. Binding energy was calculated by the following formula:
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ΔE = Ecomplex –Eprotein – Eligand

Where Ecomplex is the energy of the protein-inhibitor complex, Eprotein is the energy of protein and Eligand is the energy of
ligand [31, 32].

ADME

The pharmacokinetic properties of the best lead molecules were studied calculated by QikProp [33]. It predicts physically
signi�cant descriptors and pharmaceutically relevant properties of organic molecules. In the present study, QikProp
properties such as MDCK cell permeability (QPPMDCK), Lipinski,s rule of �ve, IC50 value for blockage of HERG K+
(QplogHERG), Caco-2 cell permeability (QPPCaco), logP and human oral absorption (QP%), aqueous solubility QplogS were
predicted to qualify the overall potential of lead molecules as a drug [34].

Result And Discussion
Homology modeling

Homology modeling estimates the 3D structure of a target protein sequence by using its alignment to one or more protein
templates of known structure [35]. Though, Mirk plays a crucial role in various solid tumors and acts as a potential
therapeutic drug target. Still, now there is no 3D structure of Mirk protein was deposited in PDB; hence a homology model
was performed to determine the 3D coordination of Mirk protein. The sequence alignment of 4MQ1 (template) and (target)
and the secondary structural elements are indicated in Figure 1. Template searching against Protein Data Bank (PDB)
through BlastP was performed and 4MQ1 was selected based on identity (42%) with the lowest E-Value (3e-23). The three-
dimensional structure provides valuable insight into its molecular function and also enables the analysis of its interactions
with suitable substrates or inhibitors [36].  

On the basis of the sequence alignment, the 3D structure of the target protein was predicted using the crystal structure of
the template (4M) by comparative modeling using a modeler. It generates �ve models, based on the DOPE score model-4
was selected for further analysis (Figure 2).  The root means square deviation of the model relative to the template (4MQ1)
0.111 A was calculated using Pymol. It indicates that the modeled protein show close homology to the template.

Structure evaluation

 In order to evaluate whether a model satis�es standard steric and geometric criteria and select the best homologs model,
we used several veri�cation tools for model evaluation such as PROCHEK, WHAT_CHECK, ERRAT, VERIFI_3D, and PROVE
provided by the SAVS server. PROCHEK was used to perform full geometric analysis as well as the stereo-chemical quality
of a protein structure by analyzing residue-by-residue geometry and overall structure geometry [37, 38]. The
stereochemistry assessment of the Mirk model showed more than 92.4% residues of psi and phi angles are in the favored
region of the Ramachandran plot (Figure 3) and 6.4 %, 0.4% of residues belong to the generously allowed region and
allowed respectively. Concerning the Ramachandran plot, it is observed that there are 0.4% residues in the disallowed
region; it again indicates that the �nal model was more reliable and had good quality and was close to the template
structure, and could be used for further studies. Figure 3B represent that the residue interaction energies; which shows the
energies remain negative for almost all the residue indicating the acceptability of the model. Pro�le score above zero in the
Verify 3D graph [39, 40] corresponds to the acceptable environment of the model. The ProSA [41] results in �nding the
potential error on the predicted model revealed the Z-score values of -4.56 against the template which indicates that protein
structure is well correlated with the crystal structure of similar length and within the acceptable range. 

Virtual screening and docking studies
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The active site of the modeled Mirk was predicted by the sitemap program implemented in Schrodinger. The grid was
generated considering the centroid of active site residues in the binding region for further virtual screening. Chembridge
database was used to �nd potential inhibitors. The validated model of Mirk and ligands of Chembridge database were
imported into Schrodinger LLC, 2018). Prior to docking ligands were prepared to expand protonation and tautomeric states
of each ligand molecule at 7.0 pH with LigPrep module implemented in maestro [42, 43]. The high energy tautomer state or
ionization state and the ligand did not follow Lipinski's rule, or the molecules with reactive functional groups are eliminated
from the generated con�rmation. Like ligand preparation, prior to docking the predicted Mirk model was also subjected to
preprocess with Protein preparation Wizard in the maestro, where all the hydrogens were added and subsequently
subjected into minimization with an OPLS-2005 force �eld and the impact of molecular mechanics engine [44, 45].  The
minimization process restraining heavy atoms and allows free rotation of hydrogen setting with an RMSD value of 0.30Å
[46]. The active site was predicted with the Sitemap module and a grid box was generated around the active site of the
model [47]. Glide virtual screening, SP, (standard precision), and XP (extra precision) mode were applied to predict the
potential lead molecules. The good scoring ligands were ranked based on glide score and binding energy with predicted
Mirk modeled protein.

In silico predicted Physico-chemical parameters

The top-ranked compounds (table 1) were subjected to a QikProp module to examine the drug-like behavior of the
compounds by evaluating their pharmacokinetic factors.   All the important parameters were depicted in table 1. All the top-
ranked molecules exhibited a molecular weight in the acceptable range. ADME properties of lead molecules play a crucial
role in medicinal chemistry. The pharmacokinetic parameters will in�uence the drug-likeness of the lead molecules. Hence
in the present study, in silico analysis of physicochemical properties of the top-ranked hits was predicted. The values of
QPlogS, QPlogBB, and QPlogPo/w were noticed within the prescribed limit −6.5 to 0.5,  −3.0 to 1.2, and  −2.0 to 6.5
respectively. The value of predicted Caco-2 cell permeability of the top-ranked lead molecules was found to be very high
except for the compound ID 7753623, this result suggested that the ChembrigeID: 7753623 may face some hurdles in the
absorption process than other lead molecules. The value of permeability through MDCK cells of all the top-ranked
compounds was found to be <500, except ChembrigeID: 7764195, the results depicted that the MDCK cells are considered
to be a good mimic for the blood-brain barrier. Overall results indicated that all the top-ranked compounds are satis�ed
with rules with fewer violations. Additionally, prime MM-GBSA binding energy was calculated for the top two compounds
based on their binding a�nity towards the active site of Mirk protein. MM-GBSA score of Chembridge ID: 7768949 was
-102.21 whereas the second topmost compound ID: 7771055 has shown a slightly lower MM-GBSA score of -96.04. With
these results, it can be concluded that the binding energy of both the compound shows good binding interaction and
binding energy with the active site of the Mirk protein. 

Molecular docking 

Molecular docking studies revealed the apparent binding mode of lead molecules in the active site of the selected drug
targets with maximum docking score and binding energy.  The modeled Mirk was docked with Chembridge database
ligand molecules to generate the binding mode and dynamic simulation was done to re�ne the best pose of top-ranked
compounds with an allowed conformational change in the Mirk. The top-ranked compounds such as Chembridge ID;
7768949, 7771055, 7758866, and 7764195 were shows good docking scores ranging from -11.361 to -10.064. The docked
poses of top-ranked compounds at the active site of modeled Mirk protein are shown in Figure 4. The detailed analysis of
residues and hydrogen bond interactions of lead molecules were shown in the 2D diagram in Figure 5 and Table 2. The
binding mode analysis shows that the binding energy range of lead molecules was ranged between -49.771Kcal/mol to
-32.065 Kcal/mol. The amino acid residues involved in both bonding and non-bonding interaction with lead molecules with
Asn86, Leu83. Lys17, Ile7 play a crucial role in ligand binding. Based on the modeled structure, we speculated that the
identi�ed lead molecules signi�cantly positioned in the binding pocket of the modeled structure with good stability. 
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The molecular interaction diagram (Figure 5) shows the interaction of the best two compounds such as ChembridgeID:
7768949 and ChembridgeID: 7771055 with active site residues. Chembridge ID 7768949 formed 2 hydrogen bond
interactions with Leu83 via –N- and –NH- atom (N…H, NH…Leu83) with 2.30Å distance and another hydrogen bond
interaction with same residues via –C- and –OH atom (C…H, OH…Leu83), with a distance of 1.89Å also it forms hydrogen
bond interaction with Ile7 via –C- and –OH atom (C…H, OH…Ile7) with 2.01Å distance. Compound ID 7771055 forms two
hydrogen bond interactions with Leu83 via –N- and –NH- atom (N…H, NH…Leu83) and –C- and –OH atom (C…H, OH…
Leu83) with the distance of 2.04Å and 2.34Å respectively, also form hydrogen bond interaction with Asn86 via –C- and –
OH- atom (N…, O, HC…Asn86) with the distance of 1.97Å. Compound ID: 7758866 also have a similar mode of interaction
like Chembridge ID 7768949, formed 2 hydrogen bond interaction with Leu83 via –N- and –NH- atom (N…H, NH…Leu83)
and –C- and –OH atom (C…H, OH…Leu83) with a distance of 1.94Å and 2.30Å respectively, also form hydrogen bond
interactions with Asn86 via –C- and –OH- atom (N…, O, HC…Asn86) with a distance of 2.10Å. compared to the �rst three
compounds, compound ID: 7764195 shows the different mode of interaction in the active site of Mirk receptor, it forms
hydrogen bond interaction with Leu via –N- and –NH- atom (N…H, NH…Leu83) with a distance of 2.10Å and with Lys17 via
–N- and –NH- atom (N…H, NH…Lys17) with a distance of 2.60Å and form another hydrogen bond interaction with Ile7 via
 –C- and –OH atom (C…H, OH…Ile7) with 2.01Å distance This interaction studies revealed that hydrogen bond formations
were responsible for he binding a�nity of the compounds with active site residues. The molecular contact pro�ling
suggested that virtually screened compound show the potential to inhibit the Mirk/Dyrk1B protein via action on the binding
of crucial amino acid residues to distort the active binding pocket of Mirk/Dyrk1B. 

MD simulation

A molecular dynamic simulation was performed using GROMACS to evaluate the structural stability of both modeled
protein and complexes with top-ranked compounds. To con�rm the structural stability and equilibrium state of the
molecular simulation, root mean square deviation (RMSD) of backbone carbon atoms of both modeled protein and
complexes with top-ranked compounds are calculated and plotted in �gure 6. From the RMSD plot, it was observed that the
modeled protein Mirk was signi�cantly stable throughout the simulation time of 20 ns in the range of 0.14 to 0.17 nm.
Whereas the top-ranked complexes such as Chembridge ID: 7768949 and Chembridge ID: 7771055 with modeled protein
show higher RMSD �uctuation arise till 5 ns in the range of 0.25 and slightly down in the range of 0.15 to 020 ns and get
stable remaining simulation time (�gure 7). The RMSD of a compound such as Chembridge ID: 7758866 and Chembridge
ID: 7764195 shows �uctuation similar to �rst two top-ranked compounds and arise up to 5 ns in the range of 0.25 and
highly �uctuate up to in the range of 0.30 to 0.35 till 20 ns simulation period (Figure 7). The RMSF of modeled protein
residues lies below 0.21 nm (�gure 8). 

The binding of top-ranked compounds such as (compound 3 and 4) with modeled protein shows little �uctuation and
shows RMSF value up to 0.4 nm and 0.5 nm respectively, however, the active site residues do not show high �uctuation
throughout the simulation time. After binding of compounds 1 and 2, the modeled protein does not show any high
�uctuations throughout the simulation time and both the compounds retain stability in the whole simulation period (Figure
7). From the RMSD and RMSF results, it depicted that the top-ranked screened compounds effectively perturb to the
binding pocket of the modeled protein. In addition to the stability analysis, the protein interaction with top-ranked
compounds was supervised throughout the simulation period. The hydrogen bond interaction of crucial amino acids is
present in the active site of the protein-making the protein-ligand complex stable. 

The molecular simulation studies indicate that the both modeled and complex system shows signi�cant stability, and
results of hydrogen bond interaction of top-ranked complexes also support this statement (Figure 8). The amino acid
residues Asn86, Lue83, and Ile7 exhibited strong hydrogen bond interaction with all the top-ranked compounds revealed by
docking studies also existed in molecular dynamics simulation trajectory, with stable and strong interaction in the
stipulated time. Compared to compounds 1 and 2, compounds 3 and 4 showed less stable interactions with similar amino
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acid residues during the entire simulation the dark color represents the number of interactions with respective of the amino
acid high, and minimal backbone �uctuation has ensued in the system. 

Conclusion
Identi�cation of potent e�cient and target speci�c against cancer targets are of signi�cant interest to prevent cancer or
cancer treatment. Mirk is belonged to an evolutionarily conserved family that play a crucial role in cell differentiation and
proliferation [48, 9], the up-regulation of mirk in human cancer is highly responsible for the maintenance of cancer cells in
their quiescent state to confer chemoresistance [49, 50]. The current study was designed to �nd the potential compound
against the mirk receptor via the in silico approach. The Chembridge database compounds were subjected to structure-
based virtual screening, which results in four lead compounds with high docking scores and binding energy. All the top-
ranked compounds bind the similar binding mode and hydrogen bond interaction with crucial amino acids. The molecular
simulation studies showed that both the modeled structure and complex system were signi�cantly stable throughout the
simulation time. Pharmacokinetics studies also supported the drug-likeness properties with an acceptable range. Overall
the study concluded that the lead molecules ay act as potent inhibitors against the Mirk receptor.    
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Tables
Table 1; pharmacokinetic properties of top-ranked screened compounds

Compound  QPPMDCK QPlog
HERG

QPPCaco QPlog
BB

QPlog
S

QPlog
Po/w

MW Stars Rule
of
�ve

% of oral
absorbance

7768949 2338.14 -5.68 4207.72 0.018 -4.13 3.63 237.30 0 0 100

7771055 262.87 -6.65 262.54 -1.611 -5.91 3.19 428.48 0 0 88.92

7758866 500.97 -5.62 1011.71 -0.725 -4.24 2.58 312.32 0 0 95.88

7764195 828.28 -6.34 659.66 -0.699 -5.95 3.96 371.84 0 0 100

Table 2: Scoring values of top-ranked lead molecules from virtual screening. 

S. No Compound ID Docking score Kcal/mol Glide energy Kcal/mol Prime MM-GBSA

ΔG (Kcal/mol)

H-bond 

1 7768949 -11.361 -34.335 -102.21 Leu83 (2)

Ile7

2 7771055 -10.532 -49.771 -96.04 Leu83 (2)

Asn86

3 7758866 -10.318 -39.206 -98.12 Leu83 (2)

Asn86

4 7764195 -10.064 -32.065 -94-02 Leu83, Ile7

Lys17

Yang C, Ji D, Weinstein EJ, Choy E, Hornicek FJ, Wood KB, Liu X, Mankin H, Duan Z: The kinase Mirk is a potential
therapeutic target in osteosarcoma. Carcinogenesis. 2012, 31: 552-558.
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Figure 1

Secondary structure prediction and sequence alignment of modeled Mirk protein with its template protein sequence. 
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Figure 2

Modeled 3-dimensional structure of modeled Mirk protein.
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Figure 3

(A) Ramachandran plot of Mirk model generated by Modeler software; (B) Quality veri�cation plot of modeled structure
performed using Verify-3D.

Figure 4

Interaction of top-ranked molecules from virtual screening with Mirk. (A) Interaction of Chembridge ID: 7768949 with Mirk
active site residues; (B) interaction of Chembridge ID: 7771055 with Mirk active site residues; (C) interaction of Chembridge
ID: 7758866 with Mirk active site residues and (D) interaction of Chembridge ID: 7764195 with Mirk active site residues.  



Page 14/17

Figure 5

2D interaction of top-ranked molecules from virtual screening with Mirk. (A) Interaction of Chembridge ID: 7768949 with
Mirk active site residues; (B) interaction of Chembridge ID: 7771055 with Mirk active site residues; (C) interaction of
Chembridge ID: 7758866 with Mirk active site residues and (D) interaction of Chembridge ID: 7764195 with Mirk active site
residues.  
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Figure 6

Molecular dynamics results. A), Root mean square deviation plot of Modeled Mirk protein and B) Root mean square
�uctuation plot of apoprotein (Model structure of Mirk).  
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Figure 7

Molecular dynamics results. A), Root mean square deviation plot of complexes of top-ranked molecules with Mirk protein
(red color represent complex with Chembridge ID: 7768949; green color represent complex with Chembridge ID: 7771055,
blue color represent complex with Chembridge ID: 7758866 and purple color represent the complex with Chembridge ID:
7764195)  and B) Root mean square �uctuation plot of complexes of top-ranked molecules with Mirk protein (red color
represent complex with Chembridge ID: 7768949; green color represent complex with Chembridge ID: 7771055, blue color
represent complex with Chembridge ID: 7758866 and purple color represent the complex with Chembridge ID: 7764195).  
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Figure 8

H-bond interaction top-ranked molecules and their stability with active residues during 10 ns MD simulation (A), red color
represent complex with Chembridge ID: 7768949; (B), the blue color represents complex with Chembridge ID: 7771055, (C),
green color represents complex with Chembridge ID: 7758866 and (D), pink color represents the complex with Chembridge
ID: 7764195.


