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ABSTRACT 

It is important to determine whether a candidate molecule is capable of penetrating the plasma-brain barrier in 
drug discovery and development. The aim of this paper is to establish a predictive model for plasma-brain 
barrier penetration using simple descriptors The usefulness of the quantum chemical descriptors, calculated at 
the level of the DFT and HE theories using 6-310* basis set for QSAR study of anti-vial Nucleoside 
Analogues drugs was examined. Delivery of anti-viral agents into the central nervous system (CNS) is clmically 
hoportant. Nucleoside analogues are a major source of clinically used antiviral agents. The QSAR model 
developed contributed to a mechanistic understanding of the investigated biological effects. The first step in this 
study was to use a dauset containing 23 drugs with known activity. In the next steps some of them with the 
large secondary chain branches were removed to make our approach. Multiple Linear Regressions (MLR) was 
employed to model the relationships between molecular descriptors and biological activities of molecules using 
stepwise method and genetic algorithm as variable selection tools. Biological activities contain the logarithm of 
the ratio of the steady-state concentration of a compound in the brain to in the plasma, log Bp. A multi-
parametric equation containing maximum six descriptors at HF/6-3 10* and eight descriptors at 133LYP/6-3 10* 
method with good statistical qualities 

(Rpax— 0.976 , 11214n— 0.959 at HF/6-3/G* and Rwax4  0.979 , 112KGP 0.952 at B3LYP/6-316*) was 
btiledbyMl(plLR gr 	g teP 	thoi Th Sal d 	d ibis p pe ppears to be 

very simple but robust and effective for predictive use This method relates log Bp values to fundamental 
molecular properties, such as Electrostatic Potential. Local charge, Electric Field Gradient, Isotropic 
parameters, Natural Population Analysis. Also, GA-MLR regression was used to model the structure — activity 
relationships. 

Kenwordsi Plasma-Brain; Nucleoside analogues: QSAR4 OFT; GA-MLR 

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 directly on 
targets in the brain, such as antteommIsants, 
antidepressants. anesthetics, antibiotics, anticancer, and 
antiviral agents. Since the central nervous systcm(CNS) 
can acts as a reservoir of viral loading, the 

orresponding authors. gbayai.C4maa.com  

delivery of anti ml ape ts I the brain represents 
a valid and useful approach in such therapy. 

The blood—brain barrier (FIBE) protects the 
brain by limiting the penetration of exogenous 
compounds. The ability to understand the 
penetration of drug candidates through the BBB 
is pivotal during drug development. It allows 
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scientists to choose drug candidates that possess 
more selective pharmacologic properties with 
fewer side effects and toxicities. However, using 
in vivo methods to measure the logarithmic 
values of brain-to-plasma drug concentration 
ratios (log BP) in humans is not possible, and to 
do so in animal models is expensive and timc 
consuming. In order to improve the efficiency of 
drug discovery and development and to facilitate 
high-throughput drug screening, many prediction 
methods for estimating log BB have been 
developed based on a drug's physicochemical 
properties. A common measure of the degree of 
Plasma-Brain penetration is the ratio of the 
steady-state concentration of the drag molecule 
in the brain to in the plasma, usually expressed as 
log (CswiCplassos)  or log BF. Both in vivo [1 ,2] 
and in vitro [3-6] experiments have been 
conducted for measuring log BP of organic 
compounds. 

In in vivo experiments, peripheral application 
of radio-labeled compounds to rats is followed 
by brain concentration level measurements. In in 
vitro experiments, the partition of the compound 
between an aqueous and an organic phase, or its 
penetration in specific cell types is measured and 
the results are used for relative log BP ranking of 
compounds. Therefore the experimental 
determination of log BP is a time-consuming, 
expensive, and difficult technique, requiring 
animal experiments and the synthesis of the test 
compounds, usually in radio-labeled fonn [7]. In 
sftte of the existence of large databases on 
molecular structure and the continuous growth of 
numerical experimental data on physicocheirucal 
properties and biological activities, the problem 
of the estimating the properties of substances that 
have not yet been tested could be approached in 
a mom accurate way, at least in the next few 
decades. During the last half eenury it has 
become common practice to employ topological, 
physical, chemical, and biological numerical 
characteristics, depending on the molecular 
structure, to predict the properties of substances 
that remain unknown for different reasons, such 
as because they are unstable, toxic, or simply that 
their measurement requires too much time. The 
field of natural science, which aims to construct 
mathematical models to search for regularities in 
data and permit their systematization, has been 
addressed by the quantitative structure- 

property/activity 	relationship 	theory 
(QSPHQSAR) [8]. QSAR models, mathematical 
equations relating chemical structure to their 
biological activity, give information that is useful 
for drug design and medicinal chemihry [9-d 1]. 
There have been numerous attempts to employ 
theoretical and computational methodologies to 
predict the Plasma-Brain partition or Plasma-
Brain coefficient Yiannis and co-workers 
proposed a model that correlated log BB (Blood-
Brain coefficient) with physically significant 
descriptors. They employed Monte Carlo 
simulations of compounds in water to calculate 
such properties as the solvent-accessible surface 
area (SASA), the number of hydtogen bond 
donors and acceptors, the solute dipole, and the 
hydrophilic and amphiphilic components of 
SASA [12]. 

Flutter used semi-empirical AMI calculations 
to compute Molecular electrostatic potential and 
fundamental electronic properties such ass the 
ionization potential and use those to compute 
properties such as the polar surface area of 
compounds [13]. In addition to simple multiple 
linear regression methods, a • number of 
comprehensive computational approaches based 
on neural network and genetic algorithms results 
in the development of log BB QSARs [14, 15]. 

In a QSPR study, a mathematical model is 
developed which relates the structuir of a set of 
compounds to a physical property such as 
Electric Potential. Solvation free energy, Electric 
Field Gradient, unsymmetrical parameters, 
Natural Population Atomic charge. 	, 

Recently, Katelson et at I reported a 
comprehensive review on thesd ty es of 
descriptors [16]. 	

. 
Also, velan et al. 

defined some new quantum chemical des riptors, 
including hardness, softness, electro ne ativity, 
and electrophilicity, and used them for QSAR 
study of alkanes [17]. we have succ ssfully 
applied the ab mho theory to derive uannun 
chemical descriptors for the QSAR studies of 
some drugs [18 - 21]. Scum-empirical M lecular 
Orbital (MO) calculations have been used to 
obtain electronic descriptors for 'man  years. 
However, the latest d velopment of the computer 
technology and software of chetronic s ructure 
theory allows calculating quantum chemical 
descriptors at first-principles levels, uch as 
Density Functional Theory (DM) [22] and 
I Nitre Fmk (HF) Theory with higher acturacy. 
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Another challenging problem in QSAR studies 
is the selection of the suitable modeling method. 
The classical QSAR methods rely principally on 
the mathematical technique of Multiple Linear 
Regressions (MLR) [23]. Variable selection 
methods range from simple methods such as 
stepwise selection to more elaborate methods 
such as simulated annealing [24], evolutionary 
programming [25], and Genetic Algorithms 
(GAs) [26]. 

A GA is a stochastic method to solve 
optimization problems defined by a fitness 
criteria applying evolution hypothesis of Darwin 
and different genetic functions, i.e., crossover 
and mutation [27]. 

Z1LISIWN-1(11.49ttirrill 
........ I. , 
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METHOD 
The biological data used in this study are the 
plasma-Brain Barrier partitioning coefficient 
activity ta(log Bp) of the set of 23 Nucleoside 
derivatives. Chemical structure of drugs that 
illustrated in this study is shown in Figure I. 
To derive QSAR models, an appropriate 
representation of the chemical structure is 
necessary. For this purpose, descriptors of the 
structure are commonly used. These descriptors 
are generally understood as being any term, 
index or parameter conveying structure 
information. Commonly used descriptors in the 
QSAR analysis are presented in Table I. 

Some of the descriptors arc obtained directly 
from the chemical structure, C. 4. constitutional, 
geometrical, and topological descriptors. Other 
chemical and physicochemical properties were 
determined by the chemical structure Bipophilmity, 
hydrophilic-ity descriptors, electronic descriptors, 
energies of interaction) In this work, we used 
Gaussian 98 for ab initio calculations. HE 
and OFT methods at 6-310* were applied for 
optimization of Nucleoside analogues and 
calculation of many of the descriptors. At first 
Nucleoside analogues were built by Hyperchem 
software and some of the descriptors such as 
partition coefficient, surface area, hydration 
energy, and refractivity were calculated through 
it. The rest of the descriptors were obtained of 
Gaussian calculations. 
A large number of descriptors were calculated by 
Gaussian package and Hyperchem soffit/are. One 
way to avoid data redundancy is to exclude 
descriptors that are highly intercorrebted uith 
each other before performing statistical analysis. 
Reduced multi collinemity and redundancy in the 
data will facilitate selection of relevant variables 
and models for the investigated endpoint. 
Variable-selection for the QSAR modeling was 
carried out by stepwise linear regression method . 
A stepwise technique was employed that only one 
parameter at a time was added to a model and 
always in the order of most significant to least 
significant in terms of F-teat values. Statistical 
parameters were calculated subsequently for each 
step in the process, so the significance of the 
added parameter could be vended. The goodness 
of the correlation is tested by the regression 
coefficient (122), the F-test and the standard error 

of the estimate (SEE). The [-test and the level of 
significance, as well as the confidence limits f the 
regression coefficient, are . also repotted. The 
squared comelation coefficient, R2, is a measure of 
them of be regression model. Correspondingly, it 
represents the part of the variation in the observed 
(experimental) data that is explained lay the model. 
The correlation coefficient values closer to 1.0 
represent the better fit of the model. The F-test 
reflects the ratio of the variance explained by the 
model and variance due to th error.  X the model. 
High values of the F-test indicate that the model is 
statistically significant. The better regression 
models were selected on the basis of the higher R2, 
F value (a statistic of assessing the overall 
significance) and the lower I  SEE ' The 
experimental and calculated values of biological 
activity (log BP) listed in Table 2. 	Vi tt I 

Table I. The calculated descriptors used in this study 

Demipt„ Symbol Example 

Masatom 
chemical 

Molecular Dipole Monist 	i  MOP 
Molecular Polarizabilit 	I MP 
Electric Field Grailmot 	. . MO 

Natural romantic.. Maim& ' ' NM 
eiscoustfti intend' EP 

EMI& Occumcd 	. 
Molecular Orbital 	'il 

. 
' HOMO 

Lowest Unmeant&' 
Mambo-0MM 	N • RM.  10 
diffetim hemem 	i 
LUMP. and HOMO 

Mosbass 
1&11•2 IMOMOPLUMMI Ids ht semen( sx. al 

Emit heparin' 
Lot Ill w0m0-Lum0)1 

El Seam pholicar 
(oMhon) 

. 	m I 
Thermal Emmy Em 

Zero pot! Caere, 	. 
salvation -rev Encrmy 

On „Douro 	II 
I 

sol„tiou Free Haman' 	'1 
On mom/ 

S. 	• •al.  00, 

Isotopic Pommel& a 
Mattoon [costae 	• ri 

unsvmneurical 	„ 
Local charges 	' 	' - LC 

Mimic& 
Poaperti„  

Parlit101112oeftimit Log P 
Mus 

MolcovIc volume V 
Molocalc surface soca SA 

Hothalian atm' HE 
Rofractioity 	mli . a 	REF 

: Eleenic Field Gradient for each of nig gen atom in 
principal rin of molecultu was showed a cording th 
umber of a om in that nng whit EEO an EFG2  
: Natural PopuLation Analysis for each of atoms in 

principal En of molthulift was ahowed according th 
umber of tom in that ring whit NPA1, NPA2, and 
.t. [28] 	

I 
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Table 2. The experimental log BP values of the 
Nucleoside used in this study and their predicted 

values by MLR 

Amobabaal 4.1511 -0.1995 
CvcIabbir,L .0.3010 .0119 -0.2072 
Pheftebarb212 -Oil 4029 429 
Ldovuthne 
Didatosme 

methoheattas .0160 40517 42230 
keobronse -029 .0.1768 455o8 
Zalerallite [.50 

Barbital -025 .0.1141 41852 
HeWbrOMLee -031 .0.1568 -02027 
sembaduto 020 A 09179 02426 
Thcopliellwe -018 -02495 -0.5765 
Al lobarbital -022 412950 -0.1956 
teem -0058 4)1121 

Phenoteibilal -0175 -02721 
31•2241022 0.2040 0.2776 .4.035 
nuo0272291 445 0.40019 -06916 

(7)Ref: (29-31) 
171 2.3.4.4oBy -3 -hydroxyl - meths cytirfine 

The intemal onsistency of the selected models was 
as essed by cross-validahon method (leave-one-out Q2  
LCO)] followmg leave-one-out scheme using the Mks& 
7. program. kr  splits of test and calibration acts were 
prepared in order to check posdicnvity of models wis oh 
w re shown in Table 3 

Table 3. The results of random splitting of the data to fi e 
sets for equation of different descriptors using B3LYP/6-

3I04  and BF/631G5  methods 

HF/6-3 Gs B3LYPs6-3 1 G•  

&Navvy, 112"dfry. Femih"th,, llsmokoq  

0.866 0.866 0.970 0.9 
0-919 0.953 0 937 0958 
0.919 0.995 0.993 0.970 
0.961 0.9th1 0.925 0.919 
0892 0.924 0 927 0 892 

The MLR analysis was mployed to derive th 
QSAR mod Is for different Nucleo id 
analogues. MLR and correlation analyses were 
canted out by the statifti s software SPSS 6.0 
(Table 4, 5). 

Tahl 4. The correlation coefficient existing between 
the vans les use in different MLR along wit 

equations of HF/6-3 I G• method 

BP EFG, EP, EP. NPA. HMI  ICI 
loillO 1 
NO3 -OHO 
9P3 0563 203 

 
NP ;4 4457 0 313 .0464 0 503 
INPA5 0 205 0 493 0(43 -0.3021 0 199 
LCS .0311 tna .053t 0011 0046 

Table S. The correlation coefficient existing between 
the vanahles used in different MLR along with 

equations of 83LYP/6-310*  method 

Log BP lip, NPA2  o 
Log BP 

EPI 
BP's, 0.350 0.053 1 

o 0.528 0.284 007 

k order to assess th risk of hanee no I do 
32, 33], input scrambling was performed [4] 

According to the results there was no risk for 
hance correlation (R2  = 0.527, Q2 yy,= 0.306). 

GA-MLR 
In order to select the most relevant descriptors, 
the evolution of the population was simulated. 
Each individual of the population defined by a 
chromosome of binary values represented a 
subset of descriptors. The number of genes at 
each chromosome was equal to the number of 
descriptors. A gene would take a value of I, if its 
corresponding descriptor was included in the 
subset; otherwise it would take value of zero. 
The population of the first generation was 
selected randomly. The number of genes with a 
value of one was kept relatively low to have a 
small subset of descriptors in the MLR method, 
i.e., the probability of generating a zero value for 
a gene was set greater than that for a generating 
a -value of one. 

RESULTS AND DISCUSSION 
The molecules for this study were selected as 
follows. Our starting point was 23 Nucleoside 
analogues. For each of the selected molecules, 
geometry optimization was employed and then 
the descriptors were calculated through HF and 
B3LYP methods at 6-3I0* basis set. MLR 
models were constructed in the present work 
using SPSS software. Those descriptors that 
were too strongly correlated with the others were 
rejected. The first two QSAR models were 
derived from using all descriptors and molecules 
followed by these equations: 
Log Bp = -0.016 S(± 0.004) — 6.585X (I 2.885) 
+ 0 213 (1 0.893) 
(11F/6-31G") (1) 
R—  0.713 RI  =0.508 SE& 0.5688 F= 10.330 
Q2  = 0..326N - 23 
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Considering regression parameters that were 
derived from the last equations, it Was shown 
that this technique was not advanta qua. 
Studying the structures of molecules made a 
new hypothesis that some of the Molecules with 
large secondary chain branches have owe 
properties which are not very close to other 
molecules. Thus, those molecules were removed 
from the molecules list and the number of hem 
decreased to18 and the procedure vs repeated 
with the resulted number of molecules. The 
following 

	

following equation was obtained: 	I 	' I 
Log Bp = 31.983 E113  (± 1108) +2.224 NM Gs 

in the next step, we sorted the descriptors in by 0176) 4.592EFG)  
using some of the categories of Table I. One of 	0.519) 	+ 	0.036 	S 	(4 	0.012) 
these categories includes all descriptors except +576.873(±56.371) (11F/6-31C") (6) 	, 
some of the energetic parameters such as ETH, R= 0.960 RI  =0.922 SEE 0.2003 Q2 = 0.7253 
EzERo, EHOMOI ELLTIO. and the relevant Th38.28I N= 18 	 . 
parameters. The Ovo follow equations were Log Bp = 0.017 ai  (4 0.002) 	15.544EP, 
concluded: 	 (4 1.486)- 0.006 MP 

(* 0,001) 51.047NPA2  (= 0.227) + 0,001REF 
Log 	Bp - 	12,826 	EPj  (+ 3.383) 	+1.197*, 
(4- 0439)4-233.826 

(4 0.001)- 280 
(±27.294) 

(th 61.845) (H}/6-3IG*) (3) 0.974 K2  - 0.949 SEE= 0A678 Q2 = 0.8546 
R- 	0.689 122  = 0.475 SEE= 9.041 	Th10,345 F=44.923 N = (8 
Q2= 0.301 N23 (B3LYP/6-310*) (7) 

Log Bp = - 0.007 M (± 0.001) - 5.533 EFG 
(th 0,908) -3.896LCs  
(± 0.436) -13.609EP (4 2.429) 414.382X 
(4 2.521)-0,005MP 
(th 0.001) -3372 LC1(± 0-830)  +2.278 EEG, 
(R 1.085) -196.329 
(± 35.540) 	(B3LY11/6-310*) (2) 
R.- 0.979 R2 =0.952 SEE- 0.2116 Th34.967 
Q2= 0.8957 N - 23 

Considering of the last two equations, it was 
shown that there is a 	higher regression 
parameters and lower SEE for B3LY17/6-31G" 
than FIF36-31G* method. However, the presence 
of a wide range of variables in a model made the 
computing of biological activities such (log BP) 
difficult In order to improve the obtained models 

II 

Log BP = 0.028 a s(th 0B05) + 4.182NPA5  
(11.247)- 3.477E113  
(is 1.109) -3.844 (4 11.989) 	(B3LYP/6-31G*) 
(4) 
R.= 0814 R2  - 0.662 SEE- 0.4835 Q2  = 0.427 
F=12,431 N 4 23 

Thus rejecting energetic descriptors from the 
list did not improve QSAR modeling through 
8ILYP/6-310" and BE/6-31G". 

In another training of descriptors, models 
were derived from using only above-mentioned 
energetic parameters. The equations obtained 
employing the process through HF/6-31G. 
method were similar to equation I. The equation 
was derived from B3LY1316-31G* method is as 

Comparing the models, it was shown that the 
recent two models had the R, R2,1  F, and Q1  
higher than the pervious models. I The 
regressision parameters of equation 7 welt more 
accurate than equation 6, 	 1 

The last models were obtained with the 
participation of all the 	descriptors. In the 
subsequent processes only some of , the 
descriptors were inserted in to QSAR modeling 
and others such as partition coefficient, isotropic 
parameter, molecular volume, molentilar surface 
area, thermal energy, and zero pOint energy, 
hydration energy were removed from the 
descriptors list. The following equations were 
obtained under these conditions: , 

. Log Bp = 40485 MIL  (th 4.111) follows: 	 +1,995 NPAs  
(4-0.335) -3.248 EELS) 	 : 

Log BP = -0.001 V(4- 0.01)0) + 0.065HE 	(th 0.488) +2.351LCi  (± 0,810) -3  844ER 
(± 1147)1-1.000 (I 0.364) 	 (551.113)- 0.375NPA4 	 ' i 
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(a 0.160)+678.506 (+77.125) Log Bp 	-0.013 S(a 0002) + 0.123 (4 0.647) 
(HF/6-31G*) 	(8) (11176.3101) 	(10) 
R=0.976 	R2 = 0.959 SEE 	0 582 Q2  - 0.8884 R= 0.589 122 	0.378 SEE= 0.5688 F= 7.998 
F43.285 N = 19 

Log Bp 	0.016 csu (X 0003) -13.130 EF, 
(*2.854) -1.118 N11312  
(4 0.252)-236.860 (452.513) (B3LY1176-310*) (9) 
R= 0.873 R2  0.762 SEE= 03362 Qi = 0.585 
F-14.982 N = 19 

The last technique increased the F, It, R2  and 
(ff in HF method however, it also increased the 
number of variables in its relevant equation. The 
last process was repeated with all energetic and 
some of the electronic descriptors and the models 
were obtained with R and R2  lower than the 
values of the last models (12A).526 and R2=0.398 
for HF/6.316* method and R.1.623 and R2= 
0.412 for B3LYP/6-3IG* 
method). Figure 2 has shown that the results 
were obtained from equation 7 and 8 are close to 
the experimental values. 

Fig.2. the comparison between biologocal activity 
(log Bp) using Eq. 8, 9. 

Series I: the values of log Bp were obtained by "sing 
rq 9. 
Series 2: the values uf log Bp were obtained by using 
Eq.* 
Series 3: the values cling Bp were obtained by using 
experimental methods. 

The GA was run many times with different 
parameters and initial populations and four 
equations were obtained. 
The first two QSAR models were derived from 
using all descriptors and molecules followed by 
these equations: 

G2  = 0-207 N =23 
Log Bp = 0.004 34 (* 0.006) -6.765 EFG1  
fit 1.023) -5.432LC5  
(h 0.623) .16.542Eff (4  4001) -117.121X 
(4 4.020 -210345 
(*44.111) 
(B313111/6-316) (II) 
R= 0.901 R2  = 0.880 SEE= 0.5231 F=2I.876 
Q2-.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 following equations were obtained 
under these conditions: 
Log Bp = 39.011 Eff (a 5.001) +3.999 NPAt. 
(I 0.546)+699.231 
(+62.321) (HF/6-31G) (12) 

Log Bp = 39.011 EP, (a 5.001) +3099 NEAs 
0 546)+699.231 
(+62.321) (TIF/6-316*) (12) 
R- 0.943 R2 = 0.912 SEE 0.2765 (32  = 0.823 
F=32.123 N =19 

Log Bp 	0.167rs (5 0.002) - 18.500Eff 
(a 1.765)- 0.014 ME 
(a 0.010) -- 299(132.761) 
R.- 0.952 112  =0.921 SEE= 0.2123 Q2  = 0.8321 
F=38987 N = 19 
(B3LIP/6.31G*) (13) 

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

CONCLUSION 
In this study, the DFT and ILF methods were 
used to gain the suitable models. First, all the 
molecules and descriptors have been used for 
modeling. Then, the descriptors were divided in 
to some groups and we gained the models for 
both of the methods by using a suitable 
softwares(DFT and HF), and so we improved the 
models. In the next step, we omitted the 
molecules which had more secondary branches 
and we did the modeling with the rest of them 
The results showed that, however, in some 
methods obtained from HF method the It, R2, 
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and Q2  parameters arc higher and SEE is lower, 
but the methods resulted from DFT method are 
simpler and have less variables. Moreover, we 
used Genetic algonthm, and obtained models 
with two methods which were satisrmg. 
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