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Abstract
Pim-3 (proviral integration site moloney murine leukemia virus-3) is an oncogene which encodes proteins
belonging to serine/threonine kinase family, and PIM subfamily. It is generally over expressed in epithelial
and hematological tumors. It is known to involve in numerous cellular functions such as cell growth,
differentiation, survival, tumorigenesis and apoptosis. It also plays a crucial role in regulation of signal
transduction cascades. Therefore it emerged as a hopefultherapeutic target for cancer treatment. In
current study, indole derivatives having potent inhibitory activity against Pim 3 were taken and
pharmacophore based virtual screening was carried out. A �ve point pharmacophore hypothesis with one
hydrogen bond acceptor, one hydrogen bond donor and three aromatic rings i.e., ADRRR was developed
with acceptable R2and Q2 values of 0.913 and 0.748 respectively. It was employed as a query and
screening was conducted against Asinex and Otava lead library databases to screen out potent drug like
candidates. The obtained compounds were subjected to SP, XP docking using 3D model of pim-3 which
was constructed through comparative homology modelling and �nally binding free energies were
calculated for top hits. The docking and binding free energy studies revealed that six hit molecules
showed higher binding energy in comparison to the best active molecule. Finally, MD simulations of the
top hit with highest binding energy was carried out which indicated that the obtained hit N1 formed a
stable complex with pim-3. We believe that these combined protocols will be helpful and cooperative to
discover and design more potent pim-3 inhibitors in near future.

Introduction
Pim-3 a serine/threonine kinase which belongs to Ca+2 /Calmodulin-dependent protein kinase group is a
member of provirus integrating site moloney murine leukemia virus (Pim) family. Initially pim-3 was
recognised as a novel gene that is induced by depolarization (KID)-1 or forskolin in PC12 cells (a rat
pheochromocytoma cell line)[1]. Later it was renamed as pim-3 owing to its high similarity with that of
Pim family of kinases. In human genome pim-3 gene is located on chromosome 22q13 encoding a
protein with 326 amino acids. Its molecular weight is approximately 35 kD [2, 3]. Pim-3 is mainly
unregulated in endoderm derived tumor tissues and it is known to inhibit apoptosis and increase cell
proliferation in solid and some haematological cancers [4–6]. Pim-3 phosphorylates the Ser-112 site of
BAD [5, 6] in particular thereby inhibits apoptosis and promotes cancer progression. Additionally by
increasing the phosphorylation of STAT3 [7] pim-3 promotes migration and invasion of melanoma cells.
Moreover, pim-3 was known to be upregulated in Hepatocellular carcinoma (HCC) tumor tissues and the
knockdown of pim-3 in hepatoma cells enhances apoptosis and attenuates cell proliferation [3].

Previous studies have shown that pim kinases including pim-3 are aberrantly expressed in several types
of malignancies and helps in inducing tumorigenicity [3, 5, 6, 8, 9]. Over expression of pim-3 mRNA was
found in nasopharyngeal carcinoma cell lines and in a group of human ewing family tumor cell lines.In
addition, over expression of pim was also found in the premalignant and malignant lesions in the
stomach, colon and liver compared with the normal tissues [3, 5, 6, 9]. Further, Pim-3 promotes EWS/FLI
mediated NIH 3T3 tumorigenesis and hepatocellular carcinoma evident from mice studies [3, 10].
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According to recent studies it also aberrantly expressed in PDAC cells. Pim-3 serves as positive regulator
of STAT3 signalling in pancreatic cancer cells [11, 12] and is reported to be regulated by transcription
factors such as ETS-1.

Computer aided drug discovery (CADD) techniques [13, 14] have paved a new way in the modern era for
developing and designing new drugs. CADD methodologies proved to be cost effective and time saving in
drug discovery processes [15]. Molecular modelling studies such as virtual screening, 3D QSAR,
Pharmacophore modelling emerged as promising methods in exploring new leads with drug like
properties. Pharmacophore modelling has been successfully employed in discovering new ALK, JAK2 and
D2 inhibitors which are useful in the treatment of cancers such as non-small cell lung cancer (NSCLC)
[16], cardiovascular and myeloproliferation disorders [17] and Parkinson's disease, Huntington's chorea,
schizophrenia and tardive dyskinesia [18] respectively. Virtual screening technique gained popularity
among scienti�c community as it decreased the number of hits to be experimentally studied. Furthermore
pharmacophore based virtual screening abetted the development of speci�c inhibitors against EGFR and
HER2 [19, 20]. Therefore in the present work we experimented pharmacophore based virtual screening
followed by structure base virtual screening protocols to discover new potent inhibitors against pim-3.

Materials And Methods

Dataset
A dataset consisting of 57 indole derivatives reported as pim-3 inhibitors were taken for the present study
to develop a 3D pharmacophore. The activity of these molecules ranged from 5.295 to 8.187and shared
common experimental method [21–23]. The structures of these compounds were sketched in Maestro
build panel and subsequently prepared using LigPrep module [24, 25]. OPLS-2005 force �eld was used to
generate different conformers and low energy conformer of each ligand was taken for further study. The
invitro inhibitory activity of these compounds reported in the literature were converted to pIC50 using the
equation 1.

pIC50= -log10[IC50] (1)

Pharmacophore Generation
PHASE (Pharmacophore alignment and scoring engine) in Schrodinger [26] was used for pharmacophore
generation which actually uses scoring techniques and �ne-grained conformational sampling to �nd a
common pharmacophore hypothesis (CPH) [27]. The prepared compounds along with the pIC50 values
were imported and divided into actives and inactives quondam to generate pharmacophore. The ligands
with pIC50 greater than 7.730 were treated as actives and pIC50 lower than 6.325 as inactive and
remaining as the intermediates with moderate biological activity. To determine common pharmacophore
hypothesis, PHASE from active ligands employs a tree based partitioning technique [28]. PHASE is
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equipped with a built in set of six pharmacophoric features (aromatic ring (R), positively ionisable (P),
negatively ionisable (N), hydrophobic group (H), hydrogen bond acceptor (A) and hydrogen bond donor
(D) [27] based on which pharmacophore hypotheses were developed and further utilized for 3D QSAR
generation.

3d Qsar Model Generation
3D QSAR model was achieved through PHASE module of Schrodinger. A chemo metric technique named
partial least square analysis (PLS) was used for achieving 3D QSAR model which quanti�es the relation
between the structure of molecules and experimental biological activities [29]. For generating a 3D QSAR
model initially the dataset was divided into training and test set randomly, the training set was used for
deriving 3D QSAR model as it portrayed structural features and biological activities. The test set
molecules were used for validating the QSAR model [30]. The pharmacophoric features of the training set
compounds were placed into a typical grid of cube of 1Å spacing [27], each cubes assigned with 0 (or) 1
bit to account for distinct pharmacophore features in the training set. Hence a single cube will be
engrossed with more than one pharmacophoric site expanding one or more volume bits. Thus depending
upon the occupation of various sites in the cube a single molecule will be expressed with a string of
binary values. The biological activity values will be treated as dependent variables whereas binary values
will be considered as independent variables for developing a 3D QSAR model employing PLS regression
[27]. Therefore, a series of regression models will be generated by the PHASE [31]. The obtained 3D QSAR
model was then veri�ed using test set of molecules using various statistical parameters such as
regression coe�cient (R2), cross-validated correlation coe�cient (Q2), variance ratio (F), standard
deviation (SD), Pearson-R and RMSE (root mean square error) [27, 31].

Screening Of 3d Databases Using Pharmacophore Model
The developed PHASE model was used as a query and screening was conducted against Asinex and
Otava lead library databases to screen out the novel lead molecules that match with the top
pharmacophore hypothesis and gauge the predicted biological activities using the generated 3D QSAR
model.

Homology Modelling And Dock Based Virtual Screening
The crystal structure of pim-3 is not available till date in the protein data bank hence the protein was
modelled using the sequence information derived from Uniprot database [32] (Accession code: Q86V86).
BLAST (Basic Local Alignment Search Tool) [33] was employed for �nding the best template from protein
data bank (PDB). Based on E value, Sequence identity and secondary structure similarities a template
was selected and pair wise alignment was done with Clustal-X [34] in order to �nd out the similarities,
identities, conserved regions and the differences between the target and the template. The human pim-1
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(PDB id: 1XWS) showed a sequence similarity of 96% with pim-3. Modeller 9.13 [35] was used for
generating a new three-dimensional structure and various homology models were built out of which the
least energy model was taken for further studies. The generated model was analysed and validated with
PROCHECK [36], Verify 3D [37] and ProSA [38]. The modelled protein is equivalent to the low resolution X-
ray crystal structure since the sequence similarity between the template and target was greater than 80%
[39].

GLIDE module [40] of the Schrödinger package was employed for carrying out the docking studies. It is
regularly used for molecular docking studies which is a grid based ligand docking approach with notable
amount of success. It can predict the protein-ligand binding modes with decent accuracy and has
signi�cantly contributed in identifying numerous potent drug like candidates against various targets [41,
42]. Initially a grid was created centring on the ligand within a cubic box using receptor grid generation
panel available in the GLIDE. The default VanderWaals scaling was set to 0.9 [43] for non-polar atoms
with a partial charge cut-off of 0.25. Later the molecules which were screened from Asinex and Otava
lead library databases were subjected to docking using standard precision protocol. The top 20% of the
ligands which showed high dock scores were taken and passed for extra precision (XP) docking. Finally,
binding energies were computed for the top 2% of the ligands retrieved from XP docking.

Binding Free Energy Calculations
Molecular docking is not always fruitful (or) ultimate method for lead identi�cation. Further, the ranking
of molecules based on vigorous binding energy calculations proved to be more propitious than sheer XP
dock score [44]. Therefore, molecular mechanics-generalized born surface area (MM/GBSA) calculations
were carried out on the top hits obtained from XP docking using prime module available in the
Schrodinger. The equation for calculating binding free energy is given below:

ΔGbind = Gcomplex-[Gligand(unbond)+Greceptor(unbond)]

= ΔEMM + ΔGsolv + ΔGSA

ΔEMM= Difference in the energy between the protein ligand complex and sum of energies of the protein
with ligand and without ligand.

ΔGsolv= Difference in the GBSA solvation energy between the protein ligand complex and sum of the
solvation energies for the ligand and unliganded protein.

ΔGSA= Difference in the surface energy between the protein ligand complex and sum of the surface
energies for the ligand and uncomplexed protein.

Md Simulations



Page 6/27

MD simulations were performed on the hit obtained from screening process (N1) using Desmond 3.8 [45].
The stability of docked complex and the effect of conformational changes on the binding interactions
were studied. SPC (simple point change) water molecules [46] were used for soaking the complex in
orthorhombic box of 15Å×15Å×15Å dimensions. The net charges of the system were balanced by adding
oppositely charged ions and the salt concentration was kept 0.15 mol L−1 during the simulation process.
The OPLS 2005 force �eld [47]was used where the system was minimized two times, initially with
restraints on solute and later without any restraints. The limited memory Broyden-Fletcher-Goldfarb-
Shanno (LBFGS) algorithm and steepest descent integrator were employed during minimization until the
value concentredto 5 kcal mol−1Å−1. A small relaxation protocol of 12 and 24ps was applied on the
system before proceeding to the extensive MD Simulations. The temperature and pressure were
maintained at 310K and 1.01325 bars respectively using Nose-Hoover thermostat and Martyana-
Tobaisklein approach. The long range electrostatic interactions were computed using particle-mesh
Ewald method [48] and cut off distance was curtailed to 9Å for calculating non-bonded interactions. The
SHAKE algorithm [49] was exercised on all bonds enmeshed with H-bonds. Finally 10 ns MD simulations
at NPT conditions were carried out and unblemished classical trajectories were recorded. The simulation
interaction diagrams and root mean square deviation (RMSD) plots were generated from the trajectories
in order to inspect the consistency and stability of various protein-ligand interactions.

Results And Discussion

Description of the generated Pharmacophore
The Pharmacophore model was generated using a set of ten active (pIC50 > 7.730) ligands in the dataset
with the help of PHASE module available in Schrodinger suite. These active set of ligands may contain
structural features which are essential for binding to the active site of pim-3 [50]. The structural and
biological activity of pim-3 inhibitors taken for our analysis is depicted in Table 1. The variant list was
determined by assigning maximum and minimum number of site to 5 after creating pharmacophore sites
for all pim-3 inhibitors. The pharmacophore hypotheses (CPH's) identi�ed in this process were scored and
ranked according to the survival active and inactive scores by a scoring method in PHASE module. The
inactive ligands though not used in CPH production they are used to eliminate the hypothesis that cannot
extricate between actives and inactives [50]. Hence to achieve this purpose the obtained CPH's will be
mapped onto the inactive ligands and scored. The hypothesis with good difference in survival active and
survival inactive scores ADRRR was taken for further analysis as it clearly discriminates between active
and inactive ligands. Among the generated models ADRRR was identi�ed as the best hypothesis by
scoring algorithm. The CPH with one H-bond acceptor (A2), one H-bond donor (D3) and three aromatic
ring features (R9, R10 and R11) is shown in Figure 1. The distances and angles between various sites of
the model are depicted in Figures 2 and 3, and tabulated in Supplementary Tables Tab S1 and Tab S2,
respectively. Further, a 3D QSAR model was derived by pharmacophore based alignment of the ligands.
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Table 1 Structures and biological activities of pim-3 inhibitors along with �tness scores based on
pharmacophore hypothesis ADRRR

Analysis Of 3d Qsar Model
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The PHASE module of Schrodinger Suite was used to derive a pharmacophore based 3D QSAR model
using the best CPH i.e. ADRRR. The derived 3D QSAR model will help in identifying all the features that
are crucial for an inhibitor for its gross inhibitory activity against target pim-3 [50]. The dataset was
randomly divided into 38 training and 19 test set (2:1) prior to the model generation. Subsequently with a
grid spacing of 1Å the QSAR model was developed using PLS analysis. The t-set or eliminate variable
was �xed to <2.0 during PLS regression analysis in order to eliminate those variables whose regression
coe�cients are very sensitive to tiny changes in the training set [51]. Three PLS factors in total were taken
as further increase in the number did not improve the model statistics but over �tted [52]. The dominant
statistics was observed with third PLS factor therefore it was chosen to create the QSAR model. To
ensure the robustness of the developed model it was validated both internally and externally against
training and test sets using R2 and Q2respectively [53, 54]. The R2and Q2 were found to be 0.913 and
0.748. The R2 and Q2 values greater than 0.6 and 0.5 indicates the model is sound and has high ability to
predict inhibitory activities in training and test set [53, 55]. The model exhibited good statistical
signi�cance with Pearson R value of 0.880, variance ratio; F value of 101.2, low standard deviation; SD of
0.263and root mean square error; RMSE value of 0.286 [54]. The results are tabulated in Table 2. The
experimental and predicted values of the entire dataset ligands are shown in Table 1. The 3D QSAR
model was taken further for insilico screening in order to identify novel compounds with good inhibitory
activity against pim-3.

Table 2
The statistical parameters of various pharmacophore hypotheses obtained

through PHASE
ID SD R-squared F RMSE Q-squared Pearson-R

ADDPR 0.361 0.810 48.4 0.397 0.512 0.731

DDPRR 0.395 0.772 38.4 0.427 0.436 0.663

ADRRR 0.263 0.913 101.2 0.286 0.748 0.880

AADRR 0.401 0.766 37.1 0.440 0.401 0.667

3d Qsar Visualization Of Best Active Compound
The relationship between structure and activity relationship (SAR) and biological activity can be best
understood with the help of three dimensional envision of best hypothesis ADRRR and selected
indoleligands in aspect of developed QSAR. The 3D QSAR envision of best active compound (compound
39) with biological activity of 6.5 nM (pIC50 = 8.187) is shown Figure 4. In Figure 4a, b andc, blue and
pink cubes represent hydrogen bond acceptor favoured and disfavoured regions respectively, yellow and
orange cubes represent hydrogen bond donor favoured and disfavoured regions while violet and green
cubes represent hydrophobic favoured and disfavoured regions respectively.



Page 9/27

The atom based 3D QSAR model while predicting the biological activity takes into the account steric
clashes apart from pharmacophore features where as pharmacophore based 3D QSAR predicts the
biological activity depending on pharmacophore sites and their areas. From Figure 4a it can be seen that
the NH of the indole ring, amino group of pyrimidine ring, NH attached to pyrazine ring and dimethyl
amine groups were superposed onto the H-bond donor favoured pink contours.One of the nitrogen‘s of
pyrazine ring is projecting into the blue H-bond acceptor favoured contours (Figure 4a). It matched with
the H-bond acceptor feature A2 in the hypothesis. The NH of indole ring superposed onto the H-bond
donor feature (yellow contour) is depicted in Figure 4b. It explicitly matched with the pharmacophoric
feature D3. The dimethyl amino group was onto the H-bond donor favoured yellow contour (Figure 4b).
The nitrogen’s of pyrazine and pyrimidine rings were placed towards hydrogen bond disfavoured orange
contours (Figure 4b). In Figure 4c it can be observed that the hydrophilic favoured amine group and
nitrogen's of the pyrimidine ring, one of the nitrogen's of pyrazine and the dimethyl amine were
superposed onto the green hydrophilic favoured contours (Figure 4c).The presence of extra H-bond
acceptor, donor and hydrophilic features is advantageous for the biological activity.

Pharmacophore Model Based Virtual Screening
Asinex and Otava lead library databases prepared earlier using LigPrep was used to screen in order to
identify potential pim-3 inhibitors using ADRRR common pharmacophore hypothesis as the template. In
this process of searching the conformers generated from the database were screened to match the CPH
based on the site distance. Five out of �ve pharmacophore sites without partial matches were matched
with the hypothesis in the present study. The search process resulted in the 1507 molecules out of total
186473 molecules from both Asinex and Otava lead library databases. The obtained hits will de�nitely
act as promising pim-3 inhibitors since the model was developed from the active set of compounds with
high inhibitory activity against pim-3. Therefore screened out ligands were further subjected to virtual
screening process.

Validation Of 3d Model
The modelled protein was validated using ramachandran plot (PROCHECK), ERRAT, Verify 3D and ProSA
(Protein Structure Analysis Server). Initially the detailed stereo chemical quality of each amino acid
residue was evaluated by ramachandran plot employing PROCHECK program. The statistics of the
modelled protein is shown in Figure 5. The modelled protein has 295 amino residues out of which 240
(96%) residues were in the most favoured regions, 9 (3.6%) residues were in additionally allowed regions
and one (0.4%) residue was in generously allowed regions. Interestingly none of the amino acid residues
were in disallowed regions excluding proline and glycine. The results from PROCHECK were promising
hence the generated model is stereo chemically sterling. The information pertaining to non-bonded
interactions between unlike atoms can be known by ERRAT. It is "overall quality factor", higher the score
higher the quality. The acceptable range is >50 for a high quality model [56]. The overall quality factor i.e.



Page 10/27

ERRAT score for generated model was 73.801 (Figure 6) indicating dependability and good stability of
the protein [57]. The compatibility of an atomic model (3D) with its sequence (1D) can be analyzed by
Verify 3D. The assigned 3D-1D score should never be below zero and should be above 0.2. In present
study, the value was above 0.2 most part (Figure 7) indicating good compatibility of the model with its
own sequence of amino acids. ProSA was used to compute the interaction energy per residue. In present
case, the interaction energy of each amino acid residue was determined with respect to remaining protein
in order to judge the energy criteria. The overall quality of the model can be assessed with ProSA Z-score.
The quality of the protein using the Z-score is actually estimated by comparing the experimentally
determined proteins with similar number of amino acid residues that were deposited in the protein
databank by X-ray crystallographic method (light blue) and NMR spectroscopy (dark blue) (Figure 8a).
The Z-score of the modelled protein was -7.1 (Figure 8b). This negative value indicates that the overall
quality of the protein is good. All the above investigations suggest that a high quality model of pim-3
(Figure 9) was obtained which can be further used for docking and MD simulations.

Virtual Screening Using Glide
The 1507 hits �ltered out from the Asinex and Otava lead library databases were docked into the active
site of pim-3 in two stages. Initially all the hits restituted from the pharmacophore based screening were
taken for docking using SP (standard precision) protocol. Subsequently, the selected top scoring 297
(20%) molecules obtained from SP docking were subjected to more rigorous XP (extra precision) docking.
Finally binding energies were calculated and the top 6 (2%) molecules having binding energy values
greater than the best active compound in the dataset were retrieved.

Binding Free Energy Calculations
The binding free energies of top 6 hits were computed and tabulated in the Table 3. The binding energies
of the hits ranged from -94.698 to -96.128 Kcal/mol. The binding energy value of the best active
compound (Table 3) was -94.419 Kcal/mol. All the screened ligands exhibited good binding energies
greater than the best active compound. Therefore it is clear that these molecules can de�nitely have
greater probability of becoming potent inhibitors against pim-3.
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Table 3
Binding free energies of top hits retrieved

from Asinex and Otava lead library
databases

S. No. Compound Binding Energy

(Kcal/mol)

1. 39

(Best active)

-94.419

2. N1 -96.128

3. N2 -96.075

4. N3 -95.659

5. N4 -95.270

6. N5 -94.836

7. N6 -94.698

Interaction Studies Of Screened Hits
The interaction patterns of the screened hits were analyzed from Ligand Interaction Diagram (LID)
available in the Schrodinger suite. The interactions are shown in Figures 10 and 11. The purple lines
indicate hydrogen bond interactions, green lines indicate π-π stacking interactions, red lines indicate π-
cationic interactions and blue-pink line indicates salt bridges. Initially, the pim-3 best active complex was
examined with the help of LID. The result is illustrated in Figure 10. The best active compound formed
three hydrogen bond interactions with Glu 124, Asp 131 and Glu 174 and formed a salt bridge with Asp
189. The results of the screened hits are illustrated in Figure 11 and Supplementary Figure S1. The
screened hits formed hydrogen bond interactions with Phe 51, Glu 124, Arg 125, Pro 126, Asp 131, Asp
134, Glu 174, Asp 189 and Phe 190, salt bridges with Asp 131and Asp189 and showed π-π stacking and
π-cationic interactions with Phe 51.

Molecular Dynamics Simulations
The molecular interactions which are actually accountable for the stability are explored with the help of
molecular dynamics simulation. To investigate the stability and molecular interactions of the screened hit
(N1) obtained from Asinex and Otava lead library databases, MD simulations were performed for 10 ns.
The RMSD of screened hit (N1) complexed with pim-3 is shown in the Figure 12. The RMSD initially
reached to 2.64Å at 0.74 ns from 1.57Å around 50 ps. The RMSD after �uctuating aroused to 3.54 Å
around 4.76 ns and retained between 2.68 and 3.99 Å throughout the simulation up to 10 ns. The
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averaged RMSD of the complex was 3.11Å indicating that the screened hit N1 formed a stable complex
with pim-3.

Protein-ligand interactionsis one of the major factors that is analyzed during the course of simulation.
They are useful in understanding the dynamic changes and binding modes during MD simulations. There
are four substantial protein-ligand contacts or interactions in MD simulations namely hydrogen bonding,
ionic, hydrophobic and water bridges. The binding site of pim-3 consisted the following amino acid
residuesPhe 51, Glu 124, Arg 125, Pro 126, Asp 131, Asp 134, Glu 174, Asp 189 and Phe 190.

The screened hit N1 showed hydrogen bond interaction with Glu 124 (96.90%), hydrophobic interactions
with Val 54 (19.38%), Ala 67 (45.25%), Leu 123 (58.44%), Leu 177 (34.06%) and Ile 188 (49.45%) and
formed water mediated hydrogen bonds with Leu 46 (18.68%), Pro 126 (10.78%), Lys 172 (10.18%), Glu
174 (35%) and Asp 189 (6.69%) (Figures 13 and 14). It also formed π-π stacking and π-cationic
interactions with Phe 51 for 71% and 54% of simulation time respectively (Figure 13 and 14). Surprisingly
ionic interactions were lost and not observed in the protein complex N1. Therefore it can be noted that the
screened hit N1 has good interactions with pim-3.

Conclusions
The aim of the present study is used to identify new potent and promising hits against pim-3 by
employing diverse computational methods. To achieve the purpose pharmacophore based virtual
screening, homology modelling, molecular docking, binding free energy analysis and molecular dynamics
simulation techniques were used. Initially a pharmacophore model (ADRRR) was derived using reported
pim-3 inhibitors which were used to screen the subsets of molecules from Asinex and Otava lead library
databases. Later molecular docking and binding free energies were performed on the retrieved hits which
ultimately yielded 6 hits with binding free energies greater than that of best active molecule. Actually the
crystal structure of pim-3 was not available hence homology modelling was employed to model the
protein. Finally MD simulations were carried out on the top hit with highest binding energy which showed
stable binding with that of the target pim-3. All in all, the study suggests that integrated 3D QSAR,
homology modelling, molecular docking, binding free energy analysis and MD simulation techniques can
be helpful in identifying new pim-3 inhibitors. The inference drawn in the current study can provide some
insights to the research community to discover new potent inhibitors against pim-3 with greater biological
activity.
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Figure 1

Description of �ve featured pharmacophore model ADRRR where pink and blue sphere with vectors
symbolizes H-bond acceptor and donor features and three orange rings typi�es aromatic ring features
respectively
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Figure 2

Inter-pharmacophore site distances of the model ADRRR
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Figure 3

Inter-pharmacophore angle measurements of the model ADRRR

Figure 4

Visualization of 3D QSAR model in connection with compound 39 (best active compound) emphasizing
the effect of (a) H-bond acceptor (b) H-bond donor and (c) hydrophobic features.
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Figure 5

Ramachandran plot of the modelled pim-3 protein obtained from PROCHECK server
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Figure 6

Overall quality factor (ERRAT) of pim-3 protein retrieved from SAVES server

Figure 7

Plot obtained from verify 3D depicting the compatibility of modelled pim-3 protein

Figure 8

(a) ProSA energy pro�le of modelled pim-3 protein illustrating the local model quality. (b) Negative Z-
score (-7.1) indicating overall good quality model of pim-3 protein compared to amino acids deposited in
the protein data bank
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Figure 9

3D modelled structure of pim-3 protein
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Figure 10

Ligand interaction diagram of best active compound (compound 39) with active site of pim-3
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Figure 11

Ligand interaction diagram of molecule N1 obtained from Asinex and Otava lead library databases

Figure 12

RMSD (root mean square deviation) plot of screened hit (N1) complexed with pim-3 as a function of
simulation time with respect to initial structure
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Figure 13

Average conformation of the binding pocket of pim-3 complexed with screened hit (N1) throughout the
simulation of 10 ns

Figure 14

Protein-ligand interactions over trajectory with respect to screened hit (N1)



Page 27/27

Supplementary Files

This is a list of supplementary �les associated with this preprint. Click to download.

Supplementary.docx

https://assets.researchsquare.com/files/rs-1112972/v1/6dd6270753ae70945bd76ffe.docx

