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ARTICLE INFO ABSTRACT

Article history: Quantitative structural activity relationship and molecular docking studies were performed to
igggg{gg ;gig:igzcﬁ predict the anticancer activity of 41 sulfur-containing shikonin oxime derivatives. Quantum
Available online 2019-03-08 chemical calculations method (Density Functional Theory with B3LYP/6-31G* basis set) were

used in optimising the studied molecules to find the lowest geometry. Genetic function

algorithm was employed in selecting five relevent molecular descriptors that derived a

keywords guantitative relationship between the anticancer activity and the structural properties of the
aigsular dockin studied compounds. Based on the value of coefficient of correlation R2 0.833, R2. value of
Shikonin oxime 9 0.64 Rey; value of 0.799 and Q? value of 0.737, the model was found to be robust, highly
Density Functional Theory satisfactory and predictive. Docking study between the derivatives of sulfur- containing
GFA shikonin oxime and fibroblast growth factor receptor (5A46) revealed that compound number

24 hasthe highest binding energy of -9.3 kcal/mol and all the other compounds hasfavourable
binding affinity toward the target receptor.
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1. INTRODUCTION

Table 1- Compounds and their pIC50

Gastric cancer also known as stomach cancer bedies a

malignant cancer cells grows within the lining lbétstomach; s/

these cells has the ability to become tumor. Gastancer Compounds pIC50
mostly occurs as a result of infection by a baatelélicobacter

pylori with about 60% of all cases due to this baet, the risk

is higher in some of the helicobacter pylori thaéimeos (Chang 1 HOSNIa

A.H. et al; 2010). Other risk factors may includgeoking and '

dietary factors including Pickled vegetables andesity | -z

(Gozalez C.A. et al; 2013). N< o OCHs S~ 4.90

Gastric cancer usually continues to develop inhtlman body
without noticing it until it reaches its final sagsometimes it -

even goes to the extent of spreading to other srgach as NI\OHOCHSS\/\/ 5.03
liver, lung, lining of the abdomen, lymph nodes amhes 3 HOL
before its discovered this is the main reasonwfdarvival rate '
of gastric cancer patient than many other typesnters (Janet P

M. et al; 2010) -y
N 5.47

Signs and symptoms of gastric cancer at the etayesnclude 4 POy ook,
abdominal pain, loss of appetite, heart burn andea while at
the later stage of development, the sign and symptmay »

include vomiting, blood in the stool, weight loskfficulty in ..

swallowing and change in skin and eye color (RuGoret al; o \/ﬁ/ 5.15
2007) 5 "o oon,

Quantitative structural activity relationship istatistical model
of correlation between a molecular descriptors and | AN
experimental activity of a compounds, these desmspcan be 00t
either two or three dimensional (Todeschini RI;€2@09). This 6 N OCH,
will undoubtedly help in understanding the inteiawct
characteristics (non-bonding) between the active of the
target and the drug molecule (Li Y.P. et al;20%8)ile docking |

gives the detail of the binding conformation of tigand with ks NN
receptor, QSAR and molecular docking together giile an 7 o
information that can be used in developing potémdiag

candidate (Jain S. et al; 2012) | /\//\/\/\
“\OHOCH3 § 5 i 64

5.17

5.25

The purpose of this study is to develop and esthalaireliable, 8 N 0ok,
robust and highly predictive QSAR model that wihge as a J
guideline for designing highly potent inhibitor MGC 803
gastric cancer cell line.

\
o 5.00
2. MATERIALS AND METHODS o I8&

2.1 Data Sources: g
10 By o

4.71

Forty one compounds derivatives of sulfur-contajrshikonin

oxime was obtained from the literature (Guang Hueng., /

2017), the inhibitory activity of the compounds g expressed b NN NN 4.50
in uM were converted to pkg [pICso =-log(ICs0x108)] to 11 oo

reduce data dispersion and increase the linearitlyeé activity

values of the compounds. The structure of the camgs and /

their activities are shown in Table 1. h!os 5.00
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2.2 Geometry optimization:

The two-dimensional structure of the compounds veeesvn
using chemdraw software (cambridge soft 2010) amel t
conformation of the compounds was determined bwgusi
spartan software (spartan 14 v1.1.14) wave funcimftware
package. The structure of the compounds wererfisimized
by molecular mechanic force field (MMFF) to remasteain
energy, Density functional theory with B3LYP and36c*
basis set was used in optimizing the molecules.

2.3 Descriptors calculation:

The optimized molecules were saved in sdf form #mal
descriptors of the optimized compounds was caledldiy
using the PaDEL software (PaDEL descriptor ver@@o).

2.4 Data normalization and pre-treatment:

The values of the descriptors were normalized sso give all
the variables the same chance of influencing thdelhmoise
and redundant data were removed by subjectingatsetd pre-
treatment using data pre-treatment software (SAoR. et al;
2018].

Xl B Xmin
Xma\x - Xmin (1)

where X is the value of each descriptor for a given mdiecu
Xmax is the maximum value for all the column of tescriptor
X, while Xmin is the minimum value for each column of
descriptors X.

2.5 Data division:

Kennard- Stone algorithm was employed in orderivald the
data set into training set of 31 compounds andgesbf 10
compounds, this is to ensure that all the pointst thill

represent both training and test set compoundsesealy
distributed within the whole descriptor space odedby the
entire data set (Arthur D. et al; 2016)

2.6 Model development

Multi linear regression analysis was performed gigjenetic
function approximation on material studio softwaiith all the

31 training set compounds, the experimental acwiof the
compounds(ples) are the dependent variables while the
molecular descriptors are the independent variables

2.7 Internal validation of the model:

The developed QSAR model was accessed by usirdnfeads
lack of fit which is a measure of the fitness oé teveloped
model. The formula for the friedmanack of fit is

__ SEE
({ Craxp/M

where SEE means the standard error of estimatios, @&fine

as the number of terms in the model, d is a useosmng
parameter, p is the number of descriptors that agp@ the
model and M is the amount of data in the trainieg SEE is a
measure of modal quality the lower the value of SEE the better
the quality of the model. SEE is defined as

Y e Yire)?
TV N-P-1 ©)

The square of the correlation coefficient?Rneasure the
power of the model to explain how the activity \alaf the
molecules used in building the model varies. Assiatil model
has an Rvalue of 1, and the more the value of tifedRviate
from 1, the more the robustness of the model rethetes the
closer is the value of Ro 1 the better the developed model
(Adediran O. et al; 2018).

l: Z(Yexp pred :I
S, .o »

where Yexp,Ypre and Yiraining are the experimental, predicted and
the mean experimental activities of the sampldhéntraining
set.

R?values varies with increase in the number of dptans, this
makes Runreliable in measuring the fitness of the modekth
R? is adjusted for all the number of variables in inedel and
its defined as

R -k(n-1)
n-p+1 ®)

where k is the number of independent variabledqwinrhodel
and n represent the number of descriptors.

)

R2Adj =

The strength of the equation of QSAR to predicivigtof a
compound was accessed by using leave-one-out cross—
validation method with the revised formula of

ZIYpred_!x)z

2
!xp_ rainirg

@=1
(6)
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whereY pred, Y exp, andY vaining are the predicted, experimental, and
mean values of experimental activity of the tragnet.

2.8 External validation:

Internal validation of a model is employed in ortteprove that
the model has higher predictive ability and stahilhowever
no real predictive capacity is shown for the exaésamples,
this necessitate the need to ascertain the preglicti
ability(externally) and extrapolation arises (Beho S. et al;
2018). The predictive R?.s) is calculated as follows

Z (Ypredtest - Yexptest )2 , 0
Z (Ypredtest - Ytraj ning )2

where YpredestaNd Yexptest are the predicted and experimental
activity test set, whileYyaning represents mean values of
experimental activity of the training set.

thest =1-

2.9 Applicability Domain

There is always need to verify the built QSAR moudéth

regard to their applicability within the chemicalrdain of the
compounds or data set applicability (Adedirin Oakt2018).
Extrapolation of the leverage approach was useéfiming the
applicability domain and to identify all the outlieompounds,

standardized residuals of each compounds was used i

identifying of response outlier. Graphically, atpid leverage
values and standardized residuals was used toildestre
domain of the model. The warning leveragg (as calculated
using 3(m+1)/n (Bello A.S. et al; 2018) where nthis number
of all the descriptors present in the model, rhiss humber of
training set compounds. when the graph was plotsey,
compound that has its leverage valug tigher than (1) is
considered to be an outlier compound and any congpthat
has leverage value fHower than () is considered to be an
influential and reliable compound.

3. MOLECULAR DOCKING STUDY

This is a modeling technique used in predictingittieraction
between the receptor and the ligand (Roy k. et2at5).
Docking studies were performed between the fibistidaowth
factor receptor PDB ID (5a46) and all the 41 sutfantaining
shikonin oxime derivatives in order to calculate thinding
energy and study the interactions. The tools usetis study
include HP beatsaudio computer system (intel co@BGHZ

processor, 12GB RAM, windows 8.1 operating system)

pubchem data base, protein data bank, pyrex, ackddols in
autodock 4.3 program, vina wizard, and discoveugist

3.1 Preparation of Receptor

The receptor were downloaded from protein data IRDR ID
5a46 is a fibroblast growth factor receptor whielm attractive

target in gastric cancer theraphy (Shilong Yinglg2017). All
the complexes bounded to the receptor was remosgsed u
discovery studio, and the non essential water ntdewas

removed and polar hydrogen was added and the slread

prepared receptor was saved in PDB format.
3.2 Ligand Preparation

The optimized 41 sulfur-containing shikonin oximeristatives
was re-open on spartan software and be convertedeDB®
format and saved in that form.

3.3 Docking of the Receptor with Ligand using Pyrex
Software

Docking of all the ligand was performed with pyresftware
by selecting autodock as the docking engine, archtghest
binding energy (most negative) was recorded asbthding
energy. Visual analysis of the docking site wadquered with
discovery studio software.

4. RESULT AND DISCUSSION

4.1 QSAR result

Kernard-stone algorithm used in this study divitiesl data set
into test set of 10 compounds and training set aamgs of 31,
statistically the mean and the standard deviatioest set (5.32
and 0.001) were similar to that of training sett@and 0.001),
this shows that the test set compounds interposiginnihe
training set compounds and they were statisti@iyparable.
This prove that test set compounds are true réfleaf the
training set compounds.

After studying all the five GFA derived QSAR modMpdel
one was selected as the best model, this is dits tdded
statistical advantages than the remaining modehai the
highest value of R Rlag, Rless @, Fiave and also the lowest
value of LOF and experimental error.

pICso = - 0.613504535 SP-1 + 5.724670004 FNSA-2
+ 0.329775416 ‘GRAV-5 - 6.323694680 *Weta2.unity +
4.216484623 * Wetal.eneg - 7.467079224
8

R? = 0.833, Ragj= 0.799, @ = 0.737, Naining = 31, Nest= 10,
LOF = 0.139, Rue=24.887, R = 0.640.
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Table 2- Statistically Recommended value of
parameters for generally acceptable QSAR
model

S/IN Model 1 Recommended
1 R? 0.833 >0.6
Very close to
2 R2aj 0.799 R?
3 Q2 0.737 >0.5
4 LOF 0.139 Very low
5 Fuaiue 24.877 ngh
6 R2ext 0.640 >0.6
7 ERROR 0.144 Very minimal
8 R-Q®  0.096 <0.3

Source: Ravichandran et al; 2011.

Table 3- Descriptors used to validate the model

(external validation)

GRAV-5 Weta2.unity

18.01430 -0.57168 82.42551 0.392184
15.26399 -0.76188 81.16399 0.365197
16.42578 -0.92616 84.69483 0.377139
17.73031 -1.07013 91.73115 0.472684
16.81963 -0.87448 88.46834 0.485645
17.35764 -0.86683 88.27556 0.389843
14.37014 -0.55986 78.14973 0.428935
15.92578 -0.82191 88.12056 0.577663
15.40815 -0.69349 80.53443 0.287364
15.01430 -0.67701 77.71371 0.393894

Wetal.eneg

0.468907

0.466819
0.500159
0.500013
0.482856
0.477045
0.471192
0.536540
0.496478
0.509359

#VALUE

4.887375

5.231738
4.807939
4.898995
5.347444
5.578906
5.557921
5.726566
5.944403
4.730909

5.03

5.25
4.50
5.51
5.40
5.22
5.93
5.81
5.85
4.71

Table 4- Definition and classes of all the descripts used in this model.

Class

of

descriptor

Name of descriptor
1 SP-1 Simple path, order 1 2D
2 PNSA-2 PNSA 2/total molecular surface area 3D
3 GRAV-5 Square root_of gravitational index of all pairsatdbms (not just 3D
bounded pair:
4 Weta2.unity Directional WHIM, weighted by unit weights 3D
5 Wetal.eneg Directional WHIM, weighted by Mulliken atomi 3D

electronegativities
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Table 5 — Experimental, predicted and residual
activities of training set compounds.
S/n Experiment Predicted

al activity activity Residual
1 4.90 5.07 -0.17
2 5.47 5.35 0.12
3 5.15 4.99 0.16
4 5.17 4.92 0.25
5 5.64 5.69 -0.05
6 5.00 5.19 -0.19
7 4,71 4.84 -0.14
8 5.00 5.03 -0.03
9 5.60 5.44 0.16
10 5.82 5.66 0.16
11 4.77 5.15 -0.38
12 5.89 5.91 -0.02
13 6.03 5.99 0.03
14 5.03 4.83 0.19
15 5.18 5.39 -0.22
16 5.61 5.51 0.09
17 6.06 5.82 0.24
18 5.86 6.04 -0.18
19 5.37 5.39 -0.03
20 6.03 5.74 0.29
21 5.18 5.07 0.11
22 5.89 5.83 0.06
23 5.77 5.97 -0.20
24 5.05 5.14 -0.09
25 5.30 5.26 0.04
26 5.56 5.63 -0.06
27 5.12 5.11 0.01
28 5.23 5.43 -0.19
29 5.50 5.47 0.03
30 5.57 5.62 -0.05
31 5.89 5.81 0.08

The robustness and predictive ability of the moudels
ascertained by the internal validation parametéri6=0.83
which satisfied the requireeD.6 and this means that the model
can explain 83% of the variance in the anticanctvigy of the
data set against MGC 803 gastric cancer cell Boealso the
models cross validation coefficientfRof 0.737 also satisfied
the recommended value ¢f0.5 and the Rg; value of 0.799
very close to Rconfirm the predictive ability of the developed
model. likewise the lower residual value of theiait of
training set compounds in table 5 and linearitythe plot of
predicted and experimental activity of training setmpounds
in figure lalso confirm the predictive capacitytioé model.

y=0.832x+0.908
R*=0.832

OO o

Predicted activity

© B N W & 0 & N

0 1 2 3 4 5 6 7

Experimental activity

Figure 1- Plot of experimental vs predicted
activities of training set compounds.

The external validation of the model wittf.Rvalue of 0.64
which satisfied the recommended value 0.6 and also the
low residual values of the test set compounds awsiin table
6 and the linearity of the plot between the experital and
predicted activity of the test set compounds iruffigg2 also
confirm the predictive ability of the model. fuettmore, the
plot of predicted activity value against the stadized
residuals in figure 3 showed a symmetric and random
distributions of data points to the right and te tleft of
standardized residuals value=0 with all the pofatswithin
range of standardized residuals value of -2.5 td f@rther
confirming the robustness and predictive abilityled model.

Table 6 — Experimental, predicted and residual
activities of test set compounds.
S/n Experiment Predicted

al activity  activity Residual

1 5.03 4.89 0.14
2 5.25 5.23 0.02
3 4.50 4.81 -0.31
4 5.51 4.89 0.61
5 5.40 5.35 0.05
6 5.22 5.58 -0.36
7 5.93 5.56 0.37
8 5.81 5.73 0.08
9 5.83 5.94 -0.11
10 4.71 4.73 -0.02

74

6 - )
£ . y=08 887
t _R¥E0.640
B4
1,
i

0 1 2 £ 4 5 6 7

Predicted activity

Figure 2- Plot of experimental vs predicted
activities of test set compounds
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Figure 3: A plot of standardized residual vs
activity leverage values (Willians plot).

Nevertheless, no matter how significant, robusttandoughly
valid a QSAR model might be, it cannot reliablygredicted
for the whole universe of chemical but for onlyskawithin its
applicability domain. With warning leverage of ()h#alue of
0.58 calculated using 3(m+1)/n in this study, itswaund out
that 5 of the molecules has leverage value highan tthe
warning leverages and are considered to be outhepounds
while 36 of the total 41 data set compounds repitasg 88%
has their leverage values less than the warnirgrdges ( h*),
this implies that 88% of the compounds can be liblia

predicted within the chemical domain of the data se

compounds.
4.2 Molecular docking result:

Molecular docking studies were carried out betwaléthe 41
sulfur-containing shikonin oxime derivatives and ffbroblast
growth factor receptor PDB ID 5a46, all the compigishow
favorable binding affinity toward the receptor &swn in table
7, with binding energy ranging between -6.5kcal/nml -
9.3kcal/mol with exception of compounds 2 and 12hwi
binding energy of -3.1kcal/mol and -2.3kcal/molpestively.
Compound number 24 has the highest binding eneirg9.8
kcal mol and 16 numbers of various interactionudahg both
hydrogen and hydrophobic followed by compound nunzie
with binding energy of -8.9kcal/mol and 10 numbefrsarious
interactions including both hydrogen and hydrophothian
compound number 30 with binding energy of -8.8koal/and

11 numbers of various interaction including hydatist
interactions in addition to hydrogen and hydrophobi

Table 7 — Compounds and their binding

score

Ci

c2

C3

C4

C5

C6

Cc7

C8

C9

C10
Ci1
Ci12
C13
Ci4
C15
C16
C17
C18
C19
C20
C21
Cc22
C23
C24
C25
C26
c27
C28
C29
C30
C31
C32
C33
C34
C35
C36
C37
C38
C39
C40
C41

-7.2
-3.1
-7.5
-7.4
-1.7
-7.4
-7.5
-6.6
-6.8
-6.7
-7.2
-2.3
-7.1
-6.5
-6.9
-7.4
-7.2
-7.4
-7.2
-7.4
-8.9
-1.7
-7.6
-9.3
-6.9
-7.1
-6.8
-7.1
-7.3
-8.8
-7.3
-8.2
-6.9
-6.7
-7.4
-7.0
-7.1
-6.5
-7.3
-1.7
-7.1
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Table 8 — Various types of interactions, binding ditances, binding energy and total number of
interactions of best 3 compounds

S/n Hydrogen bond Hydrophobic interactions Electrostatic Binnding Total
interactions energy number of
(kcal/mol) interactions
ousempe AT
OH-Glu486(2.07) C-Leu484(4. 82)
0-Asn586(2.63) C-Alas12(4 '97)
Cc24 0-Asn568(2.91) C-Val492(4.24) None -9.3 15
OH-Arg627(2.11) C-Leu630(4 96)
OH-Glu486(2.31) C-Tyr563(5 .18)
CHERERIE) C-Leud84(5.33)
C-Arg622(4.31)
C-Leu644(4.57)
co1 OH-Lys655(1.88) C-Leu516(4.06)
OH-Asp623(2.10) C-Leu528(3.45) None -8.9 10
O-Leu644(3.91) C-Leu528(4.77)
C-His621(5.14)
C-Ala625(4.81)
C-lle545(3.74)
C-Leu484(3.92) C-Lys514(3.92)
C-Leu484(3.91) C-Glu531(3.96)
€ OHANgE2T ) C-Tyr563(5.06) C-Asp641(4.10) 8 L
C-Asp641(4.27) C-Met535(5.12)
C-Glu531(4.81
Aty
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Figure 5A, 6A and 7A 3D interactions of compoundsumber 24, 21 and 30 respectively.
Figure 5B, 6B and 7B 2D interactions of compoundsumber 24, 21 and 30 respectively.

and Wetal.eneg were found to have an influencéesttidied

5. CONCLUSION compounds. Molecular docking studies carried ootshthat
all the compounds have favorable binding affiniyard the
Five QSAR models were generated in this study, mode target receptor with compound number 24 havinghlighest
with added statistical advantages or significahem the others binding energy of -9.3kcal/mol with 16 numbers afrious
were chosen and it hag ®lue of 0.833, Rgj value of 0.799, interactions followed by compounds numbers 21 ahavizh
Q? value of 0.737 and R value of 0.64 and all of these binding energy of -8.9kcal/mol and -8.8kcal/molddi® and 11
parameters met the minimum value of QSAR modetadbn numbers of various interactions respectively. Tighest
for generally accepted QSAR model which lead taldigthing binding energy of compound number 24 shows thas thi
of the robustness, predictive ability and significa of the research is in an agreement with literature (Guéinang et al;

model, the descriptors SP-1, FNSA-2, GRAV-5, WataRy
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2017) as it is the most active compound reportednfthe
literature.
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