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ABSTRACT

A qualitative structure activity relationship (QSAR) study has been
performed on the series of 42 compounds derived from 3-aroyl-1, 1-dioxo-,
1, 4, 2 and 4-chloro n-(4-oxopyrimidine-2-yl)-2v mercapto benzene
sulfonamides. This series of integrase inhibitorswere synthesized to assess
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their potential against HIV. The multiple linear regression analysis (MLR) relationship;
and partia least squares (PLS) feed forward neural networking (FFNN) Diabetes,

generated excellent model swith good predictive ability. Inreferenceto this
the statistical value multiple linear regression (MLR) r 0.89, r20.80 and r2
crossvalidation 0.71 and acomparable partial least squares (PLS) model r2
0.77 r2cv 0.65 and feed forward neural networking r2 0.95 wasobtained. The
developed model was further validated by |eave-one-out method of cross-
validation and prediction of test set. The study indicated that the Anti-HIV
activity could largely be explained by kier chiv4 (path/cluster) index (whole
moleculée), inertiamoment 1 length (whole molecul€), H-bond donors (whole
molecule) and VAM P heat of formation (whole molecule).
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INTRODUCTION larly whenempl oyed in combination, toxicity and devel -

opment of res stant strainshavelimited their usefulness”.

The successful use of highly active antiretroviral
therapy (HAART) candramaticaly suppresshumanim-
munodeficiency virus(HIV)- 1 vird replication and ef-
fect sgnificantimmunerecongtitution™ 3, Thisstructurd
motif contained inthemol ecule possessed metd -chd a-
ing functions, andit ispostul ated that compounds bear-
ingthesefunctiona groupsinteract withdivalent metas
withintheactivesteof HIV-1integrase. Humanimmu-
nodeficiency virustype 1 (HIV-1) en-codesthree en-
zymeswhicharerequiredfor vird replication such asthe
reversetranscriptase, protease, and integrase (IN). Al-
though drugstargeting reversetranscriptaseand protease
arewidely used and have shown effectiveness particu-

Theviraly encoded integrase proteinisan essentia
enzymeinthelifecycleof theHIV-1virusand repre-
sentsan attractive and validated target in the devel op-
ment of therapeuticsagaingt HIV infection. Drugsthat
selectively inhibit thisenzyme, when used in combina
tion withinhibitors of reverse transcriptase and pro-
tease, arebelieved to be highly effectivein suppressing
thevird replication. Amongthe HIV-1integraseinhibi-
tors, theadiketo acids (DK AS) represent amajor lead
for anti-HIV-1 drug devel opment. In thisstudy, novel
bifunctional quinolonyl diketo acid derivativeswere
designed, synthesi zed, and tested for their inhibitory
ability against HIV-1 integrase. The compoundsare
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potent inhibitorsof integraseactivity.

Integrase catal yzestwo reactionsthat arerequired
for theinsertion of thereverse-transcribed vira genome
intothehost DNAR, Inthefirst reaction, endonucle-
olytic cleavage, thetermina two 39 nucleotidesarere-
moved from theU3 and U5 regions at each end of the
HIV-1 DNA. After 39 end processing, integrase cata-
lyzes strand transfer between therecessed viral DNA
endsandthecdlular DNA®. Thesequence specificoli-
gonucl eotiderepresentingtheU3 or USend of HIV-1is
referred to astheviral end or donor substrate, and the
nongpecific oligonudeotidetha mimicsthecdlular DNA
istermed thetarget substrate. Invitro, integrasea so catar
lyzesadisintegrationreaction. Inthisreactionintegrase
excisesthevira DNA end and joinsadjacent target se-
quencesfrom abranched oligonucleotide. Becausethis
substratemimicsanintegrationintermediate, dis-integra-
tionisreferred to asthereverseof integrationt™.

MATERIALAND METHODS

A data set of 42 compounds has been taken asa
seriesfrom published articl€®. All structure of these 3-
aroyl-1,1-dioxo-,1,4,2 and 4-chloro n-(4-
oxopyrimidine-2-yl)-2v mercgpto benzene sulfonamide
derivativeswere constructed using Chem Draw and
transferred to Chem 3D to convert theminto 3D struc-
turesand then transferred to standal onemoduleof Dis-
covery Studio (version 2.0) and wereloaded via.mol
filesinto thework sheet of TSAR (version 3.3; Oxford
Molecular, Oxford, UK). Most stable structurefor all
the compoundswere generated and used for cal cul at-
ing varioustopol ogical, steric, and el ectronic descrip-
tors. All the cal culated descriptor valueswere consid-
ered asindependent variableand biologica activity as
dependent variable. Thevariousdescriptorsstudied are
showninTABLE 1.

TABLE 1: Variousdescriptors

Descriptor Descriptors name
Class
Bulk Structural mass, Structural surface area, Structural volume.
Verloop Verloop L, Verloop B1, Verloop B2, Verloop B3, Veloop B4, Verloop B5.
Inerti Inertiamoment 1 size, inertiamoment 1 length, inertia moment 2 size, inertia moment 2 length,
nertia Lo . . T
inertiamoment 3 size, Inertiamoment 3 length, Ellipsoidal volume.

LogP Tota dipole, log P, lipole component, molar refractivity, substituents bond lipole.
Shape Kappa 1, Kappa 2, Kappa 3, K-alphal, K-alpha 2, K-alpha 3, molecular flexibility, rotable bond

P count.
_Topol ogica Radices, balaban, wiener.
indices
Cosmic Optimize structures, includes bond potential, bond angle potential, torsional potential, electrostatic
parameter interaction, Vander waal interaction.
Vamp Bond length, bond angle, torsions, total energy, electronic energy, LUMO eigen value, nuclear

repulsion, ionization potential, overall atomic Charge.

DATA SET PREPARATIONAND
DATAREDUCTION

All the42 compoundswererandomly divided into
training set and test set. 36 compoundswereincluded
intraining set and were used to devel op regress on mod-
els, whiletheremaining 6 compoundswereused intest
set for theprediction of biologica activity. Tools Struc-
tureActivity Relationship software was used to gener-
ate Quantitative StructureActivity relationship modes
by multiplelinear regresson andyss, partid least square
and neurd networking. Crossvalidation wasperformed

using leave-one out (LOO) method. Statistical mea-
sures were used, number of molesin regression, r2
correlation-coefficient, F-test (Fischer’svaue) for sta
tistical significance, S-standard deviation. Thevalues
of descriptorsfor every compound were checked to
ensurethat value of each descriptor wascalculated for
each structureand that therearesufficient variationsin
these values. The descriptorsfor which valueswere
not calculated and/or had congtant valuefor every struc-
tureinthedatawerediscarded. Thecorrel ation matrix
was generated to study the data patterns and to reduce
the dataredundancy™Y. Thecorrelationtermsinvol ved
in correation matrix indicatesextent of colinearity. The

Onganic CHEMISTRY o
Au Tudian Yournal



OCAlJ, 10(10) 2014 Priyanka Jain et al. 379

s Fuf) Paper
TABLE 2: Sructureand | C50 valuesof Intigrasederivatives

Name of Structures Actual activity Predicted Predicted Predicted
compound plC50 MLR PLS NN

H
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Name of Structures Actual activity Predicted Predicted Predicted
compound pl C50 MLR PLS NN

8 4.82 4.7055 4.7882 4.763
9 4.96 4.7055 4.7882 4.763
10* 4.55 4.8626 4.859 4.4462
11 4.57 4.5203 4.5848 4.5328
12 4.77 4.6915 47738 4.7729
13 4.66 4.8491 4.9148 4.6583
14* 4 4.4834 4.4914 4.3597
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Name of Structures Actual activity Predicted Predicted Predicted
compound pl C50 MLR PLS NN

15 46 44511 45046  4.6125
16 4.72 4595 46682  4.7294
17 51 47958  4.8548  5.0786
H S\H H
N
H
18 cl \N__< y 4 41234 41411  4.0416
s/ N
H 6/\\ /N/ ©
H o HN
Y H
H
e
Y
H S\H o
19 " N }/” 4 3.9364  3.9581 4
al \N—< . H
N
A /N
H 4 [¢] H/N\
\ H
H H
cl I H S
S
"
20 H . 7 4.16 3.956 3.9646  4.0472
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H ~ N
H / [/\j /
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Name of Structures Actual activity Predicted Predicted Predicted
compound pl C50 MLR PLS NN
al H " H
—
s
" x‘ﬁ /N \ S
21 H N——< 4.18 40661  4.0825  4.0524
; /
u 5 N
// /%
o] i
22* H 4.22 45828 47915  4.7939
H
H
H
cl i
H
23 H 4 39985  4.0157 4.0766
" H
cl B
H
24 " 4.25 40754 41041 4216
" H
cl A
H
25 H 4 39787 39781  4.0351
H
H
26 " 411 42562  4.2873  4.0962
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Name of Structures Actual activity Predicted Predicted Predicted
compound pl C50 MLR PLS NN
27* 4.10 44341  4.4502 4.321
28 4.28 43852  4.4229  4.3054
29 421 43036 43391 4.1894
30 4,66 47784 48582  4.6732
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Name of Structures Actual activity Predicted Predicted Predicted
compound pl C50 MLR PLS NN

31 5.05 4.7655 4.8248 5.0972
32* 5.22 4.8762 4.9762 4.9837
33 5.10 4.755 4.8154 5.09
H ) |
H] "
cl H
s H "’
H
34 ! 4 4.1553 4.18 4.0964
H
H
H 0 !
cl H
H ° ) H
35 " 4.33 4.1057 4.1307 4.143
H
H | H
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Name of Structures Actual activity Predicted Predicted Predicted
compound pl C50 MLR PLS NN

36 4 37657 3771  4.0808
H
)
37 414 40977 4116  4.0505
38 4 41255 41482 40573
39 /\Q/ 4 401 40308 40734
L iy
HO "
H H
H H

Cl
H S
H
40 H | 4 42 42268  4.0465
H
)
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Name of

Actual activity Predicted Predicted Predicted

compound Structures 0l C50 MLR PLS NN
H I H
41 4 4145 41691 40988
Y H
H
42 4 41611 41882 41361

TABLE 3: Satigtical test and their valuesobtained after performing multiplelinear regression analysisof Intigraseinhibi-

tor

Statistical Tests Svalue f value

F probability

r value (r)*value r2(CV)

Values 0.182877 17.38

1.46613e-008

0.901615 0.812909 0.66

Svalue- standard error; F value - Fischer test; r value - regression coefficient; r2value — squar e of regression coefficient; r2 (CV)

value — cross validation

term cdloseto 1indicated high colinearity, whilethevaue
below 0.5 indicated that no colinearity exist between
the two parameters. Asthere were large numbers of
descriptors, which may lead to over fitting of dataand
low predictivity of themodd , datareduction wasdone.
Among the highly inter-correlated parametersthe one
that showed|ow correlaionwiththebiologica activity
(IC50 value) wasdiscarded while the other was kept.
This process was repeated for each and every set of
two consecutive parametersand findly descriptorsthat
werehighly correlated tothebiologica activity but did
not have any correlation among each other werere-
tained. Thesewerekier chiv4 (path/dugter) index (whole
molecule), inertiamoment 1 length(wholemolecule), H-
bond donors (whole molecule) and VAMP heat of
formati on(whol e molecule) which were used to per-

formtheMultipleLinear Regresson andyss. AnArtifi-
cid Neura Network (ANN) consisted of “neurons” or
“hidden units” that received datafrom the outside pro-
cess the data and output of asignal. It was reported
that Artificia Neural Network issuperior to Multiple
Linear Regressionin providing accurate prediction. The
major advantage of Artificial Neural Network liesin
theanaytical from aparticular correlation model™2. In
thiswork the neuronswere arranged in three layered
Feed Forward Neural Networking (FFNN) model :
aninput layer (molecular descriptor valuesused inthe
final Multiple Linear Regression and Partial Least
Square models) an hidden layer and an output layer.
Theratio between the number of input variablesand
thenumber of hidden neurons, whichiscritical tothe
predictive power of the Feed Forward Neural Net-
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Figurel: Graph of actual vs. predictiveactivity for thetraining set of compoundsderived from MLR analysis

working (FFNN) was set to closeto prevent the prob-
lemsof over fitting or memorizing data. Theresultswere
visualized on a2D plot of output node against input
(dependency graph) The Feed Forward Neural Net-
working (FFNN) architecturewas set to no of cycles
1633. Theoutput valuesfor thesedatawere predicted
smultaneoudy asthetraining progressed and theerror
reported. Thebest RM Swas0.053 and test RMSwas
0.088. The (FFNN) R2 of training set 0.954 R2 of test
set 0.583.

RESULT AND DISCUSSION

After performingtheMultipleLinear Regressonand
Partia Least Squareanalysisontraining sgt, regression
equation relating biologica activity with possiblecom-
bination of the descriptorswere obtained.
Multiplelinear regression analysisof I ntigrasein-

i

4] 1 2 3

hibitor

For thedataset of Intigraseinhibitor derivatives, the
find modd generated usng Multiple Linear Regression
andysisinduded 2 independent varigbles. Thebest modd
generated usng MultipleLinear Regressonandysss, af-
ter deleting 6 potentia outliershad r2 vaueof 0.81 and
r2 (CV) of 0.66 r2isameasure of goodness of predic-
tion of themodel. Vaueof ther2 closer to 1.0 indicated
good correlation whilethevaueof r2 (CV) above0.6
indicated the good internal predictive capability of the
devel oped modd . Many other Satistica testswereadso
performed on thetraining set to assurethat the model
formed issound. For exampl e, F test indicatesthe de-
greeof datistica confidencesoitshigher vaue17.38
depictsthat themodd formed isgtatistically significant.
Thestandard deviation of thedatas, show how far the
activity value are spread about their average. Itslower
value (0.1828) indicatesthat themodel issound. The

s e

Linecar ()

[ 5}

Figure2: Graph of actual vs. predictiveactivity for thetest set of compoundsderived from MLR analyss
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usefulnessof themodel wasaso evauated by checking
itsstetigticd gability usngpredictiveandresdud sumof
sguare. The values of these tests were 0.802652 and
1.43075 respectively. The QSAR equation obtained af -
ter MLR analysisisalinear modd whichreated varia-
tionsinbiologicd activity tovariaionsinthevaueof com-
puted propertiesfor aseriesof compounds.

Partial least square
PLSandys swasdso performed onthesamedata

set to check the soundness of model. The result ob-
tained after PLS were comparable to that the MLR
analysisasdepictedinthegraphsof actua activity vs
predicted activity for thetraining set of compound (Fig-
ure 3) and test set (Figure4).

Final equation of MLR and PL Sanalysis:
Y=0.98832613**1+10.413659* * 2+0.63229358* * 3-
25.6665* * 4-0.54472023* * 5-0.3817353* * 6+19.325712

Kierchiv4 (path/cluster) index (wholemolecule)

R* - 0.736

& Senesl

Linear

o) 2

4 &

Figure3: Graph of actual vs. predictiveactivity for thetraining set of compoundsderived from PLSanalyss

pls training

1

0
O 1 2 3

R? = 0.8300

¢ plstrainming

Linear (pls tramning )

) 5 (9]

Figure4: Graph of actual vs. predictiveactivity for thetest set of compoundsderived from PL Sanalysis
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Figure5: Graph of actual vs. predictiveactivity for thetest set of compoundsderived from feed forward neur al networking

(FFNN) analysis
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TABLE 4: Satigtical test and their valuesobtained after per-
forming partial linear regression analysisof nicotinic acid
derivative
Statistical ~ Statistical E (r)? F2(CV)
Tedts significance statistic  value
Values 0.8401 0.64463 0.77758 0.65799

TABLES: Satigtical test and their valuesobtained after per-
forming neur al network analysisof nicotinicacid derivative

Cvdles Best Test R?of R?if
Y RMSfit RMSfit trainingset test set
1633 0053132  0.088 0.954 0.583

o

—= Py/] Peper

Inertiamoment 1 length (wholemolecule)
Number of H-bond donors (wholemolecule)
VAM Phest of formation (wholemolecule)

Neur al network

Feed-forward neural network: Neural networking
was performed onthe samedataset. Theinputsfor the
neural network were the descriptors obtained above,
whilethe outputswerethelog /EC50 vaues. Thesta
tistic obtained for the FFNN treatment of theintegrase
inhibitor derivativesdatawere N = 33, input columns

B R?

,’

0.954

4 o

1

0
0 1 2 3 4

-4 Soenoesl

Lincar (Seriesl)

S G

Figure6: Graph of actual vs. predictiveactivity for thetraining set of compoundsderived from feed forwar d neur al networ k-

ing (FFNN) analysis
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Figure7: Dependency plotsbetween biological activity and kier chiv4 (path/cluster) index (wholemolecul€e) entered in the

final modd

(descriptors) = 3, net configuration = 3-3-1 (3 input
nodes, 3 processing nodes, 1 output node), with the
training root mean square 0.053132 and test root mean
square 0.088.

Thevauesof r2 obtained for training and test were
0.954 and 0.583 respectively. Thisindicated good pre-
dictive ability of the model obtained Figure5illus-

tratesthe actual log 1/EC50 (x axes) vspredicted log
1/EC50 (y axes) for FFNN model, for thetraining set
of compounds. Whereas, Figure 6 showsthe actual
log /EC50 (x axes) vspredicted log /ECH0 (y axes)
for FFNIN model, for the test set of compounds. The
actual and predicted activities of training and test set
of compounds obtained by FFNN analysisaregiven
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iINTABLE?7.

Thefour descriptorsenteredinthefina modd were
Kier chiv4 (path/cluster) index (wholemolecule), Iner-
tiamoment 1 length (whole molecule), Number of H-
bond donors (wholemolecule) and VAM Phest of for-
mation (whole molecul€). Thesedescriptorsdefineto
characterizethe stericinformation and structural com-

@)u;anic CHEMISTRY —

plexity (cluster index), length, hydrogen character and
chemical properties show the sub graph of the mol-
ecules.

Kier chi v4 (cluster index) (wholemolecule) isa
topological descriptor. Itisthefourth order cluster va-
lence connectivity index, which encodes stericinfor-
mation and structural complexity. It describesmainly
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TABLE 6: Actual and predicted activity of training set of TABLE 8: Actual and predicted activity of training set of

compoundsobtainedby MLR compoundsobtained by PLS
Compound Actual activity Predicted Compound Actual activity Predicted
P pl C50 activity P pl C50 activity
1 4.92 4.618 1 4.92 4.6724
2 4.52 4.3171 2 452 4.3753
i 3-23 j-;ggg 3 452 4.8322
c 424 42913 4 452 4.6056
8 4.82 4.7055 5 4.24 4.2744
9 4.96 4.7055 8 482 47882
11 457 45203 9 4.96 47882
12 477 46915 11 457 45848
13 4.66 48491 12 477 4.7738
15 4.6 44511 13 4.66 4.9148
16 472 4.595 15 46 45046
g 54'11 ﬂggi 16 472 4.6682
19 4 39364 17 5.1 4.8548
20 4.16 3.956 18 4 4.1411
21 4.18 4.0661 19 4 3.9581
23 4 3.9985 20 4.16 3.9646
24 4.25 4.0754 21 4.18 40825
25 4 3.9787 23 4 4.0157
28 4.28 4.3852 ' '
29 421 4.3036 25 4 3.9781
30 466 47784 26 411 4.2873
31 5.05 4.7655 28 4.28 4.4229
33 5.10 4.755 29 421 4.3391
34 4 4.1553 30 4.66 4.8582
35 4.33 4.1057 31 5.05 4.8248
gg 4‘;4 i-ggg; 33 5.10 4.8154
: : 34 4 4.18
38 4 4.1255
39 4 201 35 433 4.1307
0 4 42 36 4 3771
41 4 4.145 37 414 4.116
42 4 4.1611 38 4 4.1482
TABLE 7: Actual and predicted activity of test set of com- 39 4 4.0308
poundsobtainedby MLR 40 4 4.2268
TR S foiad 41 4 4.1691
ual activity redi
Compound bl C50 activity 42 4 4.1882
7* 4.24 45739 TABLE 9: Actual and predicted activity of test set of com-
10* 455 4.8626 poundsobtained by PLS
14* 4 4.4834 Compound Actual activity Predicted
20+ 4.22 45828 plCS0 activity
o7 410 4.4341 7* 4.24 46042
30+ 522 48762 10 495 4.859
. 14* 4 4.4914
structu_ral propertl €s, such gsthe_extent or d_egree (_)f o0 4.2 47915
b_ranchl ngin amolecule. !(ler chi \_/4 cluster |_ndex is o7 4.10 4.4502
highly sengitiveto changein branching and their value 30% 5.22 4.9762

rapidly increasesthe degree of branching. Kier chi v4
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TABLE 10: Actual and predicted activity of training set of
compounds obtained by feed forward neural networking
(FFNN)

Compound Actual activity Preo_lic_:ted
pl C50 activity
1 4.92 5.0816
2 4.52 4.5428
3 4.52 4.53
4 4.52 45793
5 424 4.2091
8 4.82 4.763
9 4.96 4.763
11 457 45328
12 477 47729
13 4.66 4.6583
15 4.6 4.6125
16 472 4.7294
17 51 5.0786
18 4 4.0416
19 4 4
20 4.16 4.0472
21 4.18 4.0524
23 4 4.0766
24 4.25 4.216
25 4 4.0351
26 411 4.0962
28 4.28 4.3054
29 4.21 4.1894
30 4.66 4.6732
31 5.05 5.0972
33 5.10 5.09
34 4 4.0964
35 4.33 4.143
36 4 4.0808
37 414 4.0505
38 4 4.0573
39 4 4.0734
40 4 4.0465
41 4 4.0988
42 4 4.1361

(duster index) (wholemolecule) ispositively corrd ated
with thebiological activity intheregression equation,
thisshowsthat substitutioninlead compound with sub-
stituent which have higher branching and atom connec-
tivity will leed toincreaseinbiological activity.
Inertiamoment 1 length subst. 1istheprincipa mo-

TABLE 11: Actual and predicted activity of test set of com-
poundsaobtained by feed forwar d neur al networking (FFNN)

Compound Actual activity Predicted
P pl C50 activity
™ 4.24 4.3958
10* 4.55 4.4462
14* 4 4.3597
22* 4.22 4.7939
27* 4.10 4321
32* 5.22 4.9837

ment of inertiaof amolecule. Thisdescriptor depends
only onthe principa momentsof inertiaof amolecule.
Themoment of inertiaisageometrica descriptor which
characterizesthemassdistribution in amoleculeand
the susceptibility of themoleculeto different rotational
trangitions. Asinertiamoment length subst. 1 isposi-
tively correlated with thebiological activity inthere-
gression equation, this showsthat substitutionin lead
compound with substituentswhich have higher massof
distribution or moment of inertiawill leadtoincreasein
biologicd activity.

Number of H-bond donors (wholemolecule) isthe
el ectromagnetic attractiveinteraction of apolar hydro-
genatominamoleculeor chemical group and anelec-
tronegative aom, such asnitrogen, oxygen or fluorine,
from another moleculeor chemical group. Itisnot a
covalent chemical bond. Number of H-bond donors
(wholemolecule) isnegatively correlated withthebio-
logical activity intheregression equation; thisshows
that hydrogen bonding in lead compound with substitu-
entswhich havelow number of H bond donorswill
leadtoincreasein biologicd activity.

VAMPheat of formation (wholemolecule) shows
the chemical properties. VAMP heat of formation
(whole molecule) is negatively correlated with the
biologicd activity in theregression equation; thisshows
that chemical propertiesinlead compound with sub-
stituentswhich havelow chemica propertieswill lead
toincreaseinbiologica activity.

CONCLUSION

Theniacin receptor agonist isanimportant target
for antiintigrase therapy with huge therapeutic poten-
tial for their agonist. Inthe present QSAR study, mul-
tiple linear regression (MLR), partial least square

Onganic CHEMISTRY o
Au Tudian Yournal



OCAIlJ, 10(10) 2014

Priyanka Jain et al.

393

(PLS) and feed forward neural network (FFNN)
anaysiswere used to develop the QSAR modelsand
to predict thebiological activity from computationally
derived molecular descriptorsfor aset of compound
of integraseinhibitor derivatives. Theresultsobtained
fromthe MLR and PLS and FFNN analysiswas com-
parable and indicated good predictive ability of the
model obtained. Also, considering thefactsthat the
QSAR model was ableto reproduce the experimen-
td facts, it wasvalidated by the appropriate statistical
procedures and it generated important information
about the geometrical and structural requirementsfor
thedesired biological activity, it can be used for the
effective design of new, more potent integraseinhibi-
tor. The QSAR approach to design hasmuch to offer
tothemedicinal chemist. They areincreasingly used
to predict awide range of activitiesand toxicities of
drugs and environmental pollutants. However, it re-
quires, for successful application, reliable bioactivity
datafor acarefully selected training set of compounds
fromwhichthe QSAR modd isdevel oped and proper
vdidationtotherdiability of theprediction. Vaidation
through external test set was a so performed to check
the predictiveability of the developed model. A good
R2 value of 0.81 was obtained for the test set, by
MLR andysis.
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