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ABSTRACT

To establish a quantitative structure-activity relationship for antibacterial activity against Saphylococcus aureus
and Bacillus subtilis, a series of seventeen 1,3-disubstituted-1H-naphtho[ 1,2-€][1,3] oxazine derivatives molecules
was submitted to a principal components analysis (PCA), to a multiple regression analysis (MRA), to a regression
partial least squares (PLS), to a non-linear regression (RNLM) and to an artificial neural network (ANN). We
accordingly propose a quantitative model, and we interpret the activity of the compounds relying on the multivariate
dtatistical analysis. Density functional theory (DFT) and ab-initio molecular orbital calculations have been carried
out in order to get insights into the structure, chemical reactivity and property information for the series of study
compounds. The topological descriptors were computed with ACD/ChemSketch and Gaussian 03W program,
respectively. This study shows that the MRA, PLS, and ANN have served also to predict activities, but when
compared with the results given by the RNLM, we realized that the predictions fulfilled by this latter were more
effective.

Keywords: QSAR, DFT, 1,3-disubstituted-1H-naphtho[1,2-3]bxazine Staphylococcus aureus, Bacillus subtilis.

INTRODUCTION

The development of simple synthetic routes to wideded organic compounds using readily availabdgeats is
one of the main objectives of organic synthesistdgen heterocycles are of special interest bectgseconstitute
an important class of natural and non-natural pectgjumany of which exhibit useful biological actigs.
Investigation of the 1,3-oxazine heterocycles hasws that they possess varied biological propersiesh as
analgesic, anticonvulsant, antitubercular, antirgat and anticancer activity. Particular attentltas been paid to
these compounds since the discovery of the noreosite reverse transcriptase inhibitor trifluordmétl,3-
oxazine-2-one, which shows high activity againstasiety of HIV-1 mutant strains. In addition, napbxazine
derivatives have exhibited therapeutic potentiakti@ treatment of Parkinson’s disease [1].

Several lipopeptides have potent antibiotic agtiaihd have been the subject of several studies@discovery of
new antibiotics. The list includes surfactin, prodd byB.subtilis, the most powerful biosurfactant known to date.
These compounds have many pharmacologicalactivitie8bacterial, antifungal, antiviral, and antioptasma
properties; inhibition of the fibrin clot formatioand hemolysis; formation of ion channels in ligidayer
membranes; antitumor activity against Ehrlich’sitesccarcinoma cells; and inhibition of the cydidenosine 3,5-
monophosphate phosphodiesterase[2,3].
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Quantitative Structure-Property/Activity RelationsiQSPR/QSAR) methods are among the most pradticdd in
computational physical chemistry. These methodsased on the axiom that the variance in the pbgkiemical
properties and activities of chemical compound$ei®rmined by the variance in their molecular stnes. Thus, if
experimental data are available for only some chalsiin a group, one can predict the missing froatecular
descriptors calculated for the whole group andablét mathematical model [4]. The global predictafrtoxicity
using QSAR has been the goal of many workers wiizad a variety of approaches. This goal is aligribut has
yet to be achieved satisfactorily. There are a remaf reasons for the absence of success [5]. Efieiehcy of
available toxicity data has clearly held back pesgt This lack of success has been compoundedny stadies by
a poor appreciation of the insufficient heteroggnedr chemical diversity, in the dataset. Furthghile some
molecular properties (such as hydrophobicity) arell vdescribed, others, including electrophilic raty,
ionization, and hydrogen bonding, are poorly patenmed. Last, mechanisms of toxic action are ndly f
understood or misinterpreted, or their relevandiénmodelling of toxicity is ignored [6].

We hereby report QSAR studies of 1,3-disubstituteldraphtho[1,2-e][1,3]oxazines synthesized in réecgady
[3]. To the best of our knowledge, this is the tfireport on the correlation of molecular descriptaith the
antimicrobial activity of 1,3-disubstituted-1H-naph[1,2-e][1,3]oxazines.

MATERIALS AND METHODS

Experimental data

Antecedent studies [3] had established a quanttatiodel of molecular-structure and antibacterigivdiespMIC,
and pMIGs of 1,3-disubstituted-1H-naphtho[1,2-e][1,3]oxazkEhe following figure shows the chemicals
structures of studied compounds optimized.

R1 R2
sV}
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oy

Figure 1: Chemical structures of 1,3-disubstitutedtH-naphtho[1,2-e][1,3]oxazines

The experimental pMIgG and pMIGoOf the studied compounds have been collected femant work [3] (Tablel).
The range of th&C 5, data varies from 1.430 to 2.100M).

Table 1: Molecular structures of 1,3-disubstitutediH-naphtho[1,2-e][1,3]oxazines used in QSAR studies

Compound Ry R, pMICs.  pMIC e

1 H H 1.4300 2.0300
2 CHs CH; 1.4600 2.0700
3 OCH; OCH; 1.5000 2.1000
4 Cl Cl 1.5100 1.8100
5 F F 2.0700 1.7700
6 H OCH; 1.7700 1.7700
7 H CH; 1.7500 1.4500
8 H NO, 1.7800 1.7800
9 H F 1.7700 1.7700
10 H Br 1.7500  2.0500
11 CHs H 1.5200 1.8200
12 CHs OCH;  1.4500 1.7500
13 CHs NO. 1.7800 1.7800
14 CHs H 1.8000 1.8000
15 CHs F 1.4900 1.7900
16 CHs Br 1.4700  2.0700
17 H Cl 1.8300 1.8300

Computational methods
An attempt has been made to correlate the actifithiese compounds with various physicochemicapaters.

DFT (density functional theory) methods were usedhis study. These methods have become very popula
recent years because they can reach similar ppacisi other methods in less time and less cost ftoen
computational point of view. In agreement with ET results, energy of the fundamental state aflggbectronic
system can be expressed through the total electaemisity, and in fact, the use of electronic dgnisistead of
wave function for calculating the energy constisutiee fundamental base of DFT [7-9] using the B3lfikctional
[10,11] and a 6-31G (d) basis set. The B3LYP, &iverof DFT method, uses Becke’s three-parametsstional
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(B3) and includes a mixture of HF with DFT exchartgems associated with the gradient corrected laiive
functional of Lee, Yang and Parr (LYP). The geomatf all species under investigation was determibgd
optimizing all geometrical variables without anyreyetry constraints.

The 3D structures of the molecules were generagiiguthe Gauss View 3.0, and then, all calculatiosmse
performed using Gaussian 03W program series, Gegroptimization of thirteen compounds was carried loy
B3LYP method employing 6-31G(d) basis set. Chem$kptogram (Demo version 10.0) [12] was employed to
calculate the others molecular descriptors.

Calculation of molecular descriptors

Calculation of descriptorsusing Gaussian 03W

Several quantum chemical methods and quantum-ctrgraeculations have been performed in order tmsthe
molecular structure and electronic properties [0B-Zrom the results of the DFT calculations, theagtum
chemistry descriptors were obtained for the modeldng as follows: the total energy (ET (u.a))ethighest
occupied molecular orbital energy{dmo (eV)), the lowest unoccupied molecular orbital rgge(E yvo (eV)), the
energy difference between the LUMO and the HOMOgnéGap (eV)), the total dipole moment of the noole
(u(Debye)), absolute hardnesp,(absolute electron negativity)( reactivity index §),total energy E activation
energy  absorption maximurh,.« and factor of oscillationdo, [21].

n,x ando were determined by the following equations:

MX:_MQ '

n= 2 2 21

Calculation of descriptors using ACD/ChemSketch

Advanced chemistry development's ACD/ChemSketclgnara [12] was used to calculate Formula Weight (PM)
Molar Volume (MV (cni)), Molecular Weight (MW), Molar Refractivity (MRe(®)), Parachor (Pc (c#)), Density
(D (g/cn?)), Refractive Index (n), Surface Tensiofdine/cm),Polarizabilityce (cnt)) and octanol/water partition
coefficientsLogP.

« Molecular Weight(M): Used as the descriptor in systems such as trarsjpies where diffusion is the mode of
operation. It is an important variable in QSAR s$tsdpertaining to cross resistance of various dimgaulti-drug
resistant cell lines.

« Molar Volume (Vm): The molar volume calculates from additive incrersefithe additive atomic increments
were obtained using a database of density andlatdcuM:

- Density(d): The density is calculates from M and the calculatedar volume:

_ M
Vm

- Molar Refractivity (A): The Lorentz-Lorenz equation relates Molecular weigensity, and refractive index:

n’-1M
n?+2 d

- Parachor(P): The parachor is calculates from additive incremeiitise additive atomic increments were obtained
using a database of density, surface tension, aledlated MW:

1
P:(M_)SAt
d
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- Refractive Index (n): By the Lorentz-Lorenz equation:

= [2A+M
Vm - A
The refractive index calculates from the molar voluamgl molar refractivity, both of which are calcuthtes above.

« Surface Tension (S): Calculated from calculated Vm and calculated Pc:

== ()

- Polarizability(ae):Calculates from the Molar Refractivity as follows:
oe = 0,3964308x A

- Partition coefficients LogP: The partition coefficient is a ratio of concentoats of un-ionized compound between
the two solutionsoctanol/water:

[solute] octanol)

LogP = Log| ———————
8 g( [solute]yater

Statistical analysis

To explain the structure-activity relationship, $8e20 descriptors are calculated for 17 molecukdaguthe

Gaussian 03W, Gauss View and ChemSketch software.

The study we conducted consists of:

« The principal component analysis (PCA) availabla software called XLSTAT.
« The multiple linear regressions (MLR) availablghe XLSTAT software.

« The regression partial least squares (PLS) availabthe XLSTAT software.

« The non-linear regression (RNLM) available in XLST Aoftware.

« The Neural Network (RN) available in the softwardM.AB Version 9.

The structures of the molecules based on 1,3-disutesl-1H-naphtho[1,2-e][1,3]oxazines, (1-17) wetedied by
statistical methods based on the principal comporaeaalysis (PCA)using the software XLSTAT versioenib
2009 [22]. PCA is a statistical technique usefulfommarizing all the information encoded in theictures of the
compounds. It is also very helpful for understagdine distribution of the compounds [23]. This isessentially
descriptive statistical method which aims to présengraphic form, the maximum of information caimed in the
data table 1 and table 2.

The multiple linear regression (MLR) analysis wisscendent selection and elimination of variablas employed
to model the structure activity relationships.sltai mathematic technique that minimizes differertegte/een actual
and predicted values. It has served also to séhectiescriptors used as the input parameters ipdhigal least
squares (PLS), and the Multiples nonlinear regoesgVINLR) and artificial neural network (ANN).

The (MLR), the (PLS), and the (MNLR) were generatsthg the software XLSTAT version Demo 2009 [12],
predict cytotoxic effects 1§ activities. Equations were justified by the caatin coefficient (R), mean squared
error (MSE), fishers F-statistic (F), and significa level (F value).

ANN is artificial systems simulating the functiohtbhe human brain. Three components constituteusah@etwork:
the processing elements or nodes, the topologysofdnnections between the nodes, and the leaml@dpy which
new information is encoded in the network. Whilerthare a number of different ANN models, the nfiesfuently
used type of ANN in QSAR is the three-layered fémuvard network [17]. In this type of networks, theurons are
arranged in layers (an input layer, one hiddenrlayel an output layer). Each neuron in any layéullg connected
with the neurons of a succeeding layer and no adiores are between neurons belonging to the sayee.la
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Table 2: The values of the sixteen chemical desctagrs

N° Ei(eV) Enomo (V) Erumo(eV) AE(V) M EieV) Ana(nm) f(SO) x 1 [0) A Vm P n S d ae M Log P
1 -28700.5883 -5.7555 -1.2353 45201 1.002B.9741 311.9800 0.0137 3.4954 2.2601 2.7030 104.8500 287.4000 745.9000 1.6500 45.3000 1.1800 41.5600 339.1623 5.2400
2 -30840.2875 -5.6964 -1.1630  4.5335 0.7208.9962 310.2500 0.0138 3.4297 2.2667 2.5946 113.6900 317.8000 808.1000 1.6340 41.8000 1.1500 45.0700 367.1936 6.4200
3 -34932.9463 -5.6393 -1.0819 4.5574 0.7054.0120 309.0300 0.0061 3.3606 2.2787 2.4780 116.4700 330.7000 846.4000 1.6220 42.9000 1.2000 46.1700 399.1834 4.0400
4 -53711.8108 -5.9772 -1.5208 4.4565 3.4093.8964 318.2000 0.0133 3.7490 2.2282 3.1538 114.0500 306.0000 803.6000 1.6680 47.5000 1.3300 45.2100 407.0844 5.9600
5 -34100.8808 -5.8861 -1.3458  4.5403 2.5404.0029 309.7400 0.0147 3.6159 2.2701 2.8798 104.5900 293.1000 746.2000 1.6320 41.9000 1.2800 41.4600 375.1435 5.4400
6 -31816.7836 -5.6940 -1.1322 4.5618 2.0953.0373 307.1000 0.0170 3.4131 2.2809 2.5537 110.6600 309.0000 796.2000 1.6340 44.0000 1.1900 43.8700 369.1729 4.7800
7 -29770.4420 -5.7228 -1.1896 4.5332 0.7748.9954 310.3200 0.0143 3.4562 2.2666 2.6351 109.2700 302.6000 777.0000 1.6410 43.4000 1.1600 43.3200 353.1780 5.8300
8 -34265.0578 -6.0191 -2.5898  3.4293 6.3938.0159 411.1000 0.0055 4.3045 1.7146 5.4031 110.5100 292.7000 791.4000 1.6790 53.4000 1.3100 43.8100 384.1474 4.3400
9 -41206.2009 -5.8567 -1.4051 4.4516 2.9248.8914 318.6100 0.0130 3.6309 2.2258 2.9615 109.4500 296.7000 774.7000 1.6590 46.4000 1.2500 43.3900 373.1233 5.7700
10 -31400.7413 -5.8110 -1.2805 4.5305 2.1923.9889 310.8200 0.0139 3.5457 2.2652 2.7750 104.7200 290.3000 746.1000 1.6400 43.6000 1.2300 41.5100 357.1529 5.5100
11 -98660.3526 -5.8559 -1.4114 44445 2.8138.8838 319.2400 0.0134 3.6336 2.2222 2.9707 112.4000 299.9000 789.4000 1.6720 47.9000 1.3900 44.5600 417.0728 5.9400
12 -42276.0491 -5.8292 -1.3779 4.4513 3.0473.8918 318.5800 0.0126 3.6036 2.2256 2.9173 109.2700 302.6000 777.0000 1.6410 43.4000 1.1600 43.3200 353.1780 5.8300
13 -32886.6291 -5.6670 -1.1069 4.5601 1.9084.0347 307.2900 0.0160 3.3870 2.2801 2.5156 115.0800 324.2000 827.2000 1.6280 42.3000 1.1800 45.6200 383.1885 5.3700
14 -35334.9087 -5.9911 -2.5722  3.4189 6.5393.0060 412.4500 0.0056 4.2816 1.7095 5.3620 114.9300 307.8000 822.4000 1.6690 50.9000 1.2900 45.5600 398.1630 4.9300
15 -29770.4338 -5.7277 -1.2089 4.5188 1.0468.9735 312.0300 0.0132 3.4683 2.2594 2.6621 109.2700 302.6000 777.0000 1.6410 43.4000 1.1600 43.3200 353.1780 5.8300
16 -32470.5855 -5.7838 -1.2530 4.5307 2.297@.9900 310.7400 0.0134 3.5184 2.2654 2.7322 109.1400 305.5000 777.2000 1.6330 41.8000 1.2100 43.2600 371.1685 6.1000
17 -99730.2008 -5.8281 -1.3847 44434 2.9353.8832 319.2800 0.0129 3.6064 2.2217 2.9271 116.8300 315.1000 820.5000 1.6630 45.9000 1.3700 46.3100 431.0885 6.5300
Table3:The correlation matrix (Pearson (n)) betweerifferent obtained descriptors

Variables Et Enowmo Ewumo  AE 1! Ea Amax f(SO) X ] ) A Vm P n S d e M Log P pMICsa pMICbs

Et(eV) 1 0,250 0,028 -0,044 -0,166 -0,010 0,037 -0,040 -0,075 -0,044 0,011 -0,420 -0,092 -0,240 -0,522 -0,280 -0,775 -0,420 -0,768 -0,416 -0,015 0,094

Eromo 1 0,823 0,708 -0,874 0,730 -0,713 0,435 -0,884 0,708 -0,788 0,058 0,507 0,152 -0,817 -0,785 -0,698 0,058 -0,347 0,021 -0,288 0,224

ELumo 1 0,984 -0,939 0,988 -0,985 0,729 -0,993 0,984 -0,998 -0,141 0,270 -0,134 -0,731 -0,885 -0,475 -0,141 -0,281 0,348 -0,277 0,184

AE(eV) 1 -0,892 0,999 -1,000 0,769 -0,956 1,000 -0,992 -0,193 0,176 -0,214 -0,651 -0,853 -0,371 -0,193 -0,240 0,427 -0,254 0,159

n 1 -0,902 0,894 -0,583 0,954 -0,892 0,926 0,167 -0,250 0,139 0,732 0,843 0,593 0,167 0,400 -0,264 0,361 -0,216

Ea(eV) 1 -0,999 0,774 -0,964 0,999 -0,994 -0,200 0,187 -0,211 -0,681 -0,869 -0,398 -0,200 -0,259 0,403 -0,239 0,162

Amax 1 -0,774 0,958 -1,000 0,993 0,195 -0,177 0,215 0,657 0,856 0,377 0,196 0,245 -0,424 0,248 -0,156

f (SO) 1 -0,689 0,769 -0,742 -0,343 -0,113 -0,408 -0,391 -0,630 -0,260 -0,343 -0,311 0,567 0,035 -0,160

X 1 -0,956 0,984 0,103 -0,328 0,078 0,771 0,891 0,536 0,103 0,303 -0,290 0,287 -0,198

n 1 -0,992 -0,193 0,176 -0,214 -0,651 -0,853 -0,371 -0,193 -0,240 0,427 -0,254 0,159

[0} 1 0,150 -0,243 0,156 0,698 0,873 0,439 0,150 0,263 -0,386 0,279 -0,174

A 1 0,837 0970 0,163 0,212 0,275 1,000 0,742 -0,017 -0,105 0,009

Vm 1 0,893 -0,403 -0,303 -0,164 0,837 0,430 -0,069 -0,147 0,164

P 1 0,018 0,158 0,139 0,970 0,648 -0,214 -0,078 0,059

n 1 0912 0,753 0,163 0,462 0,066 0,080 -0,266

S 1 0,636 0,212 0,412 -0,321 0,153 -0,222

d 1 0,275 0,819 0,083 0,319 -0,089

oe 1 0,741 -0,017 -0,105 0,008

M 1 0,041 0,200 0,004

Log P 1 -0,178 -0,084

pMICsa 1 -0,448

pMICbs 1
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. AE(eV) andn are perfectly correlated (r = 1).

. A andhe are perfectly correlated (r = 1).
. A, P andae are highly correlated (r (A, Pc) = 0.970, r {) = 0.970).
. ELumo andm are strongly negatively correlated (r = -0.998).

According to the supervised learning adopted, thsvarks are taught by giving them examples of inpatterns
and the corresponding target outputs. Through enative process, the connection weights are maetlifietil the
network gives the desired results for the trairsegof data. A back-propagation algorithm is ugechinimize the
error function. This algorithm has been describexVipusly with a simple example of application [E8]d a detail
of this algorithm is given elsewhere [19].

RESULTS

Data set for analysis

The QSAR analysis was performed using thg b the 17 compounds against t&aphylococcus aureus, Bacillus
subtilise(pMICs, and pMIGy). (Experimental values) as reported in [3], theuga of the 17 chemical descriptors as
shown in table 2.

Principal component analyses(PCA)

The totality of the twenty descriptors (variablesyling the sixteen molecules was submitted to a
principal components analysis (PCA). The first ¢hraxes F1, F2 and F3 contributing
respectively 51.16%, 20.59 % and 12.70 % to thal teariance, the total information is
estimated to a percentage of 91.3%, were suffidierttescribe the information represented by
the data set. Correlations between the sixteerrigess are shown in table 3 as a correlation
matrix, in figure 2 these descriptors are repre=gmnt a correlation circles.

Variables (axes PC1 et PC2 : 71.75 %)

PC2 (20.59 %)
o
10)]

pMICsa

-1 -0.75 -05 -0.25 0 0.25 0.5 0.75 1

PC1 (51.16 %)

Figure2: Correlation circle

On the other hand, the projection PC1-PC2 (71,76%eototal variance) also shows that we can disset groups
of molecules with special structures propriety.
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Observations (axes PC1 and PC2 : 71.75 %)

3 e

13 e

N
[N
IS
[J

PC2 (20.59 %)

16 e

0 t t
_ —
100

-10 -8 -6 -4 -2 0 2 4

:( 60
9 o

PC1(51.16 %)

Figure3: Cartesian diagram according to PC1 and PC2Separation between five groups.

Multiple Linear Regressions(MLR)

In order to propose a mathematical model and ttuat@ quantitatively the substituent's physicocluaingffects on
the two activities of the totality of the set obHe 17 molecules, we submitted the data matrixtitotres! obviously
from the 20 physicochemical variables correspondmghe 17 molecules, to a progressive multipleresgjon
analysis. This method used the coefficients R aRd the F-values to select the best regressidarpence.

Where R is the correlation coefficient; R? is tlhwefficient of determination; MSE is the mean sqdaggor; F is the
Fisher F-statistic.

The QSAR models built using multiple linear regies§{MLR) method is represented by the followingiatijon:

pMICsa = 14,135 + 1,71E, + 2,512X 10%Anay + 60,057F (ot 5,930 x 10%+ 10%A- 1,310x 104V, - 0,037P -
3,040n + 6,057 x 10°S-19,856d + 7,494 x 10°M- 0,205LogP.  (Equation 1)

PMICbs = 74,898 - 4,87, - 5,810 X 102y - 94,816f (o) - 0,923y - 0,612A- 0,182V ,,+ 0,229P - 53,165n -
0,182S +51,48@ - 0,167M + 1,273LogP. (Equatip)

The Fisher's F test is used. Given the fact thatpttobability corresponding to the F value is lowsan 0.05 for
pMIC,, it means that we would be taking a lower thar8@&2isk in assuming that the null hypothesis isng.o
Therefore, we can conclude with confidence thatrtiaels do bring a significant amount of informatid-or
pMIC, the F value (F value = 0.265) is up than 0.08 rttodel is not significant. (Tables 4 and 5)

Table4: Analysis of variance (global model)

Source DDL | Sum of squares| Mean squarg F Pr> Fiz
g) Model 12 0.343 0.029 0.54p 0.816
EQ Error 4 0.212 0.053
total corrected 16 0.555
Source DDL | Sum of squares| Mean squarg F Pr> k
-é Model 12 0.279 0.023 0.580 0.791
EQ Error 4 0.160 0.040
total corrected 16 0.440
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Table5: Correlation coefficient (R), Coefficient ofdetermination (R?), Mean squared error (MSE), Fislers F-statistic (F) and
Significances level (F value)

PMIC sa | PMIC bs

R2 0,618 0.635

R 0.786 0.797
MSE | 0.053 0.040
F 0.540 0.580

F value| 0.816 0.791

The values of predicted activities (pMiCand (pMIGg) calculated from equations (land 2), and the ofeser
values are given in table 10. The correlationsrefifgted and observed are illustrated in figure 4.

Pred{pMICsa) / pMICsa Pred(pMIChs) / pMIChs

21 22
. n
21 -’
2 . 8
.
.
2
18
12
— . — 1
i} .1
g - P = .
H . . y Z 12 ,
=3 a . e .
T w7 4 E >
B o 17
16
15
.
15 L 15
-, .
A .
14 14
14 15 15 17 12 13 2 21 14 15 15 17 18 13 2 21 22

Pred{pMICsa) Pred(pMIChs)

Figure 4: Correlations of observed and predicted dévities calculated using MLR

The descriptors proposed in equations (1and 2) bR Mere, therefore, used as the input parametetiseipartial
least squares (PLS), and the Multiples nonlinegression (MNLR) and artificial neural network (ANN)

Partial least squares PLS

Partial Least Squares regression (PLS) is an effficknd optimal for a criterion method based oradawnce. It is
recommended in cases where the number of varigbleigh, and where it is likely that the explangtoariables
are correlated.

We submitted the data matrix constituted obviodigiyn the descriptors proposed by MLR correspondinthe 17
molecules, to the partial least squares (PLS). Trethod used the coefficients R, Bnd the F-values to select the
best regression performance.

The QSAR models built using partial least squaRtsS) method is represented by the following equatio
pMICsa = 1,146 + 5,835 x 18 Et - 6,417x 10°Eromo - 1,423 x 1% E_ymo - 0,017AE + 0,003p - 2,042x 10
%E, +1,966 X 10*hmax - 2,535f (soy* 2,354 x 1% -0,035n + 7,146 x 10° o - 2,636 x 10° A - 9,974 x 10V,
-2,451 x 10* P +0,500n +1, 908 x 10 S+0,127d - 0,006ae +4,277 x10™*M - 1,196 x 10Log P. (Equation 3)

pPMICbs = 2,053 - 3,019 x 18 Et + 0,033E0m0 + 7,367 x 10° Eywo + 9,242 x 102 AE - 1,808 x 13 +
1,057 x 1d’2E -1,017 X 10-Ofyax +1,311f 50y - 1,218 x 107y + 1,848x 1d)2n 3,697x 107 @ +1,363x 1% A
+5,160x 1cP“v +1,268x 10* P -0,258n -9,873x 10 S -6,622 x 107 d + 3,448 x 102 0e -2,212x 10* M +
6,188 x10* Log P. (Equation 4)

The correlation coefficient (R), coefficient of danination (R2), Mean Squared Error (MSE) and Sdashd
deviation (S) for the two modelsare illustratedahle 6.

Table6: Correlation coefficient (R), Coefficient ofdetermination (R?), Mean squared error (MSE) and &ndard deviation (S).

pMICsa pMICbs

R2 0.926 0.276
R 0.962 0.525
MSE 0.001 0.012
S 0.037 0.110
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The values of predicted activities (pMlCand (pMIGy) calculated from equations (3 and 4), and the wese
values are given in table 9. The correlations efifpted and observed are illustrated in figure 5.

Pred(pMICsa) / pMICsa Pred(pMIChs) / pMIChs
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Figure5: Correlations of observed and predicted aétities calculated using PLS

Squares (PLS), it is likely that any non-lineatignship took place. Nonlinear regression perfating XLSTAT
software and the neural network are suitable casdepaccomplish this task.

Multiples nonlinear regression (MNLR)

We have used also the technique of nonlinear rsignesnodel to improve the structure - activity tielaship to
guantitatively evaluate the effect of substitudntakes into account several parameters. Thik@snhiost common
tool for the study of multidimensional data. We @aapplied to the data matrix constituted obviodstm the
descriptors proposed by MLR corresponding to thenbBecules. The coefficients RZRand the F-values are used
to select the best regression performance.

We used a pre-programmed function of XLSTAT follogi

Y= a+(bXt+cX+dXsteX...)+ (f X3 g X2+ h X%+ i X2...)

Where A, b, c, d,...: represent the parametersan,, Xs, Xs4,...: represent the variables.

The resulting equations were:

pMICsa = -5146,432 - 25,979 + 1,785V,, + 4,252 x 10°P + 6096,303n + 1,644S -23,372d + 49,012ae +

0,102M + 3,008Log P + 2,316 x 1§°A% 7,491 x 10*V % 2,557 x 13*P? - 1803,350n° + 3,436 x 10*? -
0,290Log P?.(Equation 5)

pMICbs = 1872,319 + 12,308 - 1,794V, + 0,465P - 2295,463n - 1,550S + 65,330d- 23,490ae - 0,223M -
5,133L0g P - 1,741 10-02A2 +1,128 10-03V, > 1,125 10-04P* + 697,713n - 6,248 10-03% + 0,593Lo0g
P?.(Equation 6)

The correlation coefficient (R), coefficient of danination (R2), Mean Squared and Error (MSE) fog two
models are illustrated in table 7.

Table7: Correlation coefficient (R), Coefficient ofdetermination (R?), and Mean squared error (MSE)

PMIC o | PMIC b
Rz | 0998 | 0998
R 0.999 | 0.999
MSE | 0.0001| 0.0001

The values of predicted activities calculated frequations (5and 6), and the observed values aem givtable 9.
The correlations of predicted and observed arstitied in figure 6.
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Figure6: Correlations of observed and predicted actities calculated using MNLR

Artificial neural networks (ANN)
Neural networks (ANN) can be used to generate ptigdi models of quantitative structure-activityatsdnships
(QSAR) between a set of molecular descriptors nbthfrom the MLR and observed activity.

The correlations coefficients and Standard Errdestfmate, obtained with the Neural network (Ta®)leshow that
the selected descriptors by MLR are pertinent aatithe model proposed to predict activity is ratgv

Table8: Correlation coefficient (R) and Coefficientof determination (R?)

Samples R R’

Training 12 0,904 0,817
Validation 3 0,887 0,787
Test 2 0,801 0,641

The values of predicted activities and the obsematdes are given in table 9.

The obtained squared correlation coefficient) (Ralue confirms that the MNLR result were the hesbuild the
guantitative structure activity relationship models

In this part, we investigated the best linear QSAfression equations established in this studyedas this result,

a comparison of the quality of ACP, MLR, PLS, MNLlaRd ANN models shows that the MNLR models have
substantially better predictive capability becatigeMNLR approach gives better results than MLRSRInd ANN.
MNLR was able to establish a satisfactory relatijmdbetween the molecular descriptors and the iactof the
studied compounds.

The values of predicted activities calculated usikgN and the observed values are given in tableTl®e
correlations of predicted and observed are illtsttan figure 7.
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Figure7: Correlations of observed and predicted ad¥ities calculated using ANN

81
Available online at www.scholarsresearchlibrary.com



Tahar Laknhlifi etal J. Comput. Methods Mol. Des., 2014, 4 (3):72-83

DISCUSSION

The principle (for the two studies) is to perfonmthe first time, a main component analysis (PG#jich allows us
to eliminate descriptors that are highly correlgigebendent), then perform a decreasing study dRMased on the
elimination of descriptors (one by one) aberranil @nvalid model (including the critical probaltili p-value<0.05
for all descriptors and the model complete.

The figure 3(PCA) shows a distribution of moleculesix groups: the group 1 (Bwhich has R= NG,, the group
2 (G) variously substituted by halogens (Br and Clg ¢lioup 3 (@ which substituted by - O-GHand CH, the
group 4 (G) fluor-substitued in Rand the group 5 (§pwhich contains the rest of the compounds.

Comparison of key statistical terms like R drd® different models obtained by using differerstistical tools and
different descriptors has been shown in table 9.

Table9: Observed, predicted activities and residuaccording to different methods.

In vitro antimicrobial activity IC s values (UM)
PMIC <
Observed MLR PLS MNLR ANN

Pred. | Resid.| Pred. | Resid.| Pred. | Resid.| Pred. | Resid.
1 1.430 | 1.489|-0.059|1.543| 0.027 | 1.430| 0.000 | 1.4531| -0.0231
2 1.460 | 1.449| 0.011|1.420| 0.035| 1.460| 0.000 | 1.5019| -0.0419
3 1500 |1.491| 0.009 | 1.439| 0.030 | 1.500| 0.000 | 1.5222| -0.0222
4 1510 |1.561|-0.051|1.555| 0.027 | 1.510| 0.000 | 1.5346| -0.0246
5 2.070 |1.970| 0.100 | 1.564| 0.026 | 2.070| 0.000 | 2.0490| 0.0210
6 1.770 |1.876|-0.106| 1.471| 0.030| 1.770| 0.000 | 1.5959| 0.1741
7 1.750 | 1.593| 0.157 | 1.477| 0.030| 1.750| 0.000 | 1.6093| 0.1407
8 1.780 | 1.756| 0.024 | 1.765| 0.052 | 1.780| 0.000 | 1.7677| 0.0123
9 1.770 | 1.575| 0.195| 1.553| 0.026 | 1.770| 0.000 | 1.3932| 0.3768
10| 1.750 |1.676| 0.074| 1.552| 0.027| 1.750| 0.000| 1.6767| 0.0733
11| 1.520 |1.676|-0.156| 1.571| 0.029 | 1.520| 0.000 | 1.5108| 0.0092
12| 1.450 | 1.530|-0.080| 1.511| 0.027| 1.450| 0.000 | 1.5033| -0.0533
13| 1.780 |1.698| 0.082| 1.415| 0.034| 1.780| 0.000 | 1.6780| 0.1020
14| 1.800 | 1.824|-0.024|1.704| 0.045| 1.800| 0.000 | 1.7935| 0.0065
15| 1.490 | 1.533|-0.043|1.484| 0.030| 1.490| 0.000 | 1.5752| -0.0852
16| 1.470 |1.719|-0.249| 1.494| 0.029 | 1.470| 0.000 | 1.7418| -0.2718
17| 1.830 |1.714| 0.116| 1.512| 0.026 | 1.830| 0.000 | 1.7106| 0.1194

pMIC s

1| 2.0300 |1.872| 0.158| 1.848| 0.080 | 2.030( 0.000 | 1.7936| 0.2364
2| 2.0700 |1.974| 0.096 | 1.912| 0.103 | 2.070| 0.000 | 1.9794| 0.0906
3| 2.1000 |2.106|-0.006(1.902| 0.090 | 2.100| 0.000 | 2.0962| 0.0038
4 | 1.8100 |1.788| 0.022|1.842| 0.080| 1.810| 0.000 | 1.8503| -0.0403
5| 1.7700 | 1.790|-0.020( 1.838| 0.078 | 1.770| 0.000 | 1.8433| -0.0733
6 | 1.7700 | 1.635| 0.135|1.886| 0.090 | 1.770| 0.000 | 1.8773| -0.1073
7 | 1.4500 | 1.696|-0.246|1.882| 0.090 | 1.450| 0.000 | 1.8196| -0.3696
8 | 1.7800 | 1.794|-0.014|1.734| 0.153| 1.780| 0.000 | 1.8078| -0.0278
9| 1.7700 | 1.826|-0.056| 1.843| 0.078| 1.770| 0.000 | 1.8775| -0.1075
10| 2.0500 |2.141|-0.091|1.844| 0.079| 2.050| 0.000 | 1.8586| 0.1914
11| 1.8200 |1.854|-0.034|1.834| 0.085| 1.820| 0.000 | 1.7906| 0.0294
12| 1.7500 |1.746| 0.004 | 1.865| 0.081| 1.750| 0.000 | 1.8121| -0.0621
13| 1.7800 | 1.903|-0.123| 1.915| 0.101| 1.780| 0.000 | 1.9225| -0.1425
14| 1.8000 | 1.786| 0.014| 1.765| 0.133| 1.800| 0.000 | 1.7765| 0.0235
15| 1.7900 | 1.796|-0.006| 1.879| 0.088| 1.790| 0.000 | 1.8191| -0.0291
16| 2.0700 | 1.941| 0.129| 1.874| 0.085| 2.070| 0.000 | 1.8332| 0.2368
17| 1.8300 | 1.791| 0.039| 1.865| 0.079| 1.830| 0.000 | 1.7908| 0.0392

CONCLUSION

In this work we have investigated the QSAR regmasdd predict toxicity of several compounds basadl¢-
disubstituted-1H-naphtho[1,2-e][1,3]oxazines.

The studies of the quality of the MLR, PLS, RNLMdaANN models have shown that:
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. The PLS method gave low coefficients of determonat{R’), thus it was had no efficiency in predicting the
values of activities.

- The nonlinear regression and the neural network ABlts have substantially better predictive cdipathan
the other methods.

« With ANN approach, we have established a relatignbletween several descriptors and antimicrobitliae
values (IGy of 1,3-disubstituted-1H-naphtho[1,2-e][1,3]oxan againstaphylococcus aureus and Bacillus
subtilis ((pMICsy) and (pMIGy))in satisfactory manners.

Finally, we can conclude that studied descriptatsich are sufficiently rich in chemical, electrordod topological
information to encode the structural feature mayubed with other descriptors for the developmenpretictive
QSAR models.
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