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ABSTRACT

Introduction: Recent years has witnessed major paradigm shifts in the treatment of 

NSCLC with the emergence of biomarkers and targeted therapies. Most importantly, ALK 

is a validated biomarker and its inhibition using targeted therapies have had significant 
effects on patients suffering from NSCLC. However, emergence of drug resistance has 

limited the usage of these agents in the patients. Objective: In the present objective, 

e-pharmacophore based virtual screening was employed to discover potent ALK 

inhibitors from a natural compound database, TIPdb. Result: Screening of TIPdb using 

the e-pharmacophore model (DDRRR) retrieved 1000 hits. The docking procedures and 

ADME analysis led to the identification of piperphilippinin VI as the best hit. Further 
interaction analysis showed that piperphilippinin VI exhibited crucial interactions with 
kinase domain of the protein, which is the major targeting site for ALK inhibitors. Note 

that, PASS prediction analysis highlighted the presence of anti-neoplastic activity of the 

hit molecule towards lung cancer in particular NSCLC. Conclusion: The comprehensive 

analysis of the present study shows that,  piperphilippinin VI  has higher binding affinity, 
low toxicity profiles and increased CNS activity. We believe that these observations are 
of immense importance in the rational designing of a novel and potent ALK inhibitors 

from natural sources.
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INTRODUCTION

Lung cancer is one of  the fatal malignancies 

that has reached an epidemic proportion in  

the past few years. For instance, it was con-

sidered to be a rare disease in the begin of  

20th century but has become the cause for 

around one-fifth of  the total fatalities glob-

ally, in the year 2012.1 On the basis of  their 

histology, lung cancer is further classified into 
small cell lung cancer (SCLC) and non-small 

cell lung cancer (NSCLC) in which NSCLC 

accounts for about 80% to 85% of  all lung 

cancer cases.2 Previously, cytotoxic che-

motherapy was the commonly used treat-

ment modality for NSCLC.3 However, it 

was found that this therapy preferentially 

selects rapidly proliferating cells thus posing 

a threat to all cells of  the body.4 In recent 
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molecular mechanisms underlying cancer 

led to new and efficacious therapies spe-

cifically targeted therapies. Targeted drugs 
have the ability to target specific molecules 
or pathways that are known to play a role 

in the growth and development of  can-

cer cells.5,6 It was discovered that signal-

ing pathways regulated by protein tyrosine 

kinases play an important role in cancer 

particularly against ALK tyrosine kinases. 

The interest on ALK was considerably 
increased after it was discovered that ALK 

fusions are present in 3-5% of  patients 

with NSCLC.7,8 The formation of  ALK 
fusion oncogene occurs when the 3’-end of  

ALK gene fuses with the 5’ end of  EML4 
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(echinoderm microtubule-associated protein- 
like 4) gene.2,9 This oncogene will result in the activation 
of  several key cellular processes like cell survival, cell 
migration, cellular proliferation thus leading to tumor 
formation.2,9 These studies suggests that EML4-ALK 
fusion protein can be a susceptible target in targeted 
therapies. Thus, personalized treatment options for 
patients with advanced ALK-positive NSCLC is given 
through ALK inhibitors. In particular, Crizotinib was 
granted FDA approval because of  its rapid and durable 
responses observed in ALK-positive NSCLC patients.10 
However, crizotinib acquires resistance after it is 
exposed to the tumor. It is either because of  manipula-
tion of  signaling pathways, alterations in the drug tar-
get (i.e secondary mutations).11,12 The common adverse 
effects include visual impairment, nausea, fatigue, vomit-
ing.11 Additionally, poor CNS (Central Nervous System) 
activity of  crizotinib restricts its use. CNS is a frequent 
site of  relapse in ALK-positive lung cancer patients, yet 
CNS involvement of  crizotinib was found to be minimal 
in patients.12 These problems associated with the drug 
has necessitated the search for more potent ALK inhibi-
tors with reduced side effects. Of  note, plants are consid-
ered as the natural reservoir of  bioactive chemicals with 
therapeutic values and fewer side effects. Therefore, to 
overcome these problems, we would be focusing on 
finding new inhibitors particularly from a plant database 
having plant compounds from indigenous plants of  Tai-
wan.

Computer-aided techniques or in silico approaches has  
given important contributions to the field of  drug  
discovery in recent years.13 It has opened a path for the 
quick and cost-effective development of  small molecules 
within the context of  pharmaceutics. Particularly, tech-
niques such as virtual screening and e-pharmacophore  
modelling techniques are being applied to pharmacology  
for the rapid development of  drugs. In the recent years, 
virtual screening has been used as an important tool to  
access novel drug-like compounds from a large data-
base.13,14 Moreover, e-pharmacophore modelling has  
been used in a variety of  studies such as in the synthesis  
of  a New Class of  Heat Shock Protein 90 Inhibitors,15 
as well as for the virtual Screening of  Hepatitis C Virus  
NS5B Polymerase Inhibitors.16 E-pharmacophore mod-
elling has also found importance in cancer studies. 
Recently it was used for the discovery of  nicotinamide 
phosphoribosyl transferase inhibitors17 and for inhibitor 
designing for c-Jun-NH2 terminal kinase (JNK).18 Also,  
it was employed for identifying potent and selective  
inhibitors for P90 Ribosomal S6 Kinase (RSK)19 as well 
as for the identification of  novel inhibitors for Estrogen 

Receptors 1 (ESR1).20 Therefore, in this paper, we are 
focusing on the e-pharmacophore modelling for the 

drug discovery of  potential ALK inhibitors.

MATERIALS AND METHODS

Dataset

The X-ray structure of  the native ALK protein was 
extracted from Brookhaven Protein Data Bank (PDB).21 

The PDB code of  native protein was 2XP2 and had 
a resolution of  1.9 Å. The ALK inhibitors reported 
in literature such as Alectinib, Brigatinib, Entrectinib, 

ASP-3026, CEP-28122, X-394, CEP-37440, Ceritinib, 
Crizotinib, Lorlatinib, TAE684 and AZD346322-25 were  

retrieved from PubChem. The Tipdb database consisting  
of  about 88000 compounds26 were extracted in SDF  

format and utilized for the virtual screening (VS) protocol.

Phase database creation

A phase database was created using the SDF files of   
molecules extracted from the TIPdb database. It contains  
three-dimensional structures of  biologically active  

phytochemicals from indigenous plants of  Taiwan.26 

Prior to using the molecules for the study it is recom-

mended to pre-process the structures.27 Thus, the ligand 
structures were prepared, assigned proper ionization  
and tautomeric states using Epik.28 This pre-processing  
ensure that the ligands will have appropriate bond  

orders, tautomeric states and protonation states.29,30  

Further, conformers were generated for each ligand 

using ConfGen by an OPLS_2005 force field.31 More-

over, the molecules were pre-filtered during the database 
creation based on ‘Lipinski’s rule of  five’ to eliminate 
compounds without drug-likeness properties.32

Protein preparation

The protein structure imported from PDB was prepared  
using the protein preparation wizard of  Maestro software 
package for use in molecular docking experiments.33 

During the preparation process bond orders were 

assigned, tautomers were generated, missing hydrogens 

were added to heavy atoms, and hydrogen bonds in 

the protein were optimized to pH 7.34,35 Further, water  

molecules were removed from the protein before docking  

to prevent the disruption of  the hydrogen network 

needed for ligand binding and to prevent the protein 

from collapsing in unphysical ways.36 Finally, Optimized 
Potentials for Liquid Simulations (OPLS) 2005 force 
field was used to minimize energy where heavy atoms 
were converged to 0.30Å average root mean square 
deviation (RMSD) value.37
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Molecular docking

E-pharmacophore modelling is a combination of  both 
structure based and ligand based methods.16 Therefore, 
the twelve inhibitors were initially docked onto the 
native protein using Glide module of  the Schrödinger 
suite.38 Prior to docking a grid was generated around the  
active site of  the protein. The grid size of  20Å size was 
generated to accommodate the complete set of  binding 
residues such as V1130, N1254, L1196, L1122, M1199, 
G1202, G1269, A1148, A1200, R1253, K1150, G1201, 
L1198, L1256, E1197 and D1203.39,40 Subsequently, the 
ligands were docked onto the catalytic binding site of   
the protein in Glide Extra Precision (XP) mode. In  
particular, XP docking was employed because of  its 
ability to rank the ligands based on its interaction with 
a specific binding conformation of  the protein more 
accurately than other precision modes.41 Finally, the 
docked files were utilized for e-pharmacophore generation.

E-pharmacophore generation

E-pharmacophore generation was performed using the 
Schrodinger PHASE Version 4.3.42 Using Phase 4.3, 
the pharmacophoric sites were generated based on six  
default chemical features - Aromatic ring (R), hydrophobe 
(H), hydrogen-bond acceptor (A), positive ionizable (P), 
negative ionizable (N) and hydrogen-bond donor (D).43 
During e-pharmacophore generation, the Glide XP  
energy descriptors of  each atom present in the phar-
macophoric sites are added up.43,37 For instance, various 
interactions like π−π stacking, hydrophobic enclosure, 
electrostatic rewards, hydrophobically packed corre-
lated hydrogen bonds, π−cation and others are a part of  
these Glide XP descriptors. Since there were 12 ligands, 
fragment-based hypothesis generation approach was 
utilized.44 Finally, the e-pharmacophore model was 
constructed which was used as a query to retrieve com-
pounds from chemical databases with novel chemical 
features.

Insilico screening

The virtual screening procedures were carried out using 
the GLIDE software.45 Glide is one of  the standard  
molecular docking tools that has been useful in the  
process of  screening large databases during a drug 
development phase.45 Glide based insilico screening 
includes three steps namely high throughput virtual 
screening (HTVS), Standard Precision (SP) and XP.  
Since HTVS is a fast process helping in rapid screening,  
this protocol is used as the initial step in docking  
studies. Subsequently, 50% of  the resultant molecules 
were passed on to the next stage of  SP docking where 
screening was further carried out. Finally, 50% of  the 

top scoring molecules were passed on to XP docking,  
which is a much more stringent method to remove  

all the false positives.46,47 The results of  the docking  
protocols were examined based on their binding energies 

and Glide energies.48

Absorption, distribution, metabolism and 

excretion (ADME)

The most important strategy of  the pharmaceutical  
industry to overcome the failure rates during drug 

discovery is to focus on the molecular properties like 

absorption, distribution, metabolism and excretion 

(ADME).49 ADME property determination is essential 

to avoid the candidate molecule failure in the clinical  

trials, as it reflects the efficiency of  a drug in the living  
system.50 QikProp Program of  the Maestro interface 

was used in the prediction of  both pharmaceutically 

pertinent properties along with the physically significant  
descriptors.51 Various parameters like brain/blood  

partition co-efficient (QPlogBB), water solubility (QPlogS),  
octanol/water partition co-efficient (QPlogPo/w) and 
percentage of  human oral absorption which are critical  

for the estimating the absorption and distribution of  

a hit compound within the body52 were determined 

using this program. In addition, the Lipinski rule of   

five which is based on property values such as the  
number of  hydrogen bond acceptors and donors, logP  

and molecular weight were also calculated to judge  

the overall potential of  the hit molecule to qualify as 
a potential drug candidate.52 Moreover, CNS activities 

were also predicted for the hits. The recommended 
range for the Central Nervous System activity is in the 

range of  -2 (inactive) to 2 (active).53 Likewise, the #stars 

property was also predicted since it is a major factor that 

helps in determining the drug- likeness of  each hit.54 

The higher the number of  stars, the lesser is the drug-
likeness of  the molecule.54 Thus the chemical, physical  
and pharmacokinetic properties of  the hits were analyzed.

RESULTS

E-pharmacophore model generation:

An e-pharmacophore hypothesis was generated in the 

Maestro workspace using PHASE module. Prior to 

e-pharmacophore generation, the twelve ALK inhibitors  

were docked on to the protein in the Glide XP precision 
mode. The docked poses of  the inhibitors containing 
both its ligand and structural aspects were used to create 

the pharmacophore model. Using the “Docking post  

processing” in the Maestro interface, “e-pharmacophore”  

option was specified. Further, the ligand-receptor complex  
file is required as an input for the generation of  hypoth-
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esis. Since there were twelve ligands, fragment mode 

was chosen in the settings and pharmacophoric sites 

were generated. These sites were generated based on the 
Glide XP energetic terms which were mapped onto the 
atoms of  the ligands. Keeping all the other parameters 

as default, a pharmacophore hypothesis was written in 

which the features were ranked on the basis of  their  

energy contributions to binding. The top 5 features 
having an energy score >1.0 kcal/mol were included 

in the hypothesis (Table 1).55 Subsequently, a five point 
e-pharmacophore model (DDRRR) was generated with 

the chosen sites. The model had three aromatic rings 
(R) and two hydrogen bond donor groups (D) (Figure 1).  

The generated e-pharmacophore was then utilized for 
screening of  phase database where it was able to pick 

a good number of  active molecules which in return 

explains the effective screening of  molecules from the 
database. 

Database screening using e-pharmacophore 

model

The e-pharmacophore model (DDRRR) was used to 
screen the phase database to retrieve a diverse set of  
hits capable of  inhibiting ALK. Since conformers of   
the ligands were generated using ConfGen option during  
the phase database creation, on-the-fly conformer  
generation was not carried out.56 These conformers 
were then searched against the e-pharmacophore model  
to identify those ligands that match the features. Addi-
tionally, reorientation of  the ligand conformers was also  
allowed to determine if  they match the pharmacophoric  
sites or not. Further, the basic criteria for matching 
of  ligand sites with the e-pharmacophore model were 
pre-defined to 4 out of  5 sites so that any potential 
molecule is not lost.57 Finally, ‘Return at most 1000 hit 
molecules’ were specified in the “hit treatment” option 
while screening the database. After the process was 
run, PHASE retrieved 1000 hit molecules which could 
superimpose with the template hypothesis. All the 1000 
hit molecules were then subjected to virtual screening 
procedures.

Virtual screening using glide

The virtual screening strategy was carried out to identify  
potent ALK inhibitors with higher glide scores and 
energies. During the virtual screening process, the  
compounds were screened through three steps. Initially,  
the 1000 hit molecules obtained from database screening  
were screened through HTVS. Subsequently, 50% of  
the screened hits (500 molecules) were taken to the next 
docking stage using SP mode. Finally, the next 50% 
(250 molecules) of  the top scoring ligands obtained 
from SP were subjected to XP docking stage to refine 
good ligands. After the docking protocol, the hits were 
analyzed for their docking scores. Since docking scores 
show the measure of  the affinity of  each ligand to its 
receptor, higher docking scores of  ligands than the 
reference molecule confirms higher affinity and thus 
possible higher inhibition rate than the available drug 
molecule. Keeping this in mind, 23 hits that showed 
higher docking scores than the reference ligand crizo-
tinib (>5.112 kcal/mol) were retrieved. The docking 
scores of  the hit molecules along with the crizotinib 
score is illustrated in Table 2. Further, these 23 hits were 
analyzed for their ADME properties. 

ADME property analysis

The 23 hits were analyzed for their ADME properties  
using the QikProp module of  the Schrödinger software.58  

Table 1: The E-pharmacophore features and its 

energy scores.

S. No. Feature Table Score (kcal/mol)

1 D65 -2.20

2 R176 -2.05

3 D53 -2.04

4 R164 -1.40

5 R165 -1.04

Figure 1: The five feature Pharmacophore model DDRRR 
generated using PHASE illustrating hydrogen bond donor 

group (D17, D22; blue) and aromatic ring group (R54, R55, 

R59; orange).
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of  Schrödinger suite to gain insight into the binding  
pattern. The results are illustrated in Figure 2. The 
purple lines indicate the presence of  hydrogen bonds 
between the protein and the ligand. The atomic inter-
action details of  piperphilippinin are shown in Table 4.  
It can be visualized that piperphilippinin is found to 
possess hydrogen bond interactions with the crucial 
Met1199 and Glu1197 residues of  the protein. Addi-
tionally, piperphilippinin exhibited interactions with 
the Asp1203 residue of  the protein. Interestingly, piper 
philippinin was found to possess similar interactions as 
that of  the FDA approved drug crizotinib. Of  note, the 
interacting residues were found to have crucial roles in 
tyrosine kinase activity as well as in triggering the down-
stream signalling processes.59 The superimposed image 
of  piper philippinin VI with the binding site of  ALK 
and with the hypothesis are illustrated in Figure 3 and 4 
respectively. The ball and stick model of  piper philip-
pinin VI along with the plant source information are 
illustrated in Figure 5.

Biological activity prediction using PASS 

algorithm

The biological activity of  piper philippinin was further 
examined using PASS algorithm. For PASS prediction, 
the “SMILES” of  the compound was provided as the  
input. Subsequently the Pa and Pi values of  piper-
philippinin VI against each activitiy were retrieved.  
In particular, piperphilippinin VI was searched for its 
anti-cancer properties. The results of  PASS prediction 
are depicted in Table 5. It was found that piperphilip-
pinin VI exhibited Pa value of  0.365, 0.296 and 0.332 
against lung cancer, lymphoma and solid tumors. Most 
importantly, it exhibited a Pa value of  0.180 and Pi value 
of  0.107 towards NSCLC. Additionally, it had a Pa value 
of  0.279 and Pi value of  0.047 towards SCLC. Thus, 
PASS predicted a significant amount of  anti-cancer 
property of  piperphilippinin VI which can provide the 
basis for further experimental studies.

DISCUSSION

ALK-EML4 rearrangements belongs to a small but  
significant molecular subtype of  NSCLC and has been  
described as a strong therapeutic target in previous 
studies. A recent transformation in the therapeutic 
landscape of  ALK positive NSCLC was made by the 
advancement of  targeted therapies. These therapies, as 
compared with chemotherapy has shown great promise 
in patients with an improved survival rate. Even though 
it is reported that CNS is the most frequent site of   
relapse in ALK-positive patients, the efficiency of   
chemotherapy to cross the impenetrable blood brain 

Table 2: Docking scores of screened hit molecules 

and crizotinib against ALK.

S. No Ligands Glide gscore
(kcal/mol)

Glide energy
(kcal/mol)

1 Crizotinib -5.112 -43.376 

2 TIP001103 -10.324 -47.26

3 TIP001834 -9.862 -45.968

4 C00037818.cdx -8.622 -46.568

5 TIP001834 -8.603 -39.952

6 C00007203.cdx -8.6 -43.294

7 TIP001834 -8.541 -38.46

8 TIP001838 -8.535 -36.226

9 TIP001736 -8.455 -39.871

10 TIP001853 -8.292 -43.772

11 TIP001834 -8.272 -37.837

12 TIP000871 -8.138 -37.697

13 TIP001125 -7.978 -37.332

14 C00031799.cdx -7.961 -29.239

15 TIP001853 -7.97 -37.902

16 C00007062.cdx -7.954 -55.602

17 TIP001887 -7.808 -47.481

18 C00043053.cdx -7.733 -33.267

19 TIP001125 -8.576 -35.12

20 C00007942.cdx -7.6 -37.91

21 TIP002168 -7.554 -38.121

22 C00007060.cdx -7.536 -36.966

23 TIP001838 -7.417 -41.06

24 C00047809.cdx -7.44 -43.719

In particular, The CNS descriptors were one of  the 
main descriptors considered in our analysis. CNS 

determine whether the molecules have the ability to 

cross the blood-brain barrier. Thus 2 hit molecules  
such as TIP001125 and TIP002168 with CNS values -1  
was selected. In addition, the 2 hit molecules were 

screened for their #stars value. It was found that only 1  

(TIP001125) hit possessed the least #stars value 0.  
Further, TIP001125 (piper philippinin VI) was also 
found to have 100% HOA property. Moreover, piper 

philippinin VI was analyzed for its bioavailability,  
absorption, solubility, distribution, plasma protein  

binding, membrane penetration properties. Table 3 shows  
the ADME properties of  the screened hit molecule. 

The results indicate that piperphilippinin VI satisfies all 
the ADME descriptors.

Interaction studies of piperphilippinin VI

The interaction pattern of  piperphilippinin VI was 
analysed using the Ligand Interaction Diagram (LID) 
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barrier is controversial. Moreover, the reported response 

rate in patients to chemotherapy is just 15-30%.60 

Whereas, the response rate of  crizotinib, was found 
to reach 60-80% denoting the success of  these agents 

in treating brain metastasis. However, despite its initial 

success, the use of  crizotinib faces limitations due to 
its insufficient CSF (Cerebrospinal Fluid) concentration  
and the occurrence of  bypass-mediated resistance  

pathways. 60 Additionally, the present tyrosine kinase 

inhibitors for ALK such as crizotinib, ceritinib, alectinib  
etc pose the threat of  side effects on the patients. 60  

Considering the aforementioned aspects, the present 

study is strengthened by the fact that the inhibitor is 

obtained from natural source thus it may lack side effect 

issues produced by chemical compounds. Of  note,  

Plants have been considered as a rich supply of  con-

ventional medication for many years because they have  

bioactive molecules with a wide spectrum of  biological 

activities. Moreover, natural compounds are considered 

as valuable sources of  lead structures that could be  

used as new pharmaceutical agents. Therefore, the present  
study was undertaken to discover natural targeted agents  

Figure 2: The LID of the reference molecule and screened hit 

molecules a crizotinib b piperphilippinin VI.

Figure 5: (a) The Plant Piper Philippinum (b) Ball and Stick 

Model of the chemical compound piperphilippinin VI.

Figure 3: The superimposed image of piperphilippinin VI to 

the binding site of the receptor.

Figure 4: The hit molecule piperphilippinin VI superimposed 

with the e-pharmacophore hypothesis generated.

Table 4: Analysis of interaction of screened hit  

molecule with ALK protein.

S. 
No.

TIPdb ID Number of 
H-bonds

Interacting atoms 
of protein-ligand 

complex

Distance 
(Å)

1 001125 3 Met 1199…Lig(O) 1.86492

Glu 1197…Lig(O) 2.12271

Asp 1203…Lig(O) 1.64162

Table 5: Biological activity prediction of piper philip-

pinin VI using PASS algorithm.

S. 
No

TIPdb ID 
(Name)

Biological activity Pa 
value

Pi 
value

1 001125 

(piperphilippinin 

VI)

Antineoplastic (lung 

cancer)

0.365 0.028

Antineoplastic 

(lymphoma)

0.296 0.024

Antineoplastic (solid 

tumors) 

0.332 0.067

Antineoplastic 

(non-small cell lung 

cancer)

0.180 0.107

Antineoplastic (small 

cell lung cancer)

0.279 0.047



James, et al.: Identification of potent ALK inhibitors using e-pharmacophore based virtual screening

714 Indian Journal of Pharmaceutical Education and Research | Vol 52 | Issue 4 | Oct-Dec, 2018

with ALK inhibitory activity from a database of  Taiwan 
indigenous plants, TIPdb. 
Initially, a five-point e- pharmacophore hypothesis 
(DDRRR) was generated from 12 ALK inhibitors using 

the PHASE module. Keeping the hypothesis as the 

template the phase database prepared from TIPdb was  
screened to identify hit molecules that could superim-

pose with the hypothesis. The 1000 hit molecules were  
analysed using the HTVS, SP and XP docking protocols.  
It is evident that 23 hit molecules emerged with higher 

glide score than the reference ligand. With the resultant  

23 hit molecules, ADME property analysis was performed.  

Moreover, the compounds possessing CNS activity 

was given more priority. Accordingly, 2 hit molecules 

with CNS activity were identified and then taken for 
further ADME property analysis. The second property 
that was taken into consideration was #stars. #stars 

are a major factor that helps in determining the drug-

likeness of  each hit molecules. Evidence suggest if  a 

molecule has lesser #stars it is more likely to be a drug 

like compound.54 Finally, one hit molecule piper philip-

pinin VI with the least #stars value 0 was chosen. This 
hit was further analysed for their QPlogPw, QPlogPoct, 

QPlogKp, QPlogPo/w, QPlogS, QPlogBB and HOA 

properties and were found to be in the acceptable range. 

The workflow of  the present study is illustrated in Fig. 6.
Furthermore, interaction analysis was carried out to  

rationalize the inhibitory property of  the hit compound, 
piper philippinin VI. The binding mode analysis of  

the hit showed the presence of  essential interactions 
required by an ALK inhibitor. Of  note, it was observed 
that the hit compound binds with Met1199 of  the hinge  
region.59 The hinge region helps in coordinating  
ATP for its efficient catalysis and thus triggering of  
the subsequent downstream signalling leading to cell  
proliferation and cell survival.61 Of  note, it is the key 
recognition motif  of  any kinases which is targeted by a 
majority of  kinase inhibitors. Additionally, piper philip-
pinin VI was also found to possess interactions with 
another hinge residue, Glu1197.59 Furthermore, piper-
philippinin VI showed interaction with Asp1203 which 
is found at the bottom of  the ATP binding site.62

Finally, piper philippinin VI was examined for its possible 
anticancer properties by employing PASS algorithm. 
PASS algorithm has been employed as a potential tool  
for the prediction of  biological activity spectra of   
synthetic as well as natural products.63 It predicts the  
activity of  the compound on the basis of  probable  
activity (Pa) and probable inactivity (Pi) values. The Pa 
and Pi values ranges from 0.000 to 1.000. In essence, 
a compound can be interpreted as having a biological  
activity only if  the Pa > Pi.63 Thus, the results (Table 5)  
shows that piper philippinin VI is found to possess 
antineoplastic activities towards lymphoma and solid 
tumours. Most importantly, it was found to possess 
antineoplastic activity towards lung cancer especially 
NSCLC. 

Overall, we found that the hit molecule piper philip-
pinin VI has better CNS ability than crizotinib. Also, it 
was found that piper philippinin VI binds to the hinge 
region residues which will hamper the ATP catalysis 
process resulting in the tumor growth inhibition. It 
is interesting to note that piper philippinin VI has an 
interaction profile as that of  type I ALK inhibitor in 
particular crizotinib62 thus strengthening the fact that 
it can cause to ALK inhibition. Moreover, PASS algo-
rithm was able to predict the hidden pharmacological 
potential of  piper philippinin VI which can be explored 
further using in vivo as well as in vitro studies. Thus, it 
could be concluded from our results that piper philip-
pinin VI extracted from Piper Philippinum plant would 
be a promising alternative for the development of  ALK 
inhibitors with better CNS activity, improved binding 
efficiency and minimal side effects. 

CONCLUSION

Findings from the current study shows that piper philip-
pinin VI extracted from Piper Philippinum plant would be 
a promising alternative for the development of  ALK  
inhibitors with better CNS and improved binding  

Figure 6: The virtual screening workflow followed throughout 
the study.
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efficiency. In the present study, piper philippinin VI 
was found to have higher glide scores than crizotinib 
(first FDA approved drug generally used for treatment 
of  ALK positive NSCLC) denoting its higher binding 

affinity towards ALK and thus its possible capacity 
for more potent ALK inhibition than crizotinib. The 
ADME property of  piper philippinin VI also supported  

this notion by revealing the good pharmacokinetic  

property, better CNS activity and 100% HOA possessed 

by it. Further interaction analysis of  piper philippinin VI 

showed the presence of  crucial Met1199 and Glu1197 

interactions with the kinase domain of  ALK and also 

with Asp1203 present at the floor of  ATP binding site. 
Furthermore, confirmation on the possible anti-tumour 
activity was obtained from PASS prediction values 

which showed anti-neoplastic activity towards NSCLC 

making it an accessible lead for the disease. Thus, this 
study provides first evidence on the anticancer activity  
of  piperphilippinin VI specifically towards ALK positive  
NSCLC. Further in vitro and in vivo studies are  

necessary to validate its possible therapeutic implications 

towards ALK positive NSCLC.
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SUMMARY

• The developed e-pharmacophore hypothesis retrieved potential compounds from Tipdb database 

(88000) which were then subjected to ADME analysis resulting in piper philippinin VI as the 
potential hit.

• Piper philippinin VI had increased CNS activity, 100% HOA. It also exhibited Met1199, Glu1197 
and Asp1203 with the kinase domain of ALK. 

• Piper philippinin VI showed promising results in silico and provides a strong outlook for the future 
designing and discovery of novel ALK inhibitors.
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