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ABSTRACT

It is important tn determune whether a candidate malecule is capahle of penetrating the plasma-hrawn barrter in
drug discovery and development. The aim of this paper is to establish a predictive mods} for plasma-bram
barrier penetration using simple descriptors The usefulness nf the quantum chemical descriptors, calculated at
the level uf the DFT and HF thenries using 6-31G* basis set for QSAR study of anti-virel Nuclenside
Ansjopues drugs was examined. Delivery of anti-viral agents into the central nervaus systemn (CN3$) is chinically
mmportant. Nucleoside analngues are a majbr source of cligically used anuiviral agents. The QSAR model
developed contributed (0 « mechanistie understanding of 1he investigated biologica! effects. The first step in this
study was tn use 3 dataset contaiaing 23 drugs with known activity, In the next steps some of them with the
large secoadary chain branches were remnved tn make aur approach, Multiple Linear Regressions {MLR) was
cmpliyed to mode! the relationships betwesn molecular descriptors and biological activities nf molecules using
skepwise method and genetie algorithm as vanable selechon tools. Binlogical activities contain the logarithm of
the ratio of the steady-state concentration of 4 compound in the brain 1o in the plasma, log 8. A muit-
paramettic equation containitg maxiumun six descriptors at HF%-31G* and e1ght descriptors al B3LY P/6-31G*
methed with good statistical qualities

(Ruax= 0.976 |, Riax= 0939 at HF/6-31G* and Rypy= 0979 , R3uux= 0.952 at A3LYP/6-31G*%) was
nbtained hy Mubiple Linear Regression using stepwise method. The moxiel derived in this paper appears 1o he
very simple but rabust and effective for predictive ose. This method relates fog Bp values to fundameniai
moiecular properties, soch as Electrostatic Pntential, Local charge, Electric Field Gradieat, lsotropic
pararmeters, Natural Population Analysis. Also, GA-MLR regression was used to model the structure — activity
relationships.
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INTRODUCTION

There is a general agreement that drug delivery to the
brain is a major therapeutic challenge. Adequate
delivery is essential for drugs that act directiy on
targcts in the brain, such as  anhieonvulsants,
antidepressants. anesthetics, antihiotics, anticancer, and
antiviral ggents. Since the ¢entral nervous system{CNS)
can acts as a reservnir of viral lnading. the

“Correspending authors: Z.bayays ymal.com

delivery of anti-viral agents to the brain represents
a valid and useful npproach in such therapy.

The hlapd-hrain harrier {BBB) proteets the
brrain by himiting the penetratinn of exogenous
compounds. The ability tn understand the
penetration of drug eandidates through the BBB
is pivetal during drug development. It allows
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scientists to choose drug candidates that possess
miire sclective pharmacologc properties with
fower side effects and toxicitics. However, usmng
m vive methods to measure the logarithmic
valugs of brain-to-plasma drug concentration
ratios (log BPY in humans 1s not possible, and tn
do so in animal models 15 expensive and timec
consunmng. Tn order to improve the efficiency nf
drug discovery and development and to facilitate
high-throughput drig screening, many prediction
methnds for estimating lng BB have been
developed based on a drug’s physicochemical
propetties. A common measure of the degree of
Plasmz-Brain penetration is the ratic of the
steady-state concentrating of the drug molecule
in the brain to in the plasma, usually expressed as
g {Chran'Cpizsm) 01 log BP. Both in vivo [1,2]
and in vifro [3-6] experiments have been
conducted for measuring log BP of nrganic
compounds.

In m vive experiments, peripheral applicatinn
of radio-labeled compounds to rats 55 fMilnwed
by brain concentration level measurements, {n in
vilro experiments, the partition of the compound
between an aquecus and an organtc phase, or its
penetratioo in specific ccll types 15 measurcd and
the results are used for relative log BP ranking of
compounds.  Thereforc the  cxperimental
determination of log BF /5 a time-consuming,
expensive, and difficult techmque, requring
animal experiments and the synthesis of the test
compiunds, usually m radie-labeled form [7]. o
spite of the existence of large databases on
molecular structure and the eontinuous growth of
numerical expeomental data on physicochemical
properties and bivlogical activities, the problam
of the estimating the properties 0f suhstances that
have not yet been tested could be approached in
a morc aceurate way, at lcast m the next few
decades. Dunng the last half cennry it has
become common practice to empley wpological,
physical, ehemical, and hivlegical memerical
charactegstics, depeoding on  the mnlecular
struetute, to prediel the progertics of substanecs
that remain unknown for different reasons, sueh
a3 becausc they arc unstahle, woxie, or simply that
their measurement requires oo muoch time, The
field of natural science, which aims to construct
mathematical models to search for regularities in
data and permit their systematization, bas been
addressed by the quantitative structurc-

property/activity tclationship ~ theory
(QSPR/QSAR) [8]. QSAR models, mathematical
equations relating chemical struchwre 0 their
biclogical activity, mve informannn that is useful
for druy design and medicinal chemistry [9- 11].
There have hoen numcredls attempts'tn employ
theoretical and computational methodologies to
predict the Plasma-Brain partition or Plasma-
Bramn coefficient. Yiannis and co-workers
proposed a mode! that comelated log BB (Blood-
Brain cocfficient) with physically significant
descrptors. They employed Monle Carlp
simulations of compounds in water to calculate
such properties as the sDlvent-accessible surface
area (SASA), the mumber of hydrpgen bond
donors and acceptors, the solute dipt'}ie, and the
hydrophilic and amphiphilic cpmiponents of
SASA [12]. |

Hutter used semi-empigcal AMI calculations
1w compute Molecular clectrostatic potential and
fundamental electronic properties such ass the
innrzation poetcotial and use thosz to compute
properties such as the polar surface area nof
compounds [13]. In addition to simple multiple
linear regressiin  mcthods, a -oumber of
comprehensive computatipnal approaches based
on neurad network and genctic algnrithms results
i the development of Ing BB QSARs [14, 13].

In a QSPR study, 3 mathcmatical model 15
develnped which relates the structure of a set of
compounds 1w & physieal property such as
Electric Potential. Selvatipn free energy. Electric
Field Gradient, unsymmetrical parameters,
Natural Population Atomic charge. |

Recently, Karelson et al |reported a
comprehensive  revicw  on  these types of
descriptors [16]. Alse, Thanikaivelan et al
defined some new quantum chemieal descriptars,
mcluding hardness. softness, elecito pegativity,
and electrophilicity, and used them for a QSAR
study of alkapes [I7]. we have successfully
applied the ab nitic theory 0 dertve quantum
chemieal descriptors for the QSAR studies of
some drugs [18 - 21]. Scmu-empincal Molecular
Orbital (M) calenlations bave been used io
chtain electronic descriptors for | many years.
Howcever, the latest development of the computer
techoology and soitware of clectronic structurc
theory allows calculating quantum  chemical
descriptors at first-principles levels,” such as
Density Functional Theory (DFT) [22] and
Hartree Fock (HF) Theory with higher accuracy.
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Another challenging problem in QSAR studies m

is the selection of the suitahle modeling method.
The classical QSAR methods rcly principally oo "/\Sj/

the mathematical technique of Multiple Linear
Regressions (MLR) [23]. Variable sclection
methods range frem simple methods such as

stepwisé selection to more claborate methods éj

such as simulated anpealing [24], evolutinnary
programming [25], and Genetic Algorithms Crain

(GAs) [26). \&\
A (A is a stochastic mcthod to solve \:l:ﬁ\!

optimization problems defined by a fitness J\LJ
criteria applying evolutiln hypothesis nf Darwin
and different genetic functinns, i.c., cMssover

and mutation [27]. §r{ A@Jj/ /\g‘r
,. t\bqy o c‘lni-:urrar. — S —
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METHOD

The binlngical data used in this study are the
plasma-Brain Barner partitianing coefficient
activity tafleg Bp) of the sct of 23 Nucleoside
derivatives. Cbemical structure of drugs that
tlustrated in this study 15 shown m Figure 1.

Ta derive QSAR models, an apprapriate
representation  of the chemical strecture s
nceessary. For this purpose, descripmors of the
structure are commonly used. These desenptors
are generally understood as being any term,
index of parametcr conmveying  structurs
information. Commoniy used descriptors in the
(3SAR analysis are presented in Table .

Some nf the descriptors arc nhtained dircetly
from the chermical structure, e g constitutional,
gepmetrical, and topolngical descriptors. Cther
chemical aad physicochemical properties were
determined hy the chemical strueture {lipophilicity,
bydrophilicily descriptors, clectrome desetiplors,
energies of interaction). In this work, we used
Gaussian 98 far  ab initia calculatinas. HF
and DFT methnds at 6-31G* were applied {Dr
optimization of Nucleaside analogues and
caiculation of many of the descriptnrs. At first
Nuclecside analogues were built by Hyperchem
software and same nf the descriptirs such as
partiion coefficient, surface area, hydrarion
eaergy, and refractivity were calculated through
it. The rest nf the descriptors were obtamed af
Ganssian calculatians.

A large number nf descriptors were calculated by
(Ganssian package and Hyperchem software. One
way to avod data redundancy is to exciude
descriptors  that are highly intercomzlated with
each other before perfarming statistical analvais.
Reduced mults coilinganty and medundancy in the
data will facilitate sclectioa of relevant variahles
and models for the mvestipated codpoint
Variablc-sciccunn for the QSAR modeling was
carricd nut by stepwise linear regressinn methnd .
A stepwise tecbnique was employed that only nne
parameter at & time was added ta 3 mudel  and
always in the order of most significant to least
gigmificant i terms of F-test valucs. Stanstical
parameters were calculated subsequently for each
step in the process, so the significance of the
added paramcter could be verificd. The goodacss
of the carrelatinn is tested by the regressian
coefficient (R¥, the F-test and the standard ermr
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of the estimate (SEE). The t-test and the level of
significance, as well as the canfidence limits nf the
regression  coefficient, are . also reported. :The
squared correlatian coefficient, R?, is a measure of
the fit of the regression model. Cnmespondingly, it
represents the part of the variation in the ebserved
{experimental) data that is explained by the model.
The corrclation coefficient values closer tm L0
represent the better {it nf the madel The F-test
reflects the ratio af the varjance explamed by the
model and varance due to the error in the model.
High values af the F-tgst indicate that the model is
statistically significant. The better regression
models were selected on the basis of the higher R?,
F wvalue (a statistic of assessing the overall
significance} and the lower | SEE.. ' The
experimental and calculated values nf biclogical
activity (Ing BP) listed in Table 2. |1 & 'y

Tahie 1. The calculated descrptors used in this study

Descrptors Symbsal Examplc
Malecular Dipole Moment MDOF
Maolecular Polarizabiliey MF
Elcctrie Freld Gradiene . BHG
Matural Popelation Analysis’ | " NPA
Elcetrostatic Potential EF
Highest Cheoupied .
biolecular Drbital 1 HOMOD
Lowast Unoccupeed ”l .
bduleeular Crbalal © o LIMT
difference Between N .
LUMO and HOMO " Ee
Quoe [ s —
deseriptors [ = 12 (HOMO+LUMOY 1
Sotmess (=1 ) 3
Electen negativiey - X
[yw -172 {HOMO-LUMDY]
El Electro phulicity .
fr=r'an) !
Thermal Eoergy En
Zero poind cocrgy : Bpow, |
solvation Froe Energy I .
{in 1-0ctanot " . ASocr
solvation Free Encrgy -|| II- L .
{in watet) Al
Isotropic Paramerer” | T
Cuuplite Constant® n
Unsymmetrical Parameters’ . £
Local Charee® ' ' | - LLC
Partition Cocfticicnt Log P
Masa !
Maloeulo wglume Y
Che I:ml:lﬂ-] Molecule surface arra EEN
propervics Hydrulon Freny .. HE
Refmactivly ubk 1 . u REF

et
a: Eleciric Field G adent far each of nitrogen atom in
principal ring of molecules was shawed according the
aurnber of atom ia that nag whit EFG, and EFG,
b: Narural Populanion Ayalysis for each of atoms in
principal fing ul molecules was shuwed according the
aumber of atom in that ring whit NFAI, NPA2, and
et (28] ¥

i i
b

-
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Table 2, The experimental lag BE values of the
Nuclepside uged in this study and their predicted

Table 5. The eotrelation coefficient existing betweea
the vartables used io differsat MLE along with

values by MLR equations f BILYP/6-31G* method
COMPOUND | LogBp jmpss | Fa.(B) | Eq.[9) Log BP P, HPA, c
T3 ih) 13 1588 | -1.5941 Log BP )
Arnvbarbieal KL ENET =L 19495 EP1 —(.44% 1
Cyclobartital 3010 4219 | -EaET3 : -
Phenobarnd {012 089 | 4029 NEAZ 0350 | 0,033 L
Zidovudine 072 RE2 RS 0 0.528 254 007 1
Didanosioe 128 13| 1355
Methohexita] 117500 00577 | 02230 ; .
e 5 R T In urdert to assess the nsk of chance comelation
Zalcytabime 150 14598 [ 1,30 [32, 33], input scrarnbling was performed [4].
Barbital 035 ENIEIIN IR : ;
o= ET ST o According 1o T_he reg.ults there was 1D risk for
Secobarbital 020 00339 | 02436 chanee evrrelation (R .= 0.527, Q7 .= 0.306).
Theophellne -0 738 2465 | 0576%
Allpbarbutal 012 012980 | -0.1936
Caffcine 001 0050 | 01132 -Ml
Phenobarttal 01D 175 | 07 GA R )
Stavudine 02040 02776 | 0.0 In order to select the mpst relevant deseriptors,
Thupental .45 049018 | -06916 the evolution of the population was simulated,

{2)Bef: {29-31)
(k) 2, 3-didenxy -3 —Wvdroseyl - methy | eytidine

The internal coasstency of the selected models was
assessed by cross-validaben mcthod {leave-sne-gur (0
LOG)] follewing a leave-one-gut scheme using the Matlab
T.| program. five splits of test and calibmuon scta wers
prepared in order i@ check predictvity of modelx which
were shown e Table 3

Table 3. The results of randam spiitting of the data o five
sets for equatioas of different descriptors vsing BALYFR/5-
31G* and HE/6-31G* methods

HF/-31G* BILYTw6-3103*
Rzu]llrlﬂun Rlpr!dinim Rzﬂlﬂ'll‘lﬂl'l- Rzp!'hih‘ﬂm
LR 0.Bib 0.970 0.9
0.919 0.953 0937 0958
0914 [1.995 093 04970
0.941 0904 091z 0219
0892 0,914 QoaT 0802

The MLR aralysis was employed to derive the
QSAR models for  different  Nucleoside
analogues. MLR and correlation analyscs were
carmied out hy the statistics software SPSS 16.0
{Table 4, 5).

Table 4. The correlation coefiieient existing between
the variables used in different MLE alonpg with
equations of HF/6-3107* method

Jﬁg‘ EFG, | EP, EF, | MPA, | NPa | Li,
I g Bp |
(Tres [ o5 [
EF [ oser [ 020 [ 1
EFr [ 0w [ 005 [ 09 |
CREad | 0457 [ 0318 | ©46d | 0503 | 1
KPAs | D205 | 049 ( 0098 | G008 (G195 [ ¥
wes | oms | oo s | oo fees | oo |
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Each individual ¢f the populatinn defined by a
chrompsome of hinary values reprosented a
suhset of descriptors. The number 0f genes at
each chromesome was equal to the number nf
descripiors. A genc wnuld take a value of 1, if its
corrcsponding  descriptor was incinded in the
subset; ntherwise it wouid take valuc of zéro.
The population nf the first peneration was
selected randomiy. The sumber of genes with a
value of one was kept relatively low io have a
small suhsct of descriptors in the MLR method,
1.¢., the prohability of generating 0 zero value for
a pene was set gregier than that for o generating
0 vilue of gne.

RESULTS AND DISCUSSION

The mnlecules for this study were sclected as
follows. Our starting point was 23 Nucleeside
analogues. For each of the sclected molecules,
geomelry optimizotion was ctployed and then
the descriptors were calcolated through HF and
B3LYP methods at 6-31G* hasis set. MLR
models were constructed in the prescot work
woing SPSS software. Those descriptors that
werg (00 sttongly correlated with the others were
rgjected. The first twn QSAR models were
derived from using all descriptors and molecules
followed by these equations:

Log Bp = -0.016 S{x 0.004) - 6.585X (& 2.883)
+0.213 (£ 0.893)

{HF/8-31G*) (1)

R=0.713 R* =0.508 SEE= 0.5688 F= 10,330
@ =0.326N=23
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Log Bp = - 0.007 M (+ 0.001} - 5.533 EFG
{= 0.908) -3.896LC,

(£ 0.436) -13.609EP (& 2.429) +14.382X
(& 2.521) —0.005MP

£ 0.001) -3.372 LCii+ 0830} +2.278 EFG,
{ 1.085) -196.329

(£35.540)  (BILYP/6-31G*) (2)

R= 0979 R?=0.952 SEE=0.2116 F=14967
Q°=0.8957 N =23

Cnnsidering nf the last two equatinns, it was
shown that there 15 a  ligher regression
parameters and lower SEE fnr BILYP/6-31G™
than HF/6-31G* method. Hnwever, the presence
of a wide range 0f vanahles in a model made the
computing of hiolngical activitics such (Ing BF}
difficult. In nrder in improve the obtained models
in the next step, we sored the deseriptors in hy
using some nf the categones of Table §. One nf
these categories ineludes all descriptors exeept
some nf the encryetie parameters such as Epy,
Ezero,  Ewomn, Eime. and  the  relevant
parameters, The twn follow equations were
coneluded:

Lng Bp = 12.826 EP; (+ 3.38%) +1.197f,
(+0.439) +233.826

(£ 51.845) {HF/6-31G*) (3)

R= 0689 R =10475 SEE= 9.04] F=10.345
Q*=0301 N=23

Log BP = 0.028 o 4z 0.005} + 4.182NPA;
{=1.247)— 3.477EP,

(% 1.109} -3.844 (= 11.989)
(4)

R=0%14 R’ =0.662 SEE=0.4835 Q° =0.427
F=1243]1 N=23

(B3LYP/6-31G*)

Thus rejeeting energetic descriptors from the
list did oot improve QSAR modeling through
BILYP/6-31G* and HF/6-31G*.

In another training of descnptors, models
were derived from using only above-mentioned
coergetic parameters. The cquations obtained
employing the pmcess through HF/6-31G*
method were similar to equation 1. The equation
was derived from BILYP/6-31G* method is as
follows:

Log BP = 0001 V{x 0.000) + 0.065HE
(= 1.247) +1.000 ( 0.364)
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{BILYP/6-31G™) (5) i
RE=0.74]1 R* =0.549 SEE= 0.4600 (J_Iz = 00,3543
F=10 326 N=23 | | |

1§

Considering regression parameters that were
derived from the last equations, it was shnwn
that this technique was nnt advantageous,
Studying the struetures of mnlecules made a
oew hypothests that some of the molecules with
large seeondary chamm branches have snme
properties which are nnt very ¢lnse i other
mulecules. Thus, those molceules were removed
from the molecules list and the numher af them
decreased tnl® and the procedure was repeated
with Ihe resulted number of mnlecules. (The
following equatinn was nbtained: ! [
Lng Bp = 31.983 EP; (£ 3.108) +2.224 NPA¢ (2
0.276) 4.592EF G i J
= 0519 + 0036 S (& 0002
+576.873¢£56.371) (IF/6-31G*) (6)
R=0.960 R*=0.922 SEE=0.2003 =0, ?253
F=38281N=1§

Lng Bp = 0017 o, (£ 0.002) f15544ED,
(& 1.486} — 0.006 MP || P
(£ 0.001) -1.047NPA; (+ 0.227) + O.0DIREF

(£0.001) - 280 l
(227.294)

R=0.974 K =0.949 SEE= 0.1678 QO = 0.8546
F=44.923 N =18 ;

{BILYP/6-31G*) (T) |

Comparing the models, it was shawu that the
recent two models bad the R, R% F, and QF
higher than 1he pervious models. | The
regressision pararneters nf equation 7 were morc
accurate than cquation 0. |

The last models were obtained with the
participation nf all the  descriptors. In the
subsequent processes only some of, the
descriptors were inserted in tn QSAR modeling
and others sueh as partition mefﬂment,., isotropic
parameter, molecular volume, muiecuiar surface
area, thermal energy, and zero point energy,
hydration energy were removed fom Lhe
descriptors list. The following cquabons were
obtained under these conditions:

Log Bp = 40.485 EP; (+ 4.111) +1.965 NPA.
(£0.335) -3.248 EFG, T
i 0488) +2.351LCs (= 0.810) -3 R44EP,
(£ 1.113) = 0.375NPA, i

B
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(£ 0.160) +678.506 (& 77.125)

(HF/6-31G*) (8)

R=0.976 R*=0.959 SEE=0.582 @ = 0.8854
F=43.285 N=19

Log Bp = 0016 o, (& 0.003) -13.130 EP,
(+2.854) -1.118 NPA,

(+0.252) -236.860 (+ 52.513) (B3LYP/6-31G%) (9)
R=0.873 R®=0.762 SEE= 0.3362 Q* = 0.585
F=14.982 N=19

The last technique inercased the F, R, R? and
Q¢ in HF methnd however, it also increased the
tumber of variables in itz relevant cquation. The
last process was repeated with all energetic and
some nf the electronic descriptors and the models
were obtained with R and R? lower than the
values of the last models (R=0.526 and R*=0.398
for HF/6-31G* method and R=0.623 and R’=
0.412 for B3ALYP/6-31G*
method). Figure 2 has shown thal the results
were obtained from equation 7 and § are clase m
the experimental values,

Fig.2. the comparison between hiclngocal activity
{log Bp) vsiog Eq. 8, 9.

Series 1: the values of log Bp were obtained by using
Eq 9.

Series 2 the values uf log Bp were obtaited by wsing
Eq. B

Series 3: the valves of Ing Bp were obtained by using
experimental methods.

The GA was run many times with different
paramceters and initial populations and four
equaticns were ohtained
The first two QSAR models were derived from
using all deseniptors and molecules followed by
these equatiens:

Log Bp = -0.013 8§+ 0.002) + 0.123 (= 0.647)
(HF/6-31G*) (10)

R=0.589 R®=0.378 SEF= 0.5688 F= 7.99%
QF =0.207N=23

Log Bp = -0.004 M {x 0.006) -6.765 EFG,
(= 1.023)-5.432LC;

(& 0.623) -16.542EPs (+ 4001) +17.121X
{=4.021}-210.345

(£44.111)

(BILYP/6-31G*) (11}

R= 0.90]1 R* = 0.880 SEE= 0.5231 F=21.876
Q*=0.7654 N=23

As mentioned above some of the molecules with
large secondary chain branches were removed
from the molecules list and the GA was run
again. The follawing cquanons were obtained
under these conditions:

Log Bp = 32.011 EP; (£ 5.001) +3.999 NP4,
{£ 0.546) +699.231
(+62.321) (HF/6-31G*) (12)

Log Bp=39.011 EP; (£ 5.001) +3.999 NPA, (+
0.546) +699,231

(+62.321) (HF/6-31G*)  (12)

R= 0943 R*=0.912 SEE=0.2765 O = 0.823
F=32.123 N=19

Log Bp = 0.t67a (+ 0.002) — 18.500EP,
(& 1.765) = 0.014 MP

(£ 0.010) - 299(32.761)

R=0952 R*=0921 SEE=0.2123 O° = 0.8321
F=389587 N=19

{B3LYP/6-31G*) (13)

Calculated values were obtained from the best
madels of MLR and MLR-GA technique.

CONCLUSION

In this study, the DFT and HF methods were
used to gnin the suitable models. First, all the
molecules and descriptors bave heen used for
modeling. Then. the descriptors were divided in
o some groups and we gained the models for
both of the methods by using a suiabte
softwares(DFT and HF), and so we improved the
models. In the next step, we omitted the
moftecules which had more secondary branches
and we did the modeling with the rest of them
The results showed that, however. 1 somc
methods ohtained from HF method the B, RS,
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and (¥ parameters are higher and SEE is lnwer,
but the methnds resulted frnm DFT methnd are
simpler and have less variables. Mnorsover, we
used Genetie alporithm, and phtamed models
with two methods which were satisfing.
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