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ABSTRACT

Alzheimer’s disease (AD) is a chronic neurodegetiezadisease. Current therapies of AD are only dpmgatic,
therefore the need for the development of new fhiesato treat Alzheimer’s disease effectively. Bl&bicyclic
heterocycles and its derivatives are potent anth&Imer agents, these compounds inlgftaimyloid (A84,). A study
of quantitative structure-activity relationship (8R) is applied to a set of 34 molecules derivethffg6-bicyclic
heterocycles, in order to predict the anti-Alzhairbmlogical activity of the test compounds andifa correlation
between the different physic-chemical parameteesddptors) of these compounds and its biologiczativity,
usingprincipal components analysis(PCA), multipleeér regression (MLR), multiple non-linear regriess
(MNLR) and the artificial neural network (ANN). Vdecordingly propose a quantitative model (non-linead
linear QSAR models), and we interpret the actioftthe compounds relying on the multivariate steidg analysis.
The topological descriptors were computed, respeltj with ACD/ChemSketch and ChemBioDraw Ultra014.
programs. A good correlation was found betweenetiigerimental activity and those obtained by MLR &idL R
respectively such as (R = 0,843 amft=R0,712) and (R = 0,870 and’R 0,758), this result could be improved with
ANN such as (R = 0,924 and R 0,853) with an architecture ANN (7-2-1). To tés¢ performance of the neural
network and the validity of our choice of descriptselected by MLR and trained by MNLR and ANN ugex
cross-validation method (CV) such as (R = 0,874 Bhdé 0,763) with the procedure leave-one-out (LOQ)isT
study show that the MLR and MNLR have served tdigiractivities, but when compared with the resgitgen by
an 7-2-1 ANN model we realized that the predictiutidled by this latter was more effective andahuetter than
other models. The statistical results indicate tiés model is statistically significant and showvesy good stability
towards data variation in leave-one-out (LOO) crestidation.

Keywords: Alzheimer’s disease, 5,6-bicyclic heterocyclessives, QSAR, PCA, MLR, MNLR ANN, CV.

Abbreviations: QSAR, Quantitative Structure-Activity RelationshifCA, Principal Component Analysis; MLR,
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Index; y, Surface Tension;D, Densityg, Polarizability;LogP,Lipophilic; HBA, Hydrogen Bd Acceptor; HBD,
Hydrogen Bond Donor; MSE, Mean Squared Error; FsHérs F-statistic; F value, Significance level; gue,
Critical Probability

INTRODUCTION
AD is a neurodegenerative disorder associated difficulties in memory, judgment, abstraction, dadguagd1].

More than 35 million people suffer from AD worldveicand the AD population may increase to more thbh 1
million by the year 2050 according to a report frAimheimers Disease Internatioffl Alzheimer’s disease (AD)
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symptoms are dementia, apraxia, aphasia, depress$iort attention span, visuospatial navigationcitsf anxiety
and delusion§3]. The majority of AD cases are sporadic, with digeanset after 65 years of ftje Key molecules
involved in AD, include the presenilins, amyloicepursor protein (APP), tau, afieamyloid[5].

Amyloid protein of 40-42 amino acids derived frond@uble section of a normal protein in the bodyPA#50-770
amino acids. The metabolism of APP is under theidameous action of three secretases (alpha, detagamma)
accordingtwo ways:

- A non-amyloidogenic pathway, under the actioralpha secretase bisecting the sequence of A-beta a@eadly
soluble fragment of APP and then under that ofjdmama secretase which cleaves the C-terminal fragme

- The amyloidogenic pathway is under the actiorbefa-secretase which cleaves APP at the beginringeo
sequence of the A-beta, and under that of the gasenegetase, which releases the free fragmentgisntyloid
peptide A-beta 42 and A-beta 40.

To inhibit the amyloidogenic pathway, the objectiveuld be to stimulate alpha secretase or inhigiailor gamma
secretagé-13].

Alzheimer’s disease (AD) is the biggest unmet madieed in neurology due to the lack of diseaseiyiod anti-
Alzheimer's drugs (DMAAD4H14]. Over the last decade;secretase emerged as a promising target for the
treatment of AIPL5]. It has been postulated that modulationyafleavage to favor the production of shorter
fragments, while not affecting totgpdevels, might be a safe approach to a diseasefyioglitherapy16].

v-Secretase activity can be controlled by the inlubiof the active site of PS1 or by interferencéhveomplex
assembly or substrate recognition, the latter tiegulin allosteric modulation or inhibition. The l@teric
mechanisms are particularly attractive targetsdfoig developmentl7], as they may produce shorter, soluble, and
non-toxic peptides (e.g.,}86—AB40) instead of the highly insoluble and neurotoxz12[18].

y-Secretase modulators (GSMs) modulate the cleavhtige APP C-terminal fragment such as C-99 to ez
ApB42 and increase the shortep fkagments (e.g., B37/38)[19].

y-Secretase modulation is more desirable than itiibfrom a therapeutic perspective and may redbeeisk of
mechanism-based toxiciti¢20]. Such compoundg-secretase modulators (GSMs), would be good catedidar
AD therapeutic$21].

Quantitative structure-activity relationship (QSAR)es to investigate the relationship between ok
descriptors that describe the unique physicochdnpicaperties of the set of compounds of interesthwheir
respective biological activity or chemical propgg,23].

In this work we attempt to establish a quantitaBtureicture-activity relationship between anti-Alzher activity of
a series of 34 bioactive molecules derived fromiiggclic heterocycles and structural descriptdisus we can
predict the anti-Alzheimer activity of this group @rganic compounds. Therefore we propose a qadintt model,
and we try to interpret the activity of these commpds based on the different multivariate statistabaalysis
methods include:

* The Principal Components Analysis (PCA) has séneclassify the compounds according to theinvitas and
to give an estimation of the values of the pertirdascriptors that govern this classification. *eTMultiple Linear
Regression (MLR) has served to select the descsipteed as the input parameters for the Multiples-hinear
Regression (MNLR) and Artificial Neural Network (AN. * The artificial neural network (ANN) which ia
nonlinear method, which allows the prediction af #ttivities.* Cross-validation (CV) to validate deds used with
the process leave-one-out (LOO).

EXPERIMENTAL SECTION

The Biological data used in this study were antihimer activity against f, (inhibition of B-amyloid. (I1Gy)), a
set of thirty-four derivatives of5,6-bicyclic heteycles. We have studied and analyzed the seriés6ebicyclic
heterocycles molecule consists of 34 selected alévias that have been synthesized and evaluatethdar anti-
Alzheimer activity in vitro against By.(in terms of -log (IGy)) [24]. This in order to determine a quantitative
structure-activity relationship between the antefdimer activity and the structure of these molkesuhat are
described by their substituents R, X and Y.
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The chemical structure of 5,6-bicyclic heterocydterepresented iRigurel.
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Figurel: The general structure of 5,6-bicyclic hetecycles

The chemical structures of 34 compounds of 5,6dlicyeterocycle sused in this study and their expental anti-
Alzheimer biological activity observed §g€Cytotoxic concentration required to inhibit framyloidAB,, than 50%)
are collected from recent publicati¢24]. The observations are converted into logarithmadestog (1Go)in molar
units (M) and are included ifiablel.

Tablel: Chemical structure and activity observed ob,6-bicyclic heterocycles derivatives againstf,

N° R X | Y | Experimental pICsiobe
1 H N N 4,70
CH3

2 7711,1' N N 6,29

F
CHy

3 ’%l N N 6,81

F
CHj

4 "5,!" N| N 6,84
F

5 7&5‘ N| N 4,79
F

6 lz”lzl' N N 4,70

7 565;/\@\ N | N 6,19
E

8 E{ini N| N 6,47
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9 ”‘i i N| N 6,94
F
'2,2‘ F
10 /U N| N 6,26
F

‘gz" Cl
Cl

12 'ﬁf\@\ N| N 5,60
CN

13 Ei/\@\ N| N 5,85
O,GH3
F

14 %/VQ/ N| N 6,21

P
15 7"',,1 N| N 5,85

16 ‘aii)‘\@ N| N 471
F
o E

17 ,1’1111 NN 572

F
9]
18 ’i"a N| N 6,31

19 ”'z,%)k/\/c“rs N| N 5,68

20 "%,l;J'LN/\‘ N| N 4,70

o 0
\S’f
21 1"&; ‘@\ N| N 5,65
F
CH;
22 7‘&,‘ ol N 6,33
F
CH,

23 ’5{‘\© o N 6,27
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24 Eiﬁx[:j\ ol N 6,45
F
1"‘":, E
25 /A\[;:]/ Ol N 6,36
F
CH,4
26 Eif\{::jx N| o 5.86
F
CH,
27 ‘IIE/H{:‘;I\ N| O 6,35
F
CH4
28 2& N| O 6,06
F
CH,
‘2 F
29 N| O 6,03
F
CHy
7%" F
30 N| O 6,27
F
F
CH,
31 "":,L N | NH 6,79
F
CH,
F
32 "5,1 N | NH 6,70
F
F
CH,
F
33 3"1 N | NH 6,91
F
F
_CHj
: F
34 E& N | NH 6,68
F
F

& plCso= -log (ICso).

Calculation of molecular descriptors

Advanced chemistry development's ACD/Chem Sketdynam was used to calculate Molecular Weight (MW),
Molar Refractivity (MR (cm)),Molar Volume (MV (cri)),Parachor(Pc (ciy), Density (D (g/cr)), Refractive
Index (n), Surface Tension(dyne/cm)) and Polarizability{ (cnt)) [25,26]
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Steric, thermodynamic descriptors are calculateéaguaCD/Chem Sketch and Chem Bio Draw Ultra 12 Qafter
optimization of the energy for each compound ughy MM2 method (force field method with GradienttBey
Root Mean Square (RMS) 0.1 kcal mp|28].

In this work 11 descriptors were chosen to desdtibestructure of the molecules constituting théesdo study: the
molecular weight (MW), the molar refractivity (MRr(’)),the molar volume (MV (cR)), the parachor (Pc(ch),
the refractive index (n), the surface tensign(dyne/cm)), the density (D (g/G, the polarizability ¢. (cnt)), the
lipophilic (LogP), the hydrogen bond acceptor (HB#d the hydrogen bond donor (HBD).

Statistical analysis
To explain the structure-activity relationship,gbel1l descriptors are calculated for 34 moleculablé2) through
software Chem Sketch and Chem Bio Draw Ultra 14.0.

Table2: The values of the 11 chemical descriptors

MW MR MV Pc n Y D Ue LogP HBA HBD
1 310,353 87,230 221,2 604,3 1,718 55,6 1,40 34,98 4961, 7 1
2 432,493 122,14 329,3 865,4| 1,668 47,6 1,81 48,42 4934, 8 0
3 446,519 126,75 345,3 904,0 1,655 46,0 1,29 50,24 9804, 8 0
4 460,546 131,36 361,4 942,6) 1,647 46,2 1,27 52,07 3975, 8 0
5 458,530 128,99 333,7 895,4 1,699 51,8 1,87 51,13 8804, 8 0
6 440,540 129,12 330,9 895,2 1,708 53,6 1,83 51,19 7224, 7 0
7 418,466 117,72 314,1 834,3 1,672 49,7 1,83 46,66 1794, 8 0
8 468,474 121,88 335,0 865,8] 1,647 44,6 1,89 48,31 8104, 10 0
9 468,474 121,88 335,0 865,8 1,647 44,6 1,89 48,31 8104, 10 0
10 436,457 117,59 317,0 834,5 1,664 48,0 1,87 46,61 3334, 9 0
11 469,366 127,05 329,8 891,8 1,696 534 1,42 50,36 1335, 7 0
12 425,485 124,37 324,0 879,9 1,698 54,8 1,81 49, 504,( 8 0
13 430,502 123,66 332,9 8844 1,665 49,8 1,29 49,02 8913, 8 0
14 432,493 122,33 330,2 872,9 1,662 48,8 1,80 48,49 45%4, 8 0
15 380,486 110,99 306,8 804,2 1,648 4711 1,24 44,00 9433, 7 0
16 432,450 118,57 311,3 840,0 1,686 52,9 1,88 47,00 1993, 8 0
17 446,476 123,18 327,4 878,6 1,676 51,8 1,86 48,83 1433, 8 0
18 460,503 127,60 342,6 909,7] 1,667 49,7 1,84 50,58 7103, 8 0
19 394,470 111,84 304,0 809,9 1,656 50,8 1,29 44,34 6322, 7 0
20 423,468 114,82 293,6 815,9 1,710 59,6 1,44 45,52 8870, 8 0
21 468,503 122,86 318,2 876,8 1,698 57,6 147 48,70 0000, 9 0
22 432,490 121,13 336,4 869,3 1,639 44,6 1,28 48,02 3205, 7 0
23 414,499 121,26 333,5 869,1] 1,647 46,11 1,24 48,07 1625, 6 0
24 418,463 116,70 321,2 838,2 1,646 46,8 1,80 46,26 0025, 7 0
25 436,453 116,57 324,0 838,4 1,638 44,7 1,84 46,21 1605, 8 0
26 432,490 121,13 336,4 869,3 1,639 44,6 1,28 48,02 1615, 7 0
27 432,490 121,13 336,4 869,3 1,639 44,6 1,28 48,02 1615, 7 0
28 446,516 125,74 352,4 907,9 1,632 44,0 1,26 49,84 6475, 7 0
29 450,480 121,00 339,2 869,5 1,631 431 1,82 47,96 319, 8 0
30 468,470 120,87 342,1 869,7| 1,624 417 1,86 47,91 4775, 9 0
31 431,505 122,79 334,6 869,9 1,655 45,6 1,28 48,68 0885, 7 1
32 481,512 127,14 356,3 908,9 1,632 42,8 1,85 50,40 8915, 9 1
33 481,512 127,14 356,3 908,9 1,632 42,8 1,85 50,40 8915, 9 1
34 481,512 127,14 356,3 908,9 1,632 42,8 1,85 50,40 8915, 9 1

The study we conducted consists of:

-The principal component analysis (PCA), the midtipnear regressions (MLR), and the non-linearresgion
(MNLR) available in the XLSTATsoftwaf29].

-The Artificial Neural Network (ANN) and the leawae-out cross validation (CV-LOO)are done on Maflalsing
a program written in C language.

The structures of the molecules based on 5,6-bacydterocycles derivatives were studied by statisimethods
based on the principal component analysis (PCA)A BCa statistical technique useful for summarizadfythe
information encoded in the structures of the conmgisu It is also very helpful for understanding thgtribution of
the compounds.

This is an essentially descriptive statistical moelt which aims to present, in graphic form, the imaxn of
information contained in the daiable2 andrable3.
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Table 3: The correlation matrix (Pearson (n)) betwen different obtained descriptors

Variables| MW MR MV Pc n Y D Oe LogP | HBA | HBD | pIC50
MW 1
MR 0,866 1
MV 0,851 | 0,916 1
Pc 0,865 | 0,986| 0,955 1

n -0,344| -0,250| -0,613 -0,378 1

Y -0,368 | -0,276] -0,62Q0 -0,36] 0,952 1

D 0,228 | -0,126] -0,314 -0,20p 0536 0,499 1

Oe 0,866 1 0916 | 0,986| -0,250| -0,276] -0,127 1

LogP 0,443 | 0,512| 0,709 0,533 -0,70 -0,883 -0,520 0,5121

HBA 0,583 | 0,239| 0,258 0,231 -0,140 -0,1y6 0,561 0,2390080] 1
7
2

HBD -0,017| -0,161] -0,061 -0,179 -0,10 -0,2p5 0,107 160, 0,139| 0,130 1
pIC50 0,488 | 0401 0,617 0,469 -0,7¢ -0,7p7 -0,267 0,400,623| 0,252| 0,180 1

The multiple linear regression statistic technigue@sed to study the relation between one dependeiable and
several independent variables. It is a mathematicrtique that minimizes differences between acndlpredicted
values. It has served also to select the descsipteed as the input parameters in the multiplelim@ar regression
(MNLR)and artificial neural network (ANN).

The (MLR) and the (MNLR) were generated to predigbtoxic effects 1G, activities of 5,6-bicyclic heterocycles
derivatives. Equations were justified by the catieh coefficient (R), the Mean Squared Error (MSig Fishers
F-statistic (F), and the significance level(F valL&9,31].

ANN is artificial systems simulating the functiohtbe human brain. Three components constituteusah@etwork:
the processing elements or nodes, the topologyeofdnnections between the nodes, and the leamliadpy which
new information is encoded in the network. Whilerthare a number of different ANN models, the nfiesjuently
used type of ANN in QSAR is the three-layered fémuvard networ{32]. In this type of networks, the neurons 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

Cross-validation is a popular technique used tdaegpthe reliability of statistical models. Based this technique,

a number of modified data sets are created byidgléh each case one or a small group of molecutesse
procedures are named respectively “leave-one-ogd™keave-some-out[33-35]. For each data set, an input-output
model is developed. In this study we used, thedeae-out (LOO) procedure.

RESULTS AND DISCUSSION

Data set for analysis

The QSAR analysis was performed using the -logg[I€&f the 34 selected molecules that have been syizitd and
evaluated for their anti-Alzheimer activity in \otragainst Bs(experimental values24]. The exploitation of
experimental data observed by the use of matheahaitd statistical tools is an effective methodfitml new
chemical compounds with high anti-Alzheimer activithe values of the 11 chemical descriptors as shiow
Table2.

The principle is to perform in the first time, a imacomponent analysis (PCA), which allows us tanelate
descriptors that are highly correlated(dependémgn perform a decreasing study of MLR based orelingination
of descriptors aberrant until a valid model (in¢hglthe critical probabilityp-value < 0.05for all descriptors and
the model complete).

Principal Components Analysis (PCA)
The totality of the 11 descriptors (variables) ecodihe 34 molecules was submitted to a principahpanents
analysis (PCA). 12 principal components were ole@ifrigure?2).

The first three axes F1, F2 and F3 contributingpeetively 52.2 %, 20.9 % and 13.7 % to the totalarae, the
total information is estimated to a percentage68%o.
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Figure2: The principal components and there varianes

The Pearson correlation coefficients are summaiiizéidde above Table3. The obtained matrix providésrmation
on the negative or positive correlation betweernabdes. The principal component analysis (PCA) e@sducted to
identify the link between the different variabl€orrelations between the 11 descriptors are showirable3 as a
correlation matrix and iffigure3 these descriptors are represented in a correletiole.

Variables (axes FletF2: 73,11 %)

0,75

0,5

0,25

F2 (20,87 %)

-0,25

-0,5

-0,75

-1 47 05 0.2 0 0,25 0,5

F1(52,23 %)

0,75 1

F3 (13,70 %)

Variables (axes F1 et F3: 65,93 %)
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-0.5

-0,75

-0,25 0 0,25 05 0,75 1

F1(52,23 %)

Figure3: Correlation circles

(MR, o) are perfectly correlated (r=1).

ae, MV and Pc are highly correlatedft.( MV) = 0,916, r e, Pc) = 0,986).

(y) and (n)are highly correlatedf, (n) = 0,952).
The following variables then removed are;) @nd (n).

Multiple Linear Regression (MLR)

In order to propose a mathematical model linking tlescriptors and activity, and to evaluate quatitély the
substituent's physicochemical effects on the dgtivi the totality of the set of these 34 molecpespresented the
data matrix which is the corresponding physicoclwaimvariables different substituent’'s from 34 moles to a
multiple linear regression analysis. This methoeduthe coefficients R, RMSE and the F-values to select the best
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regression performance. Where R is the correlataefficient; R is the coefficient of determination; MSE is the
mean squared error; F is the Fisher F-statistic.

Treatment with multiple linear regression is mocewrate because it allows you to connect the sirakctescriptors
for each activity of 34 molecules to quantitativelyaluate the effect of substituent. The selectedrigors are:

MW, MR, MV, Pc, vy, DandHBD.
The QSAR model built using multiple linear regress{(MLR) method is represented by the following &ipn:
pIC somr= - 34,488- 0,1981W - 0,208MR - 0,36(MV + 0,268c-1,15+ 71,43M + 0,67HBD

N = 34R = 0.843R=0.712 F=09.182 MSE = 0.170 Equation 1)

Higher correlation coefficient and lower mean sedagrror (MSE) indicate that the model is moreatdé. And the
Fisher's F test is used. Given the fact that tiobaduility corresponding to the F value is much $enahan0.05 it
mean that we would be taking a lower than 0.01% in assuming that the null hypothesis is wrorgeréfore, we
can conclude with confidence that the model dogairsignificant amount of information.

The elaborated QSAR model reveals that the antivditmer activity could be explained by a numberagfaiogic
factors. The negative correlation of the MolecWéeight (MW), the Molar Refractivity (MR),the Mola¥olume
(MV)and the Surface Tensiony)(with the ability to displace the 5,6-bicyclic betcycles activity reveals that a
decrease in the value of py-While the positive correlation of the descript¢Parachor (Pc), Density (D) and
Hydrogen Bond Donor (HBD)) with the ability to dlape the 5,6-bicyclic heterocycles activity revetidat an
increase in the value of pig

With the optimal MLR model, the values of predictactivities pICs, y g Calculated from equationl and the
observed values are givenTable4. The correlations of predicted and observed di&are illustrated ifigure4.
The descriptors proposed in equationl by MLR w#rerefore, used as the input parameters in theiptedtnon-
linear regression (MNLR) and artificial neural netk (ANN).

The correlation between MLR calculated and expemialeactivities are very significant as illustratedFigure4
and as indicated by R and falues.

Y =0,996X + 0,01

pIC50 MLR

T T T T T T T T T T
4,5 5,0 55 6,0 6,5 7,0

plC50 Obs

Figure4: Correlations of observed and predicted adgtities calculated using MLR
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Table4: The observed, the predicted activities (plé), according to different methods MLR, MNLR, ANN and CV for the 34 derivatives
of 5,6-bicyclic heterocycles

N° | pICsoob: | PICsomr | PICsomnir | PICsoann | PICsccy

1 4,700 4,587 4,716 4,688 4,689
2 6,290 6,177 6,236 6,284 6,331
3 6,810 6,390 6,384 6,284 6,70(
4 6,840 6,567 6,677 6,749 6,74(
5 4,790 5,476 5,279 4,856 5,686
6 4,700 5,179 4,944 4,690 5,234
7 6,190 6,038 6,040 6,108 6,243
8 6,470 6,389 6,592 6,284 6,374
9 6,940 6,389 6,592 6,284 6,284
10 6,260 6,298 6,206 6,272 5,994
11 6,900 5,888 5,951 6,283 6,59(
12 5,600 5,202 5,375 5,585 4,72(
13 5,850 6,099 6,105 6,284 6,093
14 6,210 5,731 5,910 6,284 5,787
15 5,850 6,130 6,107 6,284 6,17(
16 4,710 5,499 5,617 4,689 4,90(
17 5,720 6,137 6,081 6,284 5,65(
18 6,310 6,276 6,237 6,290 6,28(
19 5,680 5,591 5,337 5,710 5,21(
20 4,700 4,556 4,331 4,688 4,26(
21 5,650 5,825 6,044 5,647 5,77(
22 6,330 6,185 6,134 6,284 6,104
23 6,270 6,155 6,346 6,284 6,144
24 6,450 6,508 6,316 6,284 6,113
25 6,360 6,690 6,466 6,284 6,31(
26 5,860 6,185 6,134 6,284 6,09(
27 6,350 6,185 6,134 6,284 6,15(
28 6,060 6,283 6,461 6,302 5,86(
29 6,030 6,252 6,223 6,284 6,14(
30 6,270 6,167 6,190 6,248 6,21(
31 6,790 6,375 6,560 6,759 6,57(
32 6,700 6,939 6,834 6,795 6,674
33 6,910 6,939 6,834 6,795 6,561
34 6,680 6,939 6,834 6,795 6,363

Multiples Non-Linear Regression (MNLR)

We have used also the technique of nonlinear reigmesmodel to improve thestructure-activity relaship to
guantitatively evaluate the effect of substitudle have applied to the data matrix constituted amisly from the
descriptors proposed by MLR corresponding to thendfecules. The coefficients R2Rand the F-values are used
to select the best regression performance. We aipee-programmed function of XLSTAT following:

Y =a+ (bX, + X + dXg + Xy ...) + (FXZ + gX2 + hXs? + iX4% ...)

Where a, b, ¢, d...represent the parameters andaXXs, X,...: represent the variables. The resulting equations
pICsomnig= 110,979— 0,200W +2,923 MR - 1,533V +0,28%¢-3,053 y- 20,206 D+ 0,561 HBD +1,076E-
04MW )% 1,252E-02IR )*+7,759E-04 MV )?+1,027E-02f)*+ 22,360 D)?

N = 34R = 0.870R= 0.758MSE = 0.195 Equation 2)

With the optimal MNLR model, the values of predittactivitiesplCso ynr Calculated from equation2 and the
observed values are given in Table4. The correlatad predicted and observed activities are ilatstt inFigureb.

The correlation between MNLR calculated and expental activities are very significant as illustchie Figure5
and as indicated by R and falues.
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Y =0,997X + 0,009

plC50 MNLR

4,0 ; ; . ; . ; . ; . ;
45 50 55 6,0 6,5 7,0

pIC50 Obs

Figure5: Correlations of observed and predicted actities calculated using MNLR

Artificial Neural Networks (ANN)

In order to increase the probability of good cheazation of studied compounds, artificial neuratworks (ANN)
can be used to generate predictive models of gatimé structure-activity relationships (QSAR) beem a set of
molecular descriptors obtained from the MLR, andesbed activity. The ANN calculated activities mbdere
developed using the properties of several studedpounds. Some authdi36,37] have proposed a parameper
leading to determine the number of hidden neureviich plays a major role in determining the bestMN
architecture defined as follows:

p = (Number of data points in the training set /Sunof the number of connections in the ANN)

In order to avoid over fitting or under fitting, ik recommended thdt8 <p < 2.3[38]The output layer represents
the calculated activity values pJ&The architecture of the ANN used in this work2-1), p =1.8

The values of predicted activiti@$C 5o any Calculated using ANN and the observed values mengn Table4. The
correlations of predicted and observed activitiesildustrated irFigure6.

The correlation between ANN calculated and expembaleactivities are very significant as illustratedFigure6
and as indicated by R and falues.

Y =0,998X + 0,007
7,09

6,5

o
[=]
1

pIC50 ANN
o
o
1

5,0

4,5

45 5,0 55 6,0 6,5 7,0
pIC50 Obs

Figure6: Correlations of observed and predicted adtities calculated using ANN
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N = 34R = 0.924R = 0.853

The obtained squared correlation coefficienf) (Ralue confirms that the artificial neural netwadsult were the
best to build the quantitative structure activitlationship models.

It is important to be able to use ANN to predict #ctivity of new compounds. To evaluate the pragiability of
the ANN models,LLeave-one-outis an approach particularly well adapted to tegneation of that ability.

Cross Validation (CV)

To test the performance of the neural network dedvalidity of our choice of descriptors selectsdMLR and
trained by MNLR and ANN, we used cross-validatioethod (CV) with the procedure leave-one-out (LO®@this
procedure, one compound is removed from the dajahsenetwork is trained with the remaining compas and
used to predict the discarded compound. The prasgspeated in turn for each compound in the data

In this paper the ‘leave-one-out’ procedure wasluseevaluate the predictive ability of the ANN.

The values of predicted activitigdCsq cy calculated using CV and the observed values arengn Table4. The
correlations of predicted and observed activitiesildustrated irFigure?.

The correlation between CV calculated and experiateactivities are very significant as illustratiedFigure?7 and
as indicated by R and’Ralues.

Y =0,982X + 0,009

pIC50 CV

4,0 . ; . ; . ; . ; . ;
45 5,0 55 6,0 6,5 7,0

pIC50 Obs

Figure7: Correlations of observed and predicted adtities calculated using CV

N = 34R = 0.874R = 0.763

The good results obtained with the cross validatghrows that the model proposed in this paper ls @mbpredict
activity with a great performance, and that theseld descriptors are pertinent.

The results obtained by MLR and MNLR are very sudint to conclude the performance of the modeler&¥it is
possible that this good prediction is found by a®awe can claim that it is a positive result. $& model could be
applied to all derivatives of 5,6-bicyclic heterotys accordingly to Tablel and could add furthesvidedge in the
improvement of the search in the domain of antib&imer agents.

A comparison of the quality of MLR, MNLR and ANN miels shows that the ANN models have substantially
better predictive capability because the ANN apphogives better results than MLR and MNLR. ANN vedde to
establish a satisfactory relationship between tbkeaular descriptors and the activity of the stddiempounds. A
good correlation was obtained with cross validatRyy= 0.874 So the predictive power of this model is very
significant.The results obtained in this study, wad that models MLR, MNLR and ANN are validated,ieth
means that the prediction of the new compoundsasilble.
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CONCLUSION

In this study, three different modelling methodd, R MNLR and ANN were used in the construction dQ8AR
model for the anti-Alzheimer agents and the resgltnodels were compared. It was shown the artifiogaural
network ANN results have substantially better prédé capability than the MLR and MNLR, yields agression
model with improved predictive power, we have elighled a relationship between several descriptodsthe anti-
Alzheimer activity in satisfactory manners. The doesults obtained with the cross validation C\oveh that the
model proposed in this paper is able to predidvigtwith a great performance, and that the seléaescriptors are
pertinent.

The accuracy and predictability of the proposed ef®dvere illustrated by the comparison of key stathl terms
like R or R of different models obtained by using differerstistical tools and different descriptors has bseswn
in Table4. It was also shown that the proposed aukthare a useful aid for reduction of the time aodt of
synthesis and activity determination of anti-Alzher agents (compounds based on 5,6-bicyclic hetelex
derivatives).

Furthermore, we can conclude that studied descsptohich are sufficiently rich in chemical and odggical
information to encode the structural feature andeha great influence on the activity may be useth wther
descriptors for the development of predictive QSA8&dels.

Previous studies QSAR already performed on the sssheof 5,6-bicyclic heterocycles using cross \alizh,
obtained a correlation coefficierR (= 0.845 [39]. In this study the correlation coefficient obtairfeom the MLR
(Rwr = 0.843, by using a variety of descriptors, is very imtpot and this coefficient improved by using MNLR
and ANN respectivelRynir = 0.870Q and Rann = 0.929 so the proposed model is very significant and its
performance is tested by cross-validation method Ry} = 0.874.

Thus, grace to QSAR studies, especially with theNAiNat has allowed us to improve the correlatiotwleen the
observed biological activity and that predicted, ca@ enjoy the performance of the predictive posfehis model
to explore and propose new molecules could beactiv
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